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Abstract 

Knowing the statistical power of an empirical analysis after it is completed can be very 

useful. Among other things, it can help one determine whether a finding of statistical 

insignificance is due to a small effect size or insufficient statistical power. This thesis consists 

of five studies linked together by my attempts to study how best to calculate ex post statistical 

power. Chapter One provides an introduction and the background for this thesis. In Chapter 

Two, I detail what is meant by statistical power (including ex ante and ex post power) and why 

it is important to researchers. I also identify the various factors that affect statistical power. 

Chapter Three explains why ex post power has a “bad reputation.” A common practice for 

calculating ex post power employs an inappropriate method known as “observed power.” 

“Observed power” uses the estimated effect size as the assumed true effect size and then 

calculates the associated power. Though widely used, this method has been demonstrated to 

produce biased estimates of statistical power (Yuan & Maxwell, 2005). I present two 

approaches for calculating ex post power suggested by researchers to avoid the problems of 

“observed power”.   

Chapter Four begins by replicating a recent paper by Brown, Lambert and Wojan (2019). 

BLW use a bootstrapping procedure to calculate ex post power and apply it to a benefit-cost 

analysis of a U.S. conservation program. I reproduce BLW’s results. I call their method for 

calculating ex post power BLW1. I then propose a variant of their method, which I call BLW2. 

I use Monte Carlo experiments to compare both methods in a simple data environment where 

there is no clustering. 

In Chapter Five, I detail two more methods for calculating ex post power. The first 

procedure is taken from a blog post by David McKenzie and Owen Ozier (2019). I call this 

approach the SE-ES Method (for Standard Error – Effect Size). I then propose yet another 

variant of the BLW method, BLW3, which uses a wild-cluster bootstrap for handling clustered 
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data. Chapter Five subjects all four methods to an extensive set of Monte Carlo experiments to 

assess their reliability in calculating ex post statistical power. I find that the SE-ES method is 

superior to BLW’s method (BLW1, BLW2 and BLW3) and has good overall performance.  

Chapter Six applies the SE-ES method to a set of 23 development studies that were funded 

by the International Initiative for Impact Evaluation (3ie), a non-profit organization that 

supports research on ways to help the poor in low- and middle-income countries. I analyze the 

ex post power of these studies and explore factors that may be responsible for differences 

between ex ante and ex post statistical power. Chapter Seven concludes this thesis. It provides 

an overview of my chapters, as well as a summary of my main findings. 
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Chapter 1. Introduction 
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1.1 Background 

It is well known among empirical scientists that statistical insignificance is not 

sufficient to establish the lack of an effect. A failure to reject the null hypothesis of no effect 

may be the result of low statistical power when an important effect actually exists. This could 

arise, for example, if the sample size were very small, causing the standard error of the 

estimated parameter to be relatively large. In this case, “accepting” the null hypothesis of no 

effect would be wrong. This can be called the dilemma of the non-rejected null hypothesis. 

What should we do when we fail to reject a hypothesis? Statistical power analysis provides a 

solution to this dilemma. When statistical power is large enough, a finding of statistical 

insignificance can be reasonably interpreted as establishing a null, or only very small, effect.  

The probability of detecting an effect in the presence of a true effect is defined as 

statistical power. Statistical power is the likelihood that an empirical analysis will provide a 

statistically significant result when there is a non-zero, true effect (Cohen, 1988). Statistical 

power is related to the null hypothesis significance test (NHST). Because of the controversies 

surrounding NHST, researchers are increasingly relying on statistical power to compensate for 

NHST's inadequacies. The p-value tests all the assumptions about how the data were generated 

(the entire model), not just the targeted hypothesis it is supposed to test (such as a null 

hypothesis). For example, if the p-value is greater than significance level, then it can be said 

that the null hypothesis is not rejected and the result is not significant. 

The purpose of hypothesis testing is to determine if there is enough quantitative 

evidence surrounding a parameter to substantiate a belief or hypothesis. Statistical power is not 

a replacement for NHST. Rather, it is a source of extra information regarding the phenomena 

under study (Fagley, 1985). In NHST, the researcher's goal is not to “prove” the hypothesis, 

but rather to test one or more erroneous hypotheses. He generally wants to “reject” these 
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erroneous hypotheses and therefore “prove” that the thing under investigation exists (Fisher, 

1936). 

Statistical power depends on, among other things, the significance level (𝛼𝛼), the sample 

size (N), and the effect size (ES). The importance of power analysis arises from the fact that 

most empirical research in the social and economics sciences proceeds by formulating and 

testing a hypothesis that the researchers hope to reject. A typical null hypothesis is that a 

population product-moment correlation, r, is zero, to be tested at the two-sided (𝛼𝛼) .05 level. 

When this 𝐻𝐻0 is tested on a sample of N cases randomly drawn from a population in which r 

indeed equals zero, researchers risk mistakenly rejecting the 𝐻𝐻0 when it is true. This is known 

as Type I error, whose rate (.05) is controlled by the 𝛼𝛼 criterion. They also risk mistakenly not 

rejecting the 𝐻𝐻0 as tenable when it is false. This is known as Type II error, whose probability 

is represented by 𝛽𝛽. Power is defined as 1 – 𝛽𝛽. It is the probability of rejecting 𝐻𝐻0 when it is 

false. 

Statistical power analysis exploits the mathematical relationship among four variables 

in statistical inference: power, 𝛼𝛼, N, and ES. The relationship is such that when any three of 

them are fixed, the fourth is determined. In more complicated experiments, other variables will 

need to be considered. For example, in clustering experiments, power will also depend on how 

N is distributed among clusters and individuals per cluster, as well as the intra-cluster 

correlation. In designs using multiple periods, power will also depend on the autocorrelation in 

the outcome. 

 Statistical power analysis is most commonly applied in two cases: One is the 

determination of the sample size (N) that is necessary to attain a specified degree of power to 

detect as significant (at specified 𝛼𝛼) a hypothesized ES. This form of power analysis is used in 

research planning to get the sample size before the experiment is begun. The second is the main 

purpose of my thesis: using statistical power analysis to address the dilemma of the non-
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rejected null hypothesis.  Is an insignificant estimate the result of the fact that there is no effect, 

or because the study had too little statistical power? 

1.2 Motivation and research questions of my study 

3ie is a non-profit, international NGO that promotes evidence-based development 

policies and programmes. They are a global leader in funding and producing high quality 

evidence on what works in international development, how it is done, why it is done, and at 

what cost. As part of the grant application process, they require applicants to undertake a power 

analysis to demonstrate that their proposed research has sufficient power to identify an 

economically significant effect. They also require researchers to provide the data and code used 

to generate the estimates in the final report. Completed projects are asked to be “push button 

replicable”. This means that researchers should be able to use the provided data and 

programming code to exactly replicate the results of the completed study. 

My supervisor, Professor Bob Reed, arranged with 3ie to provide me with data, 

programming code and pre-study power calculations for 23 research projects. I subsequently 

made ex post power calculations for these twenty-three projects. With that ultimate goal in 

mind, my research focused on how to calculate the ex post power of these projects.  

Previous research has used a method of calculating ex post power commonly referred 

to as 'observed power', but there is a growing awareness of the shortcomings of this method. 

Observed power is an unbiased estimate of the true power only if the true power is 50%. 

Observed power is a biased whenever true power is not equal to 50% (Yuan & Maxwell, 2005). 

Moreover, regardless of the true power, the distribution of observed power is very wide and 

very imprecise. This also shows that using observed power to calculate ex post power is 

unreliable. Observed power is too imprecise in practice to be useful. 

Recently, Brown, Lambert and Wojan (BLW) proposed a method to calculate ex post 

power and to distinguish between insignificance caused by lack of statistical power and 
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insignificance caused by the effect size being negligible. To demonstrate their method, BLW 

compute the statistical power for a study done by the United States Economic Research Service 

(ERS) in a 2004 report to Congress on the economic impact of the Conservation Reserve 

Program (CRP). In their analysis, the ERS tested whether agricultural programs encouraging 

the removal of environmentally vulnerable land from production led to decreased employment 

in farm-dependent counties. The analysis found a statistically insignificant relation between 

land reduction by CRP and changes in employment. I have made a replication of their paper. I 

have also improved their method of calculating ex post power using bootstrapping, and have 

proposed the BLW2 method, and compared it with the original BLW method (BLW1) to see 

which method is more accurate in calculating ex post power. 

The data used by BLW in their paper are cross-sectional data. While the 3ie projects 

also used cross-sectional data, they have the additional complication of being clustered because 

the associated field experiments were conducted in villages or communities. It is 

straightforward to extend BLW1 and BLW2 for clustered data. However, I go further by 

developing two new methods for calculating ex post statistical power.   

The first is a further improvement on BLW1 and BLW2. It uses the wild cluster 

bootstrap to resample residuals that are clustered. The wild cluster bootstrap was proposed in 

Cameron, Gelbach and Miller (2008) and further investigated in Djogbenou, MacKinnon, and 

Nielsen (2018).  Roodman et al. (2019) provide a user-written command for implementing the 

procedure in Stata.  Since my application of this method uses the same structure as BLW’s 

original method, I call this method BLW3.      

The other method is something I call the SE-ES (for “Standard Error-Effect Size”) 

method. I found this method discussed in the weblog, “Why ex-post power using estimated 

effect sizes is bad, but an ex-post MDE is not”, by David McKenzie and Owen Ozier, 

Development Impact, May 16, 2019. This approach is very different from BLW. It does not 
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involve bootstrapping. Rather, it substitutes the estimated standard error for the true standard 

error and calculates statistical power accordingly.  

To select the best method to calculate the ex-post power for the 3ie project, I performed 

Monte Carlo simulations of the BLW1, BLW2, BLW3 and SE-ES methods in different data 

environments. In each case, I simulated data such that the true power was 80%, then compared 

the different methods on both bias and precision. The SE-ES method was found to be the best, 

so I chose this method to calculate ex post power for the estimates from 3ie’s 23 projects.  

The 23 cases cover a wide range of regions and topics. These include the 5 Star Toilet 

Campaign in India to help people improve their health, the Youth Livelihood Programme (YLP) 

in Uganda to help young people find employment and improve their incomes, support for 

micro- and small enterprises in Chile, support for irrigation projects for local farmers in 

Rwanda, and financial support for the local palm oil industry in Sierra Leone, among others.  

Some of the 23 projects provided more than one estimate for power analysis, so that 

my final sample consisted of 49 estimates. For each of the estimates, I compared their ex ante 

power claims with the corresponding ex post power estimates. When they differed, I attempted 

to explain why. This completed the final piece of the puzzle of my thesis research. 

1.3 Structure of the thesis 

In my thesis, I will have five chapters addressing statistical power analysis. Chapter 

Two specifies the basic concepts of statistical power, its determinants, and why researchers 

need to study it. Despite the fact that many scientists have researched statistical power, power 

analysis is still underutilized (Maxwell et al., 2004; Rossi, 1990; Sedlmeier & Gigerenzer, 

1989). Prior to the experiment, this will have a direct impact on the size of the sample size 

chosen by the researcher. When a study's sample size is too small, it may be impossible to 

identify any actual changes in outcomes across groups. Such research might be a waste of 

money. Researchers should strive for a sufficient sample size from the planning stage of an 



7 
 

experiment to guarantee that the study has a high possibility of finding a statistically significant 

effect should one exist.  

Chapter Three describes what ex post power is and why the commonly used method 

"Observed power" is flawed as a measure of ex post statistical power (Goodman & Berlin,1994; 

Hoenig & Heisey, 2001; Lenth, 2001; Levine & Ensom, 2001; McKenzie, 2012; Lakens, 2021). 

My research identified two approaches for calculating ex post power. The first study was 

Brown, Lambert and Wojan (2019) who proposed a bootstrapping procedure to calculate ex 

post power. To demonstrate their method, BLW calculated the statistical power of a study done 

by the US Economic Research Service (ERS) in a 2004 report to Congress on the economic 

impact of the Conservation Reserve Program (CRP). The second method is based on a weblog, 

"Why using ex post facto power to estimate effect sizes is bad, but ex post facto MDEs are 

not," by David McKenzie and Owen Ozier, Development Impact, May 16, 2019. I expanded 

these two basic methods to four empirical procedures for calculating ex post power, which I 

call BLW1, BLW2, BLW3 and SE-ES. 

Chapter Four studies BLW's method to assess how reliable it is. I find that using their 

R code and simulations, I get exactly the same results as they published in their paper. Rather 

than using the program code provided by the authors, one could also try writing the code from 

scratch based on the description in their paper (Coupé, 2018). When I rewrite their code in 

Stata, I get nearly identical results. Finally, even when using an alternative bootstrap 

methodology or including a constant in their regression model, the computed power remains 

very close to BLW’s numbers. Hence, I conclude that BLW can be replicated successfully. 

Chapter Five tests how all four methods perform in simulated “real-world” situations. 

I explore both simple and complex data cases. The simple case consists of a linear data 

generating process with spherical errors. The complex case incorporates several types of non-

spherical error behaviours. Non-spherical errors are a common phenomenon in the real-world 
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data. Associated behaviours include heteroscedasticity and clustered errors. In this chapter, I 

simulate both simple (spherical errors) and complex (non-spherical errors) data to assess the 

performance of these methods. I compare BLW1, BLW2, BLW3, and SE-ES across hundreds 

of Monte Carlo experiments. I find that the SE-ES method produces the smallest bias and the 

greatest precision, making it the best method for calculating ex post power. 

Chapter Six evaluates 23 completed projects that are funded by 3ie and compared their 

ex post power with the ex ante power claimed by the studies. My primary interest was to 

determine whether researchers on average tended to over- or under-estimate the statistical 

power of their studies. Where I found differences, I further analyzed whether these were due 

to differences between planned clusters and actual clusters, or differences in assumed ICC and 

actual ICC. Overall, I find that my ex post power estimates are generally in line with the 

researchers’ ex ante claims. To be clear, I am basically comparing whether the MDE 

determined ex-ante is similar to that calculated ex post – not whether this MDE is reasonable 

to expect in the first place. 

Average ex post power was 75.9%, compared to an average value of ex ante power of 

80.8%. About half of the ex post power estimates exceeded the ex ante power values. 

Chapter Seven provides an overall summary of the main findings and a conclusion of my 

research. 

1.4 Contribution of the research 

Ex post statistical power is a valuable research tool that can be used to complement null 

hypothesis significance testing (NHST). While scientists have long recognized the value of ex 

ante power calculations in planning research, there does not currently exist a reliable method 

for calculating ex post power. My research makes a contribution in this area. 
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Firstly, I replicate BLW’s method for calculating ex post statistical power.  I then extend 

their method to clustered data and propose two variants of their method that use different 

bootstrapping procedures. I also modify an approach suggested by McKenzie and Ozier and 

apply it estimating ex post statistical power. I call this approach the SE-ES method. When I 

compare all four methods, I find that the SE-ES method is less biased and more precise. Based 

on my experimental results, I recommend that it be used in subsequent research when 

calculating ex post power.  

A final contribution of my thesis is that I calculated ex post power for 23 development 

economics projects provided by 3ie. I found that my estimates of ex post power were, on 

average, close to the claims of the original grant applications. Where there were differences, I 

was able to relate these to differences in planned and actual clusters, and differences in the 

assumed and actual correlations of observations within clusters (ICC). This latter result 

highlights the importance of getting these parameters correct when designing field 

experiments.  
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Statistical power is the probability of detecting an effect if there is a true effect present 

to detect. The first systematic statistical power analysis was conducted by Jacob Cohen in 1962 

(Cohen, 1962). Cohen is also recognized as the individual attributed with making researchers 

aware of the technique and the importance of power analysis (Cohen, 1992). Since then, 

statistical power has been increasingly recognized as an important component of the 

statistician’s toolkit. The concept of statistical power is closely related to null hypothesis 

statistical testing (NHST).   

2.1 Null hypothesis significance testing (NHST) 

Null hypothesis significance testing (NHST) is the most widely accepted and frequently 

used approach for statistical inference in quantitative research. NHST is a combination of the 

concepts of significance testing developed by Ronald Fisher in 1925 and Jerzy Neyman and 

Egon Pearson in 1928. I illustrate the approach with an example where a researcher wants to 

test whether a treatment has an effect. They select two groups of individuals and apply the 

treatment to one of them. To test whether the treatment has an effect, they imagine that these 

two groups are random samples from two populations, one which has received the treatment 

and one which has not. The researcher begins by selecting an alpha level, conventionally set at 

α = 0.05, to establish their decision rule (Greenland et. al., 2016; Lieber, 1990). They then set 

up the test by assuming the treatment does not have an effect and the mean outcomes between 

two groups in the population do not differ. This is called the null hypothesis.  

The alternative hypothesis is that the treatment does have an effect. To test if the 

treatment has an effect, the researcher measures the difference in some outcome between the 

two groups in the samples. They then calculate a “p-value”, where the “p-value” is the 

probability of observing an outcome that is at least as extreme as the difference observed 

between the two groups, assuming that the null hypothesis is true. If the p-value is less than α, 

the researcher rejects the null hypothesis and the alternative hypothesis is accepted (the 
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opposite of the null hypothesis is there are differences between groups). If the p-value is greater 

than α, the test is inconclusive. 

This formulation of the NHST has been confusing and controversial. It is important to 

note that the p-value is not the probability of the null hypothesis (H0) being true (Krzywinski 

& Altman, 2013). It is a test of the data. That is, a researcher should reject or fail to reject that 

the data come from a population in which the null hypothesis is true. To put it in mathematical 

terms, p-value is the probability of obtaining a value of a test statistic, say, T, as large as the 

one obtained, T*, conditional on the null hypothesis being true: p(|T|> T* | H0). That is not the 

same as the probability that the null hypothesis is true, conditional on the sampled T value, 

p(H0 | T*). When people believe that the p-value is the probability that the null hypothesis is 

true and (1 minus p-value) is the probability that the alternative hypothesis is true, they are 

totally wrong (Nickerson, 2000). However, scientists frequently commit this mistake in 

practice. A second confusing point of NHST concerns how to interpret a failure to reject. 

Failing to reject the null hypothesis does not mean acceptance. In both cases, confusion is 

centered around the misinterpretation of the p-value as a measure of the probability that the 

null hypothesis is true.   

Neyman & Pearson (1933) attempted to avoid some of these confusions by providing 

a decision framework based on long-run probabilities. In their framework, researchers run the 

risk of making two types of errors. Type I error consists of rejecting the null hypothesis when 

it is true. Type II error is accepting the null hypothesis when it is false. Their decision rule 

consisted of calculating the long-run probabilities of these two types of errors. The decision-

maker would then make the decision that represented the best trade-off between these two types 

of errors. Note that this approach to statistical inference differs markedly from Fisher’s 

approach, which uses the p-value to test the null hypothesis (Pernet, 2015). Under Fisher’s 

original formulation, there is no alternative hypothesis. Testing is focused solely on the null 
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hypothesis. Type I error and Type II error comprise the cornerstone of Cohen's concept of 

statistical power. As such, I will next discuss both types of errors in detail. 

2.2 Type I error and Type II error 

TABLE 2.1 lays out possible outcomes associated with the Neyman-Pearson decision 

framework. First, the null hypothesis can be true or false. Second, I can choose to accept or 

reject the null hypothesis. This leads to four conditional decisions, two of which are correct 

and two of which are incorrect. For example, suppose the treatment is receiving a vaccine and 

the outcome is contracting a virus. I make the following decision rule:  I decide to take the 

treatment/get vaccinated if I reject the null hypothesis; and not take the treatment/not get 

vaccinated if I accept the null.  

Suppose the null hypothesis is true; i.e., vaccinated and unvaccinated people are no 

different in their likelihood to contract the virus. If I accept the null hypothesis, choosing not 

to get vaccinated, I have made the correct decision. If I reject the null hypothesis and decide to 

get vaccinated, I have made the wrong decision. Rejecting the null hypothesis when it is true 

is known as a Type I error. A test result that rejects the null hypothesis when it is true is known 

as a "false positive" (cf. TABLE 2.2).  

Another possibility is that the null hypothesis is false. For example, suppose the vaccine 

is effective, making it less likely that people will catch the virus. In this case, if I reject the null 

hypothesis, I have made the right decision. However, if I accept the null hypothesis and decide 

not to get vaccinated, I have made the wrong decision. Accepting the null hypothesis when it 

is wrong is known as a Type II error. A test result that fails to reject the null hypothesis when 

it is false is known as a "false negative" (cf. TABLE 2.2). 

α is the assigned, pre-test probability of making a Type I error. A common value for α 

= 5%. When p < α=5%, it is common to declare that the estimate is “significantly different 

from H0”. The logic underlying this statement is this: If the true value of the parameter were 
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equal to H0, the estimated parameter would have a p-value < α only 5% of the time. Since that 

is a low probability, the true value of the parameter probably isn’t equal to H0. As should be 

clear, NHST embodies the Neyman-Pearson paradigm, which encompasses both Type I and 

Type II errors (and power), in contrast to Fisher’s emphasis on the observed p-value.. Statistical 

power, on the other hand, is related to Type II error.  

FIGURE 2.1 provides a visualization of the relationship between Type I and Type II 

errors. In Panel A and Panel B, I show probability density function (pdf) curves representing 

two distributions of sample t-statistics, one assuming the null hypothesis distribution is true 

and one assuming the null hypothesis is false. The red curve is the t-distribution associated 

with the null hypothesis, indicated by it having a mean value of 0. The blue curve is the t-

distribution associated with the alternative hypothesis, as indicated by it having a mean value 

of 3.  

FIGURE 2.1A demonstrates Type I error (𝛼𝛼). Here I set degrees of freedom equal to 

1000 and 𝛼𝛼 equal to 0.05, implying critical values for t equal to -1.9623 and 1.9623. Whenever 

sample t < -1.9623 or sample t > 1.9623, the null hypothesis will be rejected. The red shaded 

areas identify the probability of if H0 is true. The sum of the two red-shaded parts in FIGURE 

2.1A equals 𝛼𝛼, with each section equal to 𝛼𝛼/2.  

FIGURE 2.1B demonstrates Type II error (β). Type II error is defined by the blue curve 

and the bounds t = -1.9623 and t = 1.9623. Type II error (β) is represented by the blue-shaded 

part between t = -1.9623 and t = 1.9623. Over this range of t values, the null hypothesis is not 

rejected. This results in a wrong decision because the null hypothesis is false. Thus the blue 

area represents the probability of committing a Type II error. 

I now explain the relationship between Type I and Type II error. Suppose Type I error 

is decreased, say 𝛼𝛼 is lowered from 10% to 1%.  FIGURE 2.2A shows the situation when alpha 

= 0.1. As before, I set degrees of freedom to 1,000, this time leading to critical t values of -
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1.6463 and 1.6463. Type II error is defined by the area of the blue t-distribution that lies 

between these two values.  

In FIGURE 2.2B, I decrease alpha to 0.01. If I keep degrees of freedom the same at 

1000, the new critical values for the t-distribution are -2.5807 and 2.5807. The area of the blue 

t-distibution that lies between these two values is greater than the area that lies between 1.6463 

and 1.6463. In other words, decreasing the probability of making a Type I error has increased 

the probability of making a Type II error. In general, holding other things constant, decreasing 

(increasing) the probability of Type I error (𝛼𝛼), increases (decreases) the probability of Type II 

error (β). 

2.3 Statistical power 

Statistical power is simply 1-𝛽𝛽 , the logical negative of a Type II error. It is the 

probability of not committing a false negative (Kraemer & Thiemann, 1987; Lieber, 1990). 

FIGURE 2.3 demonstrates the relationship between Type II error and statistical power. As 

before, the horizontal axis represents sample t values. 

In FIGURE 2.3, the red curve represents the t-distribution associated with the null 

hypothesis (indicated by μ = 0), and the blue curve represents the t-distibution associated with 

the alternative hypothesis (indicated by μ = 3). If the alpha value is set to 0.05 and degrees of 

freedom = 1000, the critical t-values are -1.9623 and 1.9623. The area of the blue curve between 

these two values is the probability of a Type II error (𝛽𝛽). In this particular case, 𝛽𝛽 = 15%, This 

is illustrated in FIGURE 2.3A. Statistical power is calculated as 1 - 𝛽𝛽. which in this case is 1- 

15% = 85%. This is illustrated in FIGURE 2.3B. A comparison of the two figures shows how 

Type II error and power are related. 

There are three main determinants of statistical power: alpha, the effect size, and the 

standard error of the estimated treatment effect. In this next section I show how each of these 

affects statistical power. FIGURES 2.4-2.6 are divided into two panels, top and bottom. Panel 
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A represents the situation before the change, Panel B represents the result after the respective 

parameter is increased. For each of the panels in these figures, the blue-shaded areas measure 

statistical power.   

 Alpha 

 In FIGURE 2.4A, alpha = 1%, the effect size associated with the alternative hypothesis 

= 3, and the standard error of the estimated effect size = 1. Given these values, the associated 

power = 66%. This result is calculated by the R program in the appendix to this chapter. If 

alpha increases to 5%, holding other factors constant, statistical power increases to 85%. 

FIGURE 2.4B illustrates this change. Comparing FIGURE 2.4A and FIGURE 2.4B, it is easy 

to see that the blue-shaded area has become larger as a result of alpha increasing. Intuitively, 

increasing alpha makes it easier to reject the null hypothesis when the null hypothesis is false. 

 Effect size 

 FIGURE 2.5A reproduces the situation from FIGURE 2.4B, where alpha = 5%, the 

effect size = 3, and the standard error of the estimated effect size = 1. The associated statistical 

power = 85%. FIGURE 2.5B shows the change in power when the mean of the t-distribution 

associated with the alternative hypothesis increases to 4. In this case, statistical power increases 

to 98%. Comparing FIGURE 2.5A and FIGURE 2.5B, the increase in the mean of the blue 

curve has shifted the curve to the right, so that more of its area lies to the right of the critical 

value of 1.9623. The result is that the blue-shaded area has become larger. Intuitively, 

increasing the effect size associated with the alternative hypothesis makes it easier to reject the 

(incorrect) null hypothesis. 

 The standard error of the estimated treatment effect 

 In previous cases, we assumed that the standard error of the estimated effect size = 1. 

Thus the distribution of sample t values corresponding to a population treatment effect of 3 
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would have mean t value = 3. We now show the effect of increasing the standard error of the 

estimated treatment effect.  

 FIGURE 2.6A represents the situation where alpha = 5%, the effect size = 3, and the 

standard error of the estimated treatment effect is 1. The associated statistical power is 85%. If 

the standard error of the estimated effect increases to 2 while the effect of the treatment remains 

equal to 3, the mean of the distribution of sample t values will decrease to 1.5. This is 

represented in FIGURE 2.6B. Notice the critical t values associated with the null hypothesis 

remain at -1.9623 and 1.9623. In this case, statistical power decreases to 32%.  

 Comparing FIGURE 2.6A and FIGURE 2.6B, the effect of increasing the standard error 

of the estimated effect shifts the blue curve to the left. Larger standard errors, leading to smaller 

t values, makes it more difficult to reject the null hypothesis for a given effect size. Lower 

rejection rates mean that we will reject the null hypothesis when it is false less frequently, 

lowering statistical power. Intuitively, if the standard error of the estimated treatment effect 

increases, then the treatment effect will be estimated less precisely. That lowers the likelihood 

of obtaining a significant estimate, resulting in decreased power.  

These three factors alpha, effect size, and standard error of the estimated treatment 

effect, all affect statistical power. By convention, when designing experiments, researchers 

usually choose a power of 80%. This follows a recommendation by Cohen (1988). If a study 

has statistical power equal to 80%, it means that the test has an 80% probability of obtaining a 

statistically significant estimate if the assumed effect size is correct. Stated differently, the 

probability of not estimating a significant effect – that is, the probability of making a Type II 

error – is 20%. Likewise, if researchers set power = 90%, the probability of making a Type II 

error falls to 10%.   
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2.4  The common use of statistical power 

Before undertaking an experiment, a researcher should ensure that their experiment has 

sufficient power to identify an effect if it exists. As noted above, one of the factors that affects 

statistical power is the standard error of the estimated treatment effect. The main way a 

researcher can decrease the standard error of the estimated treatment effect and increase 

statistical power is by increasing sample size.  This is an example of an “ex ante” use of 

statistical power.  

 An important element in the determination of an appropriate sample size is the 

variability of the outcome variable. In general, the greater the variability of the outcome 

variable, the larger the sample size needed to attain a given level of statistical power. Thus, 

researchers need to be able to accurately estimate the variability of the outcome variable before 

an experiment is run. This can be done by drawing on estimates from previous similar studies, 

pilot work, or experimental observations. 

I give an example of how this is done in practice. This example comes from Djimeu & 

Houndolo (2016). It details how researchers can use 𝛼𝛼, statistical power (1-𝛽𝛽), the standard 

error of the estimated effect (s.e.), and effect size (ES) to determine the sample size (N) needed 

for an experiment. A team of researchers is planning an experiment to determine if an 

apprenticeship program will increase the annual earnings of youth in Kisumu, Kenya. Due to 

budget constraints, the researchers want to use as small a sample size as possible.  

According to the pilot study, the researchers expect the difference between the treatment and 

control groups (effect size-ES) to be 426 Kenyan shillings. The standard error of the 

estimated effect equals 2400 Kenyan shillings. Of the total sample, half will be assigned to 

the treatment group and half will be assigned to the control group. The research team is 

unsure of the direction of the effect, so they choose to use a two-sided hypothesis test. They 

set the significance level (𝛼𝛼) at 0.05 and decide to use a statistical power of 80%.  
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Equation (2.1) is the formula they will use for their calculation: 

 𝐸𝐸𝐸𝐸 = �t1−α2,𝑣𝑣 + t1−β,𝑣𝑣� × 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  (2.1) 

ES : Effect size (the difference between the treatment and control groups) 

α : Rate of Type I errors (false positives) for a two-sided test (Typically in social science, α = 

5%) 

v : Degrees of freedom  

t1−𝛼𝛼2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

β :  Rate of Type II errors (false negatives) 

1- β : Statistical power  

t1−β,𝑣𝑣 : The critical value of the relevant t-distribution  
 

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : The standard error of the estimated effect 

In this experiment the experimental and control groups were allocated in a certain 

proportion P, have the same variance, and are selected from the same subjects. A simple 

random sampling method was used. The link between the standard error of the estimated 

effect and the variance of the outcome is given in Equation (2.2)： 

 
𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  = �𝜎𝜎𝑦𝑦2

𝑁𝑁
∙ 1
𝑃𝑃(1−𝑃𝑃)

 (2.2) 

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : The standard error of the estimated effect 

N : Sample size  

𝜎𝜎𝑦𝑦2 : Variance of the outcome  

P : Proportion of individuals randomly assigned to the treatment group  

Equation (2.3) can be deduced from Equation (2.1) and Equation (2.2): 
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𝑁𝑁 = 

1
𝑃𝑃(1−𝑃𝑃)

⋅ 𝜎𝜎𝑦𝑦2

(𝐸𝐸𝐸𝐸)2
⋅ (t1−α2,𝑣𝑣 + t1−β,𝑣𝑣)2 (2.3) 

N : Sample size  

𝜎𝜎𝑦𝑦2 : Variance of the outcome  

ES : Effect size  

P : Proportion of individuals randomly assigned to the treatment group  

t1−𝛼𝛼2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t1−β,𝑣𝑣 : The critical t-value for a two-sided test of statistical power under the degrees of 

freedom v 

v : Degrees of freedom 

This example has the following parameter values: P = 0.5 and ES = 426 Kenyan 

shillings. This yields a corresponding sample size N=1000. Thus, the experiment should be 

prepared with a sample size of at least 1000, without taking into account sample attrition, in 

order to be able to meet the objective of the experiment. 

Note researchers usually set the statistical power (1-𝛽𝛽) to 80%. To further explain why 

the power is set to 80%. I will make some changes to the power to check how the sample size 

changes in the example above. The first time I change the power to 85% to see how the sample 

size changes. From the Equation (2.3),  t1−𝛼𝛼2 ,𝑣𝑣  = 1.96, t1−β,𝑣𝑣  = 1.036, 𝜎𝜎𝑦𝑦2= 24002  Kenyan 

shillings, P = 0.5 and ES = 426 Kenyan shillings, which yields sample size N=1143.  

The second time I increase the power to 90%, t1−𝛼𝛼2,𝑣𝑣 = 1.96, t1−β,𝑣𝑣 = 1.282, keep other 

parameters the same, P = 0.5 and ES = 426 Kenyan shillings. This yields a sample size N=1334. 

If I next change the power to 95%,  t1−𝛼𝛼2 ,𝑣𝑣 = 1.96, t1−β,𝑣𝑣 = 1.645, keep other parameters the 

same, P = 0.5 and ES = 426 Kenyan shillings, sample size N=1651. 
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 The first time the power rose from 80% to 85% and the sample size increased by (1143-

1000)/1000 = 14.3%. The second time the power rose from 80% to 90% and the sample size 

increased by (1334-1000)/1000 = 33.4%. The third time the power rose from 80% to 95%, the 

sample size increased by (1651-1000)/1000 = 65.1%. So the sample size grows faster than the 

power. A very high power will require a very large sample size. Cohen (1988) conducted a 

large number of experiments and recommended 80% as an appropriate power level so that there 

is both sufficient evidence to verify the reliability of the results of the experiment and, at the 

same time, avoidance of excess waste of experimental resources by using too large a sample 

size. 

2.5 Another common use of the statistical power 

Another common use of statistical power analysis occurs when the sample size is fixed 

and cannot be changed. In that case, statistical power analysis is useful for determining the 

smallest effect size corresponding to a given power level. This is known as the minimum 

detectable effect (MDE). With regard to this use of statistical power, my starting point for 

calculating the minimum detectable effect (MDE) is Equation (2.4): 

 𝑀𝑀𝑀𝑀𝐸𝐸 = �t1−α2,𝑣𝑣 + t1−β,𝑣𝑣� × 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  (2.4) 

MDE : The minimum detectable effect  

α : Rate of Type I errors (false positives) for a two-sided test (Typically in social science, α = 

5%) 

v : The degrees of freedom  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

β :  Rate of Type II errors (false negatives) 
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1- β : Statistical power  

t1−β,𝑣𝑣 : The critical t-value for a two-sided test of statistical power under the degrees of 

freedom v 

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : Standard error of the estimated effect  

In general, the value of 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  is taken from pilot data. If pilot data are unavailable, 

researchers assume the 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  based on similar experiments that they have performed. If 

they have no data, they will use appropriate literature values (Lieber, 1990). 

Suppose a researcher is conducting an experiment and -- having settled on a value for 

statistical power --wants to find the minimum detectable effect associated with that power. The 

degrees of freedom are 10,000. Given a significance level 𝛼𝛼 = 0.05, then t1−α 2�
= 1.96. If the 

statistical power (1- β) is set to 80%, t1−β,𝑣𝑣 = 0.84.  Using pilot data, 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  is assumed 

equal to 100. In this case, MDE = (1.96+0.84) ×  100 = 280. 

Below is an example taken from a project funded by the International Initiative for 

Impact Evaluation (3ie) to illustrate this second use of statistical power (Field & Pande, 2018). 

The researchers estimated MDE for different outcomes (in standard deviations) using the 

following Equation (2.5): 

 
𝑀𝑀𝑀𝑀𝐸𝐸𝐸𝐸 ≈ 𝑀𝑀𝐽𝐽−𝐾𝐾(�𝜌𝜌𝑠𝑠𝑠𝑠(1 − 𝑟𝑟𝐶𝐶2)/𝑃𝑃(1 − 𝑃𝑃)𝐽𝐽 + (1 − 𝜌𝜌𝑠𝑠𝑠𝑠)(1− 𝑟𝑟𝐼𝐼2)/𝑃𝑃(1 − 𝑃𝑃)𝑛𝑛𝐽𝐽)

∗ (1/(𝑐𝑐 − 𝑠𝑠)) 

(2.5) 

The first term, 𝑀𝑀𝐽𝐽−𝐾𝐾  is a multiplier determined by the chosen ex ante power, level of 

significance, and degrees of freedom for the hypothesis test. This example set power = 80%.  

 The second term is the standard error of the estimator. This is a very long term because 

the actual case the authors wanted to study included a situation where the experimental 

participants were clustered, and the experimental and control groups were not equal in size. 

The third term accounts for imperfect compliance with the treatment assignments. The values 
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for each parameter are presented below, with descriptions, where applicable, of how these 

values were estimated.  

 As there are a large number of parameters in Equation (2.5), I will only select some 

important ones for illustration purposes. The following is an excerpt from the report's ex ante 

power proposal, where note that kappa = power:  

• “M=2.85,  𝑀𝑀𝐽𝐽−𝐾𝐾  is equal to the sum of the (two-tailed) critical values for a) a t-

distribution with probability of alpha and J-b-v-1 degrees of freedom, and b) a t-

distribution with probability of 1-kappa and J-b-v-1 degrees of freedom. The 2.85 value 

is calculated based on 120 randomization units. 

• J = 120, J is the number of randomization units (in this case, financial access service 

areas).  

• K = 5, K is the number of village-level covariates to be included in regressions.  

• N = 44, N is the number of individuals sampled per service area. Each survey area has 

a targeted population of roughly 10,000, of which we draw a random sample of roughly 

44%. This results in an average of 44 sampled households per service area. We assume 

that we will typically include five covariates……𝜌𝜌 = [0, .023], mean = .002.   

• 𝜌𝜌 is the intra-class correlation at the service area level. This parameter was estimated 

by outcome for a set of potential outcome variables based on the baseline and midline 

survey. For each outcome, we ran ANOVA on pair-demeaned individual level 

economic and demographic variables from the baseline and midline survey. This 

method of generating 𝜌𝜌 takes into account the correlation which will be captured by the 

pairwise matching design which will be used in the final analysis.” 

In summary, the authors calculate MDE by first using Equation (2.4) to calculate  𝑀𝑀𝐽𝐽−𝐾𝐾, and 

then adjust that value for different experimental settings by substituting different parameters 

into Equation (2.5) to better match the actual experimental setting.  
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From this example one can see that it is not easy to set the values of parameters required 

to determine N or MDE. Many variables and data structures need to be assumed/estimated to 

calculate the values of N or MDE necessary to achieve a given level of statistical power. It 

requires very specific knowledge about the joint distribution of the variables and the nature and 

distribution of the (unobserved and unobservable) error terms. A slight inaccuracy in the 

prediction of the parameters can potentially have a large impact on the calculation of N or MDE. 

This might cause ex ante power to be a misleading measure of the actual power of an 

experiment. For this reason, there is much interest in being able to come up with reliable 

measures of the actual power applicable to a given experiment. An estimate of statistical power 

after an experiment has been run is known as “ex post” power. 

2.6 Warning! A Potential Problem in the Calculation of Statistical Power 

It should be noted that Equation (2.1) is only valid when power is large. If power is 

relatively small, like 10%, this equation will produce incorrect N and MDE values. As can be 

seen in the previous figures, the calculation of statistical power only uses one tail of the t-

distribution. For large values of power, this approximation is suitable. However, for very small 

values of power, this approximation fails. 

FIGURE 2.7 illustrates the problem. Here I suppose an extreme case, where the effect 

size for the alternative hypothesis is negligibly close to 0. Equation (2.1), which is the standard 

formula for calculating statistical power, only looks at the blue-shaded area in the right tail of 

the t-distribution. It ignores the blue-shaded area in the left tail. If the effect size were larger, 

so that the distribution of t-values corresponding to the alternative hypothesis shifted to the 

right, the blue-shaded area in the left tail would vanish. But for small effect sizes, Equation 

(2.1) will underestimate power.  

This is never likely to be a problem when it comes to calculating N or MDE for actual 

experiments because no researcher would design an experiment with power this low. But 
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Equation (2.1) can be a problem when using Monte Carlo experiments to study statistical 

power. To avoid this problem, I have written an R program that uses both blue-shaded areas to 

calculate statistical power. It can be found in the appendix. 

2.8 Ex post power 

Ex post power refers to the calculation of statistical power after the researcher has 

conducted the experiment. The main reason to calculate ex post power is to check whether the 

actual power of an experiment achieved the power for which the experiment was designed. 

Actual power can differ from ex ante power for many reasons, such as normal sample attrition, 

missing data, etc. When determining the required sample size before the experiment, it is 

necessary to assume the values of ES and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� . These values typically come from pilot 

data or are drawn from the literature. If there is a large discrepancy between the assumed value 

and the true value, it can potentially lead to a large discrepancy between ex post and ex ante 

power.  

There is no generally accepted procedure for how to calculate statistical power after a 

regression has been estimated. I found two methods that were recently suggested. One is from 

a recent paper in a journal. The other is from a weblog. The first method is presented in Brown, 

Lambert & Wojan (2019), henceforth BLW. They propose a “bootstrapping” approach to 

calculate ex post power.  

Let there be a set of Y observations (the dependent variable) and a set of X observations 

(the independent variable). If we regress Y on X, residuals are generated. For example, suppose 

there are 50 Y observations and 50 X observations. The regression of Y on X will produce 50 

residuals. New Y values are created by shuffling (“bootstrapping”) these residuals. The new Y 

values are then regressed on the X values to obtain a new set of estimates. The coefficient of 

interest is then checked for statistical significance. This process is then repeated 999 times, 

each time recording whether the respective coefficient is significant. Ex post power is 
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calculated as the number of significant estimates divided by 1000. For example, if the 

coefficient of interest is statistically significant in 600 of the 1000 regressions, then ex post 

power is 60%.  

The second method is taken from the weblog, “Why ex-post power using estimated 

effect sizes is bad, but an ex-post MDE is not”, by David McKenzie and Owen Ozier, 

Development Impact, May 16, 2019. For reasons that will become apparent, I call this method 

the SE-ES method (for “Standard Error-Effect Size”). The SE-ES method comes from the 

following Equation (2.6): 

 t
power，𝑣𝑣

=  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   −t1−α2,𝑣𝑣 (2.6) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

Equation (2.6) is a straightforward re-arrangement of Equation (2.1). It allows one to 

directly solve for power as a function of α, ES, and the estimated value of 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� . As there 

might be some confusion, I will now explain how this formula relates to earlier figures which 

show power as the blue-shaded area to the right of the upper critical t value, such as in 

FIGURES 2.4-2.6.  

The top panel of FIGURE 2.8 represents the kind of figure we have seen before. The 

blue curve shows the distribution of sample t-values that corresponds to the alternative 

hypothesis. In this case, the mean of the t-distribution lies between 0 and the positive, two-

tailed critical value that corresponds to the null hypothesis. The blue-shaded area to the right 
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of that critical value represents the probability of rejecting the null hypothesis when the 

alternative hypothesis is true. It measures statistical power. 

The mean of this distribution is 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�  , where 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  is the estimated standard 

error of estimated effect size. t1−α2,𝑣𝑣 is the positive, two-tailed critical value that corresponds 

to the null hypothesis. In this example, 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   −t1−α2,𝑣𝑣 = 1.5. Because the t-distribution is 

symmetric, the blue-shaded area in the top panel is equal to the blue-shaded area in the 

bottom panel. The probability of this area is given by 𝜙𝜙𝜐𝜐(1.5), where 𝜙𝜙𝜐𝜐 is the cumulative 

distribution function (cdf) for the t-distribution with υ degrees of freedom. In this case, 

𝜙𝜙𝜐𝜐(1.5) = 0.93.  

The SE-ES method thus works like this: Given a value for ES and an estimate of 

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� , one calculates 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   − t1−α2,𝑣𝑣. Ex post power is given by 𝜙𝜙𝜐𝜐 �
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�−

t1−α2,𝑣𝑣�. FIGURE 2.8 represents the case where 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   − t1−α2,𝑣𝑣 > 0. FIGURE 2.9 

illustrates the case where 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   − t1−α2,𝑣𝑣 < 0.  

A minor complication arises when calculating v (degrees of freedom) for clustered 

data. For example, when one uses Stata software to estimate a regression, the respective 

degrees of freedom are stored in the regression object e(df_r). For OLS, e(df_r) = N-k-1 

(sample size minus the number of estimated slope coefficients - 1). For clustered data, 

however, e(df_r) = G -1, where G is the number of clusters (Cameron & Miller, 2015).  

2.9 Conclusion 

The use of statistical power is becoming more and more widespread. This chapter 

introduced the concept of statistical power, identified the key factors that affect power, 
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illustrated how it has been used to design experiments, and discussed recent methods for 

estimating ex post power. The thesis proceeds by using Monte Carlo experiments to study the 

performance of these methods.  
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2.11 Appendix 
 
 
 
 
 
 

TABLE 2. 1 Statistical errors related to the null hypothesis 
 
 

 
 
NOTE: The null hypothesis states that there is no effect of vaccines on virus or that the effect 
of the experimental group is equal to the effect of the control group. 
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TABLE 2. 2 Interpretation of statistical error 
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FIGURE 2. 1 Type I error and Type II error 
A. Type I Error 

 
B. Type II Error 

 
NOTE: Inputs parameters in the code are mu0 = 0 , alpha=0.05, ES=3, se=1, and df=1000.  
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FIGURE 2. 2 The trade-off between Type I and Type II Error 

A. Type I Error = 0.10 

 
B. Type I Error = 0.01 

 
NOTE: Inputs parameters in the code are mu0 = 0 , alpha=0.1 or 0.01, ES=3, se=1, and df=1000. 
Blue shade represents the Type II error. 
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FIGURE 2. 3 The relationship between Type II Error and power 

 
A. Type II Error = β 

 
B. Power = 1-β 

 
 
NOTE: Inputs parameters in the code are mu0 = 0, alpha=0.1 or 0.05, ES=3, se=1, and df=1000. 
In Panel A, blue shade represents the Type II error. In Panel B, blue shade represents the 
statistical power. 
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FIGURE 2. 4 The effect of increasing Alpha on Power 

 
A. Alpha = 0.01 

 
B. Alpha = 0.05 

 
 

NOTE: Inputs parameters in the code are mu0 = 0, alpha=0.1 or 0.05, ES=3, se=1, and df=1000. 
Blue shade (power) in Panel A is 66%, and Blue shade (power) in Panel B is 85%. 
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FIGURE 2. 5 The effect of increasing effect size on power 

 
A. Effect size = 3 

 
 

 
 

B. Effect size = 4 

 
NOTE: Inputs parameters in the code are mu0 = 0, alpha = 0.05, ES=3 or 4, se=1, and df=1000. 
Blue shade (power) in Panel A is 85%, and Blue shade (power) in Panel B is 98%. 
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FIGURE 2. 6 The effect of increasing the standard error of the estimated treatment 

effect on power 
 

A. Standard Error of the Estimated Treatment Effect = 1 

 
 

B. Standard Error of the Estimated Treatment Effect = 2 

 
NOTE: Inputs parameters in the code are mu0 = 0, alpha = 0.05, ES=3, se=1 or 2, and df=1000. 
Blue shade (power) in Panel A is 85%, and Blue shade (power) in Panel B is 32%. 
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FIGURE 2. 7 An example of how Equation (2.6) leads to an incorrect calculation of 
statistical power (𝜽𝜽 = 𝟎𝟎) 

 

 
NOTE: Inputs parameters in the code are mu0 = 0, alpha= 0.05, ES=0, se=1, and df=1000. 
Higher bound is 1.96 and lower bound is -1.96. Both left-hand tail and left-hand tail blue 
shading areas represent the ex post power. Blue shading area (power) is 5%. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

𝛽𝛽 
Equation(6) 
only calculates 
this part 

The left tail is 
ignored  
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FIGURE 2. 8 Relationship between Previous Illustrations of Power and Equation (2.6): 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   − t1−α2,𝑣𝑣 > 0 

 
A. Previous illustration of power 

 
 

 
 
 

B. Blue shaded area the same as Panel A 

  
 

 
NOTE: Inputs parameters in the code for Panel A are mu0 = 0, alpha= 0.05, ES=3.46, se=1, 
df=1000, and higher bound is 1.96. The blue shading area in Panel A is 93%. The size of area 
in Panel B is 𝜙𝜙(1.5) = 93%. The blue area in Panel B can actually be seen as a flip of the blue 
shading area in Panel A along the axis of symmetry. They are the same. 

 

𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)��   −t1−α2,𝑣𝑣= 1.5 

𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)��   −t1−α2,𝑣𝑣= 1.5 
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FIGURE 2. 9 Relationship between Previous Illustrations of Power and Equation (2.6): 
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   − t1−α2,𝑣𝑣 < 0 

 
A. Previous illustration of power 

 
 
 
 
 

B. Blue shaded area the same as Panel A 

 
 

NOTE: Inputs parameters in the code for Panel A are mu0 = 0, alpha= 0.05, ES=1, se=1, 
df=1000, and higher bound is 1.96. The blue shading area in Panel A is 17%. The size of area 
in Panel B is 𝜙𝜙(−0.96) = 17%. The blue area in Panel B can actually be seen as a flip of the 
blue shading area in Panel A along the axis of symmetry. They are the same. 

𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)��   −t1−α2,𝑣𝑣=−0.96 

𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)��   −t1−α2,𝑣𝑣=−0.96 
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2.12 Code sources 
 

I will place the R language code for generating all graphs in the space below, I do this 

for two purposes, the first purpose being to allow the reader to refer directly to the code if they 

have questions about what I have done that are not covered in the text. The second purpose is 

to demonstrate that I will use replicable practices in my thesis research. I plan to post all my 

codes on a shared site such as OSF after I finish my thesis.  

1. rm(list = ls())   
2. ## -------------------------- ##   
3. ## An R Function that Shades  ##   
4. ## under a normal density.    ##   
5. ##                            ##   
6. ## This is a convenience      ##   
7. ## function for polygon()     ##   
8. ## -------------------------- ##   
9.    
10. shadenorm = function(below = NULL,   
11.                      above = NULL,   
12.                      pcts = c(0.025, 0.975),   
13.                      mu = 0,   
14.                      sig = 1,   
15.                      numpts = 500,   
16.                      color = "red",   
17.                      dens = 40,   
18.                      lines = FALSE,   
19.                      between = NULL,   
20.                      outside = NULL) {   
21.   if (is.null(between)) {   
22.     bothnull = is.null(below) & is.null(above)   
23.     if (bothnull == TRUE) {   
24.       below = ifelse(is.null(below), qnorm(pcts[1], mu, sig), below)   
25.       above = ifelse(is.null(above), qnorm(pcts[2], mu, sig), above)   
26.     }   
27.   }   
28.      
29.   if (is.null(outside) == FALSE) {   
30.     if (is.numeric(outside) == FALSE) {   
31.       if (outside == TRUE) {   
32.         outside = qnorm(pcts, mu, sig)   
33.       }   
34.     }   
35.     below = min(outside)   
36.     above = max(outside)   
37.   }   
38.      
39.   lowlim = mu - 4 * sig   
40.   uplim  = mu + 4 * sig   
41.      
42.   x.grid = seq(lowlim, uplim, length = numpts)   
43.   dens.all = dnorm(x.grid, mean = mu, sd = sig)   
44.      
45.   if (lines == FALSE) {   
46.     plot(   
47.       x.grid,   
48.       dens.all,   
49.       type = "l",   
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50.       xlab = "t",   
51.       ylab = "Density",   
52.       col = color   
53.     )   
54.   }   
55.      
56.   if (lines == TRUE) {   
57.     lines(x.grid, dens.all, col = "blue")   
58.   }   
59.      
60.   if (is.null(below) == FALSE) {   
61.     x.below    = x.grid[x.grid < below]   
62.     dens.below = dens.all[x.grid < below]   
63.     polygon(c(x.below, rev(x.below)),   
64.             c(rep(0, length(x.below)), rev(dens.below)),   
65.             col = color,   
66.             density = dens)   
67.   }   
68.      
69.   if (is.null(above) == FALSE) {   
70.     x.above    = x.grid[x.grid > above]   
71.     dens.above = dens.all[x.grid > above]   
72.     polygon(c(x.above, rev(x.above)),   
73.             c(rep(0, length(x.above)), rev(dens.above)),   
74.             col = color,   
75.             density = dens)   
76.   }   
77.      
78.      
79.      
80.   if (is.null(between) == FALSE) {   
81.     if (is.numeric(between) == FALSE) {   
82.       if (between == TRUE) {   
83.         between = qnorm(pcts, mu, sig)   
84.       }   
85.     }   
86.     from = min(between)   
87.     to   = max(between)   
88.        
89.     x.between    = x.grid[x.grid > from & x.grid < to]   
90.     dens.between = dens.all[x.grid > from & x.grid < to]   
91.     polygon(c(x.between, rev(x.between)),   
92.             c(rep(0, length(x.between)), rev(dens.between)),   
93.             col = color,   
94.             density = dens)   
95.   }   
96. }   
97.    
98. ## ----------------------- ##   
99. ## SET Parameters here     ##   
100. ## ----------------------- ##   
101.    
102. mu0   = 0     ## Null-hypothesized Value   
103. alpha = 0.05  ## Significance Level   
104. ES = 3 ## Effect size   
105. se = 2   ## SE beta hat after the Regression   
106. df = 1000       ## Degrees of Freedom (dfr)   
107.    
108.    
109. ## ----------------------- ##   
110. ## Computing and Graphing  ##   
111. ## Statistical Power       ##   
112. ## ----------------------- ##   
113.    
114. theta =  abs(ES / se)   
115. n  = df + 1   ## Sample Size   
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116. var = se * se * n ## Variance   
117.    
118. ## -------------------------- ##   
119. ## What is Statistical Power? ##   
120. ## -------------------------- ##   
121.    
122. ## ------------------------------ ##   
123. ## Write a Function to Compute it ##   
124. ## ------------------------------ ##   
125.    
126.    
127. crit.l = qt(alpha / 2, df = df)    ## Critical Value Based on Null   
128. crit.h = qt(1 - alpha / 2, df = df)  ## Critical Value Based on Null   
129. pr.high = 1 - pt(crit.h - theta, df = df) ## Prob Reject High   
130. pr.low  = pt(crit.l - theta, df = df)                 ## Prob Reject Low   
131. pow = pr.low + pr.high   
132. crits = c(crit.h, crit.l)    ## Critical Values Based on Null   
133. shadenorm(mu = mu0, sig = 1, outside = crits) ## My own function   
134. shadenorm(   
135.   mu = theta,   
136.   sig = 1,   
137.   lines = TRUE,   
138.   outside = crits,   
139.   col = "blue"   
140. )   
141. abline(v = 0, col = "red")   
142. abline(v = theta, col = "blue")   
143. abline(v = crit.h, col = "black")   
144. text(   
145.   x = crit.h - 0.2,   
146.   y = 0.4,   
147.   labels = "crit l",   
148.   col = "black"   
149. )   
150.    
151. pow   
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Research comes with many challenges. One of these challenges is understanding and 

evaluating research findings. This is particularly true with respect to interpreting inferential 

statistics. When the observed differences are not statistically significant, investigators may 

inappropriately conclude that a treatment has no effect (Hoenig & Heisey, 2001). Ex post 

power is a tool designed to address this problem. Ex post power is a useful but often 

misunderstood concept.  

Ex post power refers to the statistical power obtained after the researcher has conducted 

the experiment, had the data from the experiment, and has made calculations from these data. 

Unlike ex ante power, which is designed to ensure that an experiment is sufficiently resourced 

to detect an effect if it exists, the purpose of ex post power is to check whether the experimental 

results conform to the pre-experimental design and to help the researcher better interpret the 

experimental results. However, the previous misunderstanding and application of ex post 

power has led to some distrust and even opposition to its use in the scientific community. So 

how people use ex post power wrongly and how to calculate ex post power correctly is what 

needs to be clarified in this chapter. I first discuss how a common approach for estimating ex 

post power is wrong. 

3.1 How Not to Calculate Ex Post Power 

As mentioned before, ex post power is the calculated power when both N, ES and 𝛼𝛼 are 

determined. An ES will correspond to an ex post power. However, it is difficult to obtain the 

true value of ES because the researchers do not know what the true ES is. So a sample will be 

taken and the estimated value of ES will be used as a proxy for the true ES. When people use 

estimated effect size (𝐸𝐸𝐸𝐸� ) or what is called observed effect size, they make a common mistake 

regarding ex post power. Many scholars have pointed out the problems with this approach 

(Goodman & Berlin,1994; Hoenig & Heisey, 2001; Lenth, 2001; Levine & Ensom, 2001; 
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Lakens, 2021). The power obtained by using the estimated effect size (𝐸𝐸𝐸𝐸� ) is called observed 

power, and I will explain its problems in detail below. 

The formula for calculating ex post power is Equation (3.1). As noted above, when 

power is small, this formula will be wrong. However, because the powers I consider in the next 

examples are relatively large, I use Equation (3.1) as the correct formula for calculating power: 

 t
power，𝑣𝑣

=  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)��   −t1−α2,𝑣𝑣 (3.1) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)��  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

As in the case of solving for the sample size corresponding to a given power level, the 

first step consists of positing an effect size. Thus, the problem becomes one of determining 

the statistical power associated with estimating a given effect size (ES). We obtain the value 

of 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  directly from the estimated regression. Given a significance level, 𝛼𝛼, usually 

0.05, the t-value for ex post power could be directly calculated. In turn, the ex post power is 

solved.  

Since the researchers do not know the true ES, they use the estimated effect size (𝐸𝐸𝐸𝐸� ) 

to substitute, as in Equation (3.2): 

 
t
power，𝑣𝑣

=  𝐸𝐸𝐸𝐸�

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�   −t1−α2,𝑣𝑣 (3.2) 

𝐸𝐸𝐸𝐸�  : Estimated effect size  
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𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for observed power 

The problem with using Equation (3.2) to calculate an equation’s statistical power is 

that an equation with a single true power can produce estimated equations that have a wide 

range of “observed powers”. Trying to work backwards from the “observed power” to the true 

power is highly unreliable. Here I give an example. 

In order to compare the difference between observed power and true power, I will fix a 

true power, where I set the size of the parameters to make the true power 50%. Since effect 

size and power are in one-to-one correspondence, that is, if you enter an effect size, there will 

be a power corresponding to it. I set an example with the data generating process (DGP): Y = 

1000+3.92X + error, where error ~ N(0, 𝜎𝜎2), and 𝜎𝜎 = 100.  I create 10,000 observations, with 

half receiving the treatment (X=1) and half not (X=0). In order to achieve a true power of 50%, 

I set the true effect size to 3.92. According to Equation (3.1), by rearranging it, Equation (3.3) 

can be derived. 

 𝐸𝐸𝐸𝐸 =   (𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 + 𝑡𝑡1−𝛼𝛼2,𝑣𝑣) × 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�   (3.3) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)��  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 
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t
power，𝑣𝑣

 : The critical t-value for ex post power 

If true ex post power is 50%, then when v=9998, 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 is 0. And 𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 is 1.96 when 

v=9998. The degrees of freedom v are 9998 because there are a total of 10,000 observations 

and one X (independent) variable, so that 𝑣𝑣 =  𝑛𝑛 −  (𝑘𝑘 + 1) =  10,000 − (1 + 1) = 9998. I 

set the standard error of the estimated effect size to be 2. Substituting into Equation (3.3), we 

can get the true effect size as 3.92, which corresponds to 50% of the ex post power. Why is the 

true value of the standard error of estimated effect size equal to 2? 

It is easy to complete the conversion from the variance of the error term to the standard 

error of the estimated effect. Therefore, in Equation (3.4), 

 
𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� = � σ2

∑(xi−x�)2
× 𝑁𝑁−1

𝑁𝑁−2
 (3.4) 

𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��: The standard error of the estimated effect 

𝜎𝜎2: The variance of the error term 

∑(xi − x�)2 : The sum of squared deviations 

N : Sample size 

Because observations with half receiving the treatment (X=1) and half not (X=0), 

X={0,1}, 𝑋𝑋�  = 0.5, (𝑋𝑋 − 𝑋𝑋� ) = ±0.5 , (𝑋𝑋 − 𝑋𝑋�)2= 0.25. The sum of squared deviations = 

10,000 × 0.25 = 2500.The variance of the error term is known to be 1002=10000, and the sum 

of squared deviations is 2500. So 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��=�10000
2500

× 9999
9998

 ≈ 2.  

According to Equation (3.1),  
𝐸𝐸𝐸𝐸

𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)� = 3.92
2

= 1.96.  Given a significance level 𝛼𝛼 =

0.05 and 𝑣𝑣 = 9998, t1−α2,𝑣𝑣 = 1.96. Substituting these values into Equation (3.1) allows us to 

solve for tpower: tpower = 1.96 − 1.96 =  0. The true ex post power is thus 𝜙𝜙𝜐𝜐(0)= 50%, 
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where 𝜙𝜙𝜐𝜐 is the cumulative distribution function of the t-distribution with 9,998 degrees of 

freedom. 50% should be the true ex post power. Next, I run a Monte Carlo simulation through 

R software to see what results we will get by using Equation (3.2).  

FIGURE 3.1 presents a histogram of 10,000 simulations of the same DGP by using 

Equation (3.2), where observed power is calculated following estimation of the univariate 

regression equation.  From FIGURE 3.1, I can see that there are many vertical bars evenly 

distributed between 0 and 100%, For different sizes of observed power, the frequency of their 

occurrence is very similar (the height of the vertical bars is very close). It means that observed 

power values are distributed uniformly between 0 and 100%. If we add up these vertical bars 

to find an average, the average of observed power over the 10,000 simulations is 50%. I have 

marked true power with a red dashed line in FIGURE 3.1, also at 50%. This shows that 

observed power is unbiased for the estimate of true power when true power = 50%.  

While observed power is unbiased when true power = 50%, it is too imprecise. In fact, 

you can't have 10,000 chances to make a calculation and get an average when calculating the 

ex post power. You can only calculate it once based on the data, and the probability of getting 

the correct ex post power by this one chance is too small. It means that you can hardly get the 

true ex post power by one observed power, just like it is almost impossible to find a point 

exactly in a very wide range in terms of probability. So if we get the observed power by 

Equation (3.2), there is a high probability that the power estimated in this way will have a large 

gap from the true ex post power. 

This is the case when the true power is 50%. If the true power is 20% (small) or 80% 

(large), how does the observed power behave? 

If the true power is 20%, accordingly, I change the DGP: Y = 1000+2.238X + error, 

and still keep other parameters the same. Since the distribution of X and error term does not 

change, 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� remains the known value of 2. To get 20% true power, t-value for ex post 
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power should be −0.841. If t1−α2,𝑣𝑣 = 1.96, the true effect size divided by 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� is 1.119, 

according to Equation (3.3), true effect size should be 2.238. With this DGP, I run 10,000 times 

simulations. The result is in FIGURE 3.2. 

In FIGURE 3.2, the vertical bars representing the frequency of observed power in 

10,000 simulations are not uniformly distributed between 0 and 100%. It can be seen that if the 

observed power is smaller, for example, on the left side of the image closer to 0 in the figure, 

the distribution is more dense, representing a higher number of occurrences of low observed 

power. On the right side of the image closer to 100%, the distribution is less, which means that 

high observed power appears less often. The average observed power value for these 10,000 

simulations is 27.5%. Even if I increase the number of simulations to 100,000 times, its average 

value is still 27.5%.This means that the observed power is not an unbiased estimate of the true 

power in this case. Also, the probability to obtain true power in a single experiment is very 

small, indicating that the observed power is not precise. 

Similarly, when true power becomes 80%, the DGP should be: Y = 1000+5.6X + error, 

and still keep other parameters the same. Because 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� is 2, to get 80% true power, t-value 

for ex post power should be 0.84. If t1−α2,𝑣𝑣 = 1.96, the true effect size divided by 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� 

is 2.8, according to Equation (3.3), so true effect size should be 5.6. With this DGP, I still run 

10000 times simulations, the result is in FIGURE 3.3. 

In FIGURE 3.3, in contrast to the case where true power is 50% and like the case when 

true power is 20%, observed power produces a biased estimate of true power. The average 

observed power is 72.3%, which is less than the true power value of 80%. If I increase the 

number of simulations to 100,000 times, its average value is still 72.3%. 

To summarize, the observed power is an unbiased estimate of the true power only if the 

true power is 50%. Observed power is not an unbiased estimate of true power when true power 
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is 20% or 80%. In fact, the existence of a bias between observed power and true power has 

been shown by scholars (Yuan & Maxwell, 2005) that the two are equal only when true power 

is 50%, otherwise observed power is not an unbiased estimate of true power. Moreover, 

regardless of the true power, the distribution of observed power is very wide and very 

imprecise. Observed power is too imprecise to be useful in practice. 

So what exactly is the problem with observed power that causes it to be imprecise? In 

order to provide a closer look at the calculations with true power 50%, I provide details for 30 

randomly selected observed power values. TABLE 3.1 reports the true power, observed power, 

𝐸𝐸𝐸𝐸�  (the estimated effect size), 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  (the estimated standard error of estimated effect size), 

the critical t-value for a two-tailed null hypothesis with 𝛼𝛼 = 0.05 , and 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝  with 9998 

degrees of freedom.  

In TABLE 3.1, notice that observed power has a wide range, taking values from 4% to 

90% in these thirty examples. Each time I run a regression, I obtain a different observed power, 

and it is quite different from the true power. The reason for the large change in observed power 

can also be found in TABLE 3.1. The 30 simulations yield a large difference between 𝐸𝐸𝐸𝐸�  (the 

estimated effect size) and the true effect size 3.92. The smallest 𝐸𝐸𝐸𝐸�  is 0.43, while the largest 

𝐸𝐸𝐸𝐸�  is 6.52, both with a large difference from the true effect size value of 3.92. 

In contrast, 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  (The estimated standard error of estimated effect size) and the 

true 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� value are not too far apart. The 10 estimated standard error of estimated effect 

size are tightly clustered around the true value 2.  

This shows that the reason for the inaccurate estimation of observed power is that 

observed power does not accurately estimate the effect size, and there is a large gap between 

the calculated observed power and the true ex post power using the estimated effect size. 

Interestingly, the estimated standard error of the effect size is very close to the true value, which 

is the case when the error term is simple, where error ~ N (0, 𝜎𝜎2). It is worth exploring whether 
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the estimated standard error of the effect size is still close to the true value if the construction 

of the error term is more complicated, such as the existence of non-spherical errors. 

It is absolutely wrong to use the 𝐸𝐸𝐸𝐸�  (the estimated effect size) instead of the true effect 

size to calculate ex post power. Choosing the correct method for calculating the ex post power 

is the focus of the remainder of this chapter. 

3.2 Four Recently Suggested Approaches for Estimating Ex Post Power 

3.2.1 Introduction 

The main purpose for calculating ex post power is to check whether the actual power 

of an experiment match the power that was assumed when the experiment was designed. 

Researchers set the ex ante power before the experiment, but the actual sample size differs from 

the design sample size due to many reasons, such as normal sample attrition, missing data, etc. 

When determining the required sample size before the experiment, it is necessary to assume 

the value of ES and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� . These values typically come from pilot data and literature values. 

If there is a large discrepancy between the assumed value of these parameters and the true 

values, it could also lead to a large discrepancy between the ex post and ex ante power.  

There is little discussion in the literature about how to calculate statistical power after 

a regression has been estimated. According to the definition, power is the probability that an 

experiment will yield a statistically significant estimate if H0 is false (Cohen, 1988). How do 

you go about understanding this definition? It means that if you perform 100 experiments and 

for 80 of them, you achieve a significant result (for example a p-value less than 0.05), then you 

consider the probability of a significant result to be 80%, that is, a power of 80%. This is the 

basis for the first method for calculating ex post power that I will discuss. It was recently 

proposed by Brown, Lambert & Wojan (2019), henceforth BLW1.  

I call the second method the SE-ES method (for “Standard Error-Effect Size”). I found 

this method discussed in the weblog, “Why ex-post power using estimated effect sizes is bad, 
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but an ex-post MDE is not”, by David McKenzie and Owen Ozier, Development Impact, May 

16, 2019. Again, this is an innovative approach that has only recently been proposed by 

scholars. Unlike the previously mentioned observed power, this method uses the effect size 

from a pilot study, and I will describe different methods in detail below. 

3.3.2 BLW1 

Let's start with a closer look at the first method. Usually, when I obtain experimental 

data, I have a set of observations of a dependent variable, called Y, and a corresponding set of 

observations of an independent variable, called X. For example, after an experiment, data are 

collected for 100 observations with 100 values of X (the independent variable) and 100 values 

of Y (the dependent variable). If I regress Y on X,  I will only get one p-value, because only 

one experiment was performed. How to create multiple trials to obtain multiple p-values to get 

ex post power becomes a concern for researchers. 

In order to get a more accurate ex post power, if the first method is used, hundreds or 

thousands of experiments are needed to detect the probability of these experiments being 

significant. And in real life, it is impossible to repeat hundreds of experiments. Often, a single 

experiment consumes a lot of money, manpower and time. For example, to launch a survey on 

the living standard of the population in a country, one experiment will last for a long time. So 

how to conduct hundreds or thousands of experiments? In their paper, Brown, Lambert & 

Wojan (2019), proposes a method to solve this problem. 

Suppose I obtain a set of data through an experiment with 100 values of the independent 

variable X and 100 values of the dependent variable Y corresponding to it. If I regress Y on X, 

I obtain the estimated intercept (b0) and estimated coefficient (b1) and 100 residuals, as shown 

in FIGURE 3.4. The method used by BLW is to bootstrap those 100 X values and 100 residuals 

together (with replacement). For example, the original dataset has 100 observations. And the 

original arrangement of X and residuals together is X1-Res1, X2-Res2, X3-Res3, ..... X98-
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Res98, X99-Res99, and X100-Res100. The original data set has 100 rows, each consisting of 

X and its corresponding residual.  

Now I want to have a new data set constructed from the same sample of 100 

observations. How to go about this? First, choose a random row (1 to 100) in the original data 

set of 100 observations, for example, row 66 is chosen, so X66 and Res66 of this row are put 

into the first row of the new data set at the same time. Then choose a random row (1 to 100) in 

the original data set again, for example, row 52 is chosen, so X52 and Res52 of this row are 

put into the second row of the new data set. Repeat this process 100 times, filling all 100 row 

positions of the new data set. In this way, I get a new dataset of the same size (100 

observations), obtained by shuffling the X-residuals (with replacement). 

In the new data set, the original coefficients b0 and b1 are still used. Adding b0 to the 

newly aligned 100 rows X multiplied by b1 and adding the Res corresponding to that row will 

give a new Y, called Y hat. I then regress Y hat on X, which will give a new p-value. 

It is possible to reshuffle the original data set again. After the second shuffling, 

following the steps above, a new set of Y hats is produced. Similarly, I regress the shuffled 

observations of Y hat on the corresponding observations of X to obtain another p-value. 

Repeating this shuffling process 1000 times is equivalent to conducting 1000 experiments. By 

detecting the probability that the p-value is less than 0.05 in these experiments, the required ex 

post power is obtained. This process is done by writing a program and having it done by a 

computer. For more accurate results, the experiment can be increased to 10,000 times or more.  

This is called “bootstrapping” by BLW, which continuously shuffles the original X and 

corresponding residual values together to obtain new sets of data to regress. It is worth noting 

that BLW obtain the effect size independently from cost-benefit calculations, so that their 

method is just about how to estimate the standard error for these power calculations, given an 

assumed effect size which is not the estimated effect size. 
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And, there is a problem with this approach. 

BLW does not consider the distribution of X after performing shuffling. Suppose X is 

a dummy variable and there are two cases of 0 and 1. I assume that the original 100 observations 

are just 50 times X=0 and 50 times X=1, and they are randomly distributed among the 100 

observations. Therefore, when performing shuffling, if I want to get a new dataset of size 100 

observations, I must necessarily randomly select the 100 original observations. And because X 

can be repeated, it is possible that I have 75 cases where X is 1 and the remaining 25 cases 

where X is 0 out of the 100 observations in the new data set. Thus, the proportion of X=1 before 

shuffling is 50%, while the proportion of X=1 in the new data set after shuffling is 75%. The 

distribution of X has changed, which inevitably causes a change in ex post power.  

This is easily proven. I still use this DGP: Y = 1000+3.92X + error, where error ~ N(0, 

𝜎𝜎2), and 𝜎𝜎 = 100.  I create 10,000 observations, with half receiving the treatment (X=1) and 

half not (X=0). Then I have the ex post power 50%. Suppose I change it to three quarters of X 

received treatment (X=1) and one quarter of X did not (X=0). The ex post power drops to 42%. 

Therefore, ex post power obtained by using the BLW shuffling method is not accurate if I 

shuffle X and residuals together. 

In addition, possible reasons for BLW to use this method are standard power calculation 

formulae, including those I present in Chapter 2, are designed for a binary treatment. But with 

a continuous treatment (for example, CRP payments to income ratio), one can’t just apply the 

formulae for a binary treatment, and this bootstrapping approach can offer a way to get power. 

It can also help account for the role of the control variables, which play more of a role in non-

experimental analysis like BLW perhaps. 

3.2.3 BLW2 

Therefore, I propose an alternative to BLW’s bootstrapping method, which is one of 

the innovations of this thesis. I call my alternative “BLW2”. In order to maintain the 
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distribution of X, it does not shuffle X, but only the residuals. And when applied to a wider 

range of applications, there are often clusters that emerge, for example, the observations often 

come from different villages.  

But I also make another change to BLW’s method. In addition to just bootstrapping the 

residuals, I also account for the clustered nature of the error terms. If all the residuals of the 

whole are mixed together and shuffled, then the hierarchical structure between the data would 

be destroyed, causing errors. Therefore, my improvement to the original method of BLW is not 

only to shuffle the residuals only, but also to shuffle the residuals in layers according to 

different clusters. 

Suppose I obtain a set of data through an experiment with 100 values of the independent 

variable X and 100 values of the dependent variable Y corresponding to it. However, these 100 

observations are from 50 clusters, and every 2 observations belong to one cluster. For example, 

Res1 and Res2 belong to Cluster1, Res3 and Res4 belong to Cluster2, and so on. At this point, 

the residuals of the 2 observations in the first cluster, and the residuals of the 2 observations in 

the second cluster, belong to different clusters, so it is not possible to mix them together for 

shuffling, otherwise the structure of the data would be destroyed. Therefore, when dealing with 

the existence of a cluster, the principle for shuffling residuals should be that all residuals from 

the same cluster in the reshuffled data should come from the same cluster in the original data.  

As shown in FIGURE 3.5, Cluster1 contains Res1 and Res2. If I do a shuffle, the 

shuffled residuals must be from another cluster, for example, from Cluster31, whose residuals 

contain Res61 and Res62. For the 2 residuals from Cluster31 still to be shuffled, the order of 

which is sampled, may become to Res61, Res62 or Res62, Res61. These 2 sampled residuals 

are then put back into the 2 positions of Cluster1. The same is true for Cluster2, whose residual 

substitution should come from another cluster entirely. This avoids the residuals of the same 
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group coming from different clusters, and at the same time enhances the randomness of the 

data. 

It is worth noting that if in practice I encounter a situation where, for example, Cluster2 

originally has only one observation and one residual, like Res3. I still shuffle them in the same 

way, assuming that the draw is made by replacing them with the set of residuals Cluster50. 

Cluster50 originally contains Res99 and Res100. Therefore, only one of these two residuals 

need to be extracted and rearranged, for example, the rearranged residual is Res100. And 

Res100 is put into the original residual positions of Cluster2 for replacement.  

If Cluster2 originally had 3 observations and 3 residuals, assume that the draw is made 

by replacing the residuals with the set Cluster50. For the 2 residuals in Cluster50, one residual 

needs to be repeated and rearranged. For example, the rearranged residuals may be Res100, 

Res99 and Res100 (repeated). These 3 residuals are placed in the original residual positions of 

Cluster2 for substitution. 

Next, as in the BLW method, a new regression is performed by adding the rearranged 

residuals to b0 and b1*X to obtain Y hat. Then all the original residuals are shuffled again and 

the process is repeated to obtain a new data set for regression. The percent of times the result 

is significant across all experiments is ex post power. 

3.2.4 BLW3 

Roodman et al. (2019) use the Wild Cluster bootstrap method to get inference for 

clustered data. The wild cluster bootstrap was proposed in Cameron, Gelbach  & Miller (2008) 

and its validity was proved in Djogbenou, MacKinnon, and Nielsen (2018). In contrast to 

BLW1 and BLW2, the wild cluster bootstrap keeps the distribution of both independent 

variables X and residuals fixed. I have applied this wild cluster method to the calculation of ex-

post power as well, and since this method also uses the idea of bootstrapping like BLW used 

in their paper, I call this method BLW3. 
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BLW3 is obtained by multiplying each cluster of residuals from the OLS regression 

with a randomly generated constant to generate different resamples. BLW3 bootstrapping has 

the advantage of holding the distribution of independent variable X constant. For BLW3, Liu 

(1988) mentions the possibility of Rademacher variables, defined by Equation (3.5): 

 Error𝑡𝑡 =  � 1 ,𝑤𝑤𝑤𝑤𝑡𝑡ℎ 𝑝𝑝𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑝𝑝𝑤𝑤𝑡𝑡𝑝𝑝 0.5
−1,𝑤𝑤𝑤𝑤𝑡𝑡ℎ 𝑝𝑝𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑝𝑝𝑤𝑤𝑡𝑡𝑝𝑝 0.5 (3.5) 

When used for clustered error terms (1 with probability 0.5 and -1 with probability 0.5) the 

weights are called Rademacher weights. Since the weights are symmetric, the mean (and many 

other moments of the population distribution of residuals) are preserved. Once the original 

residual are modified in this way, new Y hat values are generated similar to BLW2.  

 It is worth noting that BLW3 is different from both BLW1 and BLW2.  BLW1 changes 

the order of both the independent variable X and the residuals. BLW2 changes the order of the 

residuals and keeps the order of the Xs. In the case of BLW3, the order of both X and residuals 

is not changed. BLW3 is simply a multiplication of the individual clusters of original residuals 

by 1 or -1, which are then combined with X to construct different resamples. Mammen (1993) 

used Monte Carlo experiments demonstrating similar statistical properties of these resamples 

to the original sample.  

As FIGURE 3.6 shows how the wild cluster bootstrap works. For Cluster1, there are 

two residuals, Res1 and Res2. For example, in the first resampling procedure, Res1 and Res2 

will all be multiplied by 1. Also in this resampling procedure, there are Res3 and Res4 in 

Cluster2. They will all be multiplied by -1.  This produces a new residual vector that is distinct 

from the original residuals. I call this new residual vector newRes. Please note that BLW3 

bootstrap can only be applied to data environments where a cluster exists.  

3.2.5 SE-ES 

The previous discussion has discussed three variants of a method for calculating ex post 

power as proposed by Browne, Lambert, & Wojan (2019). The second method, the SE-ES 
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method (for “Standard Error-Effect Size”), works completely differently. Ex post power is 

obtained directly through Equation (3.6): 

 t
power，𝑣𝑣

=  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸)�

  −t1−α2,𝑣𝑣 (3.6) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

Suppose we obtain a set of data after the experiment, which contains 100 

observations, with 100 X values and corresponding 100 Y values. A direct regression on this 

set of data gives the estimated standard error of estimated effect size 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� . We record 

this value. The effect size ES usually comes from the pilot study or the proposal of the 

research. For example, suppose ES= 7709 (from the pilot study) and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�  = 1867 (from 

the regression of  the data). If 𝛼𝛼 is 0.05, then the only missing part in Equation (3.6) is the 

degrees of freedom v. Usually, since the t-distribution is used to calculate the statistical 

power, the degrees of freedom are generally N-k-1 (sample size minus one slope coefficient -

1). Suppose the total sample size is 1517 observations,  so v=1515. Then t1−α2 ,𝑣𝑣= 1.96, 

t
power，𝑣𝑣

= 7709/1867 − 1.96 = 2.17. The ex post power is thus 𝜙𝜙𝜐𝜐(2.17) =98.5%, where 

𝜙𝜙𝜐𝜐 is the cumulative distribution function of the t-distribution with 1,515 degrees of freedom. 

However, since there may be cases where there is a cluster in the sample. Suppose 

there are 50 clusters in the total sample with 1517 observations, the degrees of freedom v 

should be the number of clusters minus 1, which equals 49. Then we can use Equation (3.6) 



65 
 

to calculate the ex post power. Then t1−α2 ,𝑣𝑣= 2.01, t
power，𝑣𝑣

= 7709/1867 − 2.09 = 2.12. The 

ex post power is thus 𝜙𝜙𝜐𝜐(2.12) =98%, where 𝜙𝜙𝜐𝜐 is the cumulative distribution function of 

the t-distribution with 49 degrees of freedom. In this example, the change in ex post power is 

small, just from 98.5% to 98%, but in real life, the change in degrees of freedom does have an 

impact on ex post. 

3.2.6 Comparing the methods 

In order to investigate which method is more accurate in calculating ex post power, I 

performed Monte Carlo simulation experiments. The basic idea is to set a true power and use 

the different procedures to see which method produces ex post power values closest to the true 

power. The general steps of the experiment are shown in FIGURE 3.7. Once the other elements 

of the experiment were fixed, the effect sizes are chosen to be consistent with a given level of 

true power.  

I create a DGP where I know the true power, and then see how well the different 

methods are able to estimate it. I start with a simple data generating process (DGP) in Equation 

(3.7):  

 𝑝𝑝𝑖𝑖  =  1 + 𝐸𝐸𝐸𝐸 ∙  𝑇𝑇𝑖𝑖  + 𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑖𝑖 (3.7) 

where 𝐸𝐸𝐸𝐸 is the effect size and error ~ N (0, 9).  I set a sample size of 10,000 observations, 

with half receiving the treatment (T=1) and half not (T=0). Then, using the generated data, I 

implement the different methods. This is the focus of the investigation in this thesis, and the 

results will be discussed in later chapters. 

3.3 Conclusion 

 Ex post power is a useful tool to help researchers better analyze experimental results. 

For example, if an experiment produces an insignificant result, but the ex post power is high, 

this provides evidence to support the null hypothesis over the alternative. Ex post power has 

been questioned due to misuse by people. One of the main misuses comes from “observed 
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power”, where the estimated effect size is treated as the true effect size. In this chapter, I have 

shown observed power to be unreliable. Researchers still keep exploring ex post power. 

Recently, scholars have proposed two innovative methods to calculate ex post power, namely, 

the BLW1 and SE-ES methods. In this chapter, I describe both methods. I also propose two 

variants of BLW1 that may provide an improvement on the original formulation. I will use 

Monte Carlo experiments to investigate these different methods in the subsequent chapters.  
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3.5 Appendix 
 

TABLE 3. 1 Comparison of true power and observed power for thirty randomly 
selected simulations 

 

 
True ex 

post 
Power 

Observed 
Power 𝑬𝑬𝑬𝑬�  𝒔𝒔. 𝒆𝒆. (𝑬𝑬𝑬𝑬)��  

𝑬𝑬𝑬𝑬�

𝒔𝒔. 𝒆𝒆. (𝑬𝑬𝑬𝑬)��  𝒕𝒕𝑵𝑵−𝜶𝜶𝟐𝟐,𝒗𝒗 𝒕𝒕𝑷𝑷𝑷𝑷𝑷𝑷𝒆𝒆𝑷𝑷 

1 0.50 0.54 4.10 2.00 2.05 1.96 0.09 

2 0.50 0.67 4.71 1.97 2.39 1.96 0.43 

3 0.50 0.45 3.69 2.00 1.84 1.96 -0.12 

4 0.50 0.08 1.10 1.98 0.56 1.96 -1.40 

5 0.50 0.71 5.10 2.02 2.52 1.96 0.66 

6 0.50 0.15 1.85 1.98 0.93 1.96 -1.03 

7 0.50 0.85 5.96 1.99 2.99 1.96 1.03 

8 0.50 0.87 6.24 2.01 3.10 1.96 1.14 

9 0.50 0.81 5.73 2.02 2.83 1.96 0.87 

10 0.50 0.54 4.15 2.02 2.06 1.96 0.10 

11 0.50 0.87 6.10 1.99 3.07 1.96 1.11 

12 0.50 0.71 5.01 1.99 2.52 1.96 0.56 

13 0.50 0.46 3.73 2.00 1.86 1.96 -0.10 

14 0.50 0.04 0.41 2.00 0.20 1.96 -1.76 

15 0.50 0.52 4.05 2.01 2.02 1.96 0.06 

16 0.50 0.30 2.84 2.00 1.43 1.96 -0.53 

17 0.50 0.83 5.90 2.01 2.93 1.96 0.97 

18 0.50 0.76 5.33 2.01 2.66 1.96 0.70 

19 0.50 0.07 0.93 2.00 0.46 1.96 -1.50 

20 0.50 0.60 4.49 2.02 2.22 1.96 0.26 

21 0.50 0.38 3.28 2.00 1.64 1.96 -0.32 

22 0.50 0.33 3.01 2.00 1.51 1.96 -0.45 
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23 0.50 0.22 2.39 2.00 1.20 1.96 -0.76 

24 0.50 0.06 0.81 2.02 0.40 1.96 -1.56 

25 0.50 0.84 5.81 1.98 2.94 1.96 0.98 

26 0.50 0.04 0.43 2.01 0.22 1.96 -1.74 

27 0.50 0.82 5.76 2.00 2.88 1.96 0.92 

28 0.50 0.58 4.31 1.99 2.17 1.96 0.21 

29 0.50 0.90 6.52 2.00 3.27 1.96 1.31 

30 0.50 0.77 5.41 2.01 2.70 1.96 0.74 

 
NOTE: 𝛼𝛼 = 0.05  and 𝑣𝑣 = 9998 , so 𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 = 1.96 . Observed power is calculated from 
Equation (3.2) in the text. All data to 2 decimal places. 
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FIGURE 3. 1 Monte Carlo simulation result of observed power with true power 50% 
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FIGURE 3. 2 Monte Carlo simulation result of observed power with true power 20% 
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FIGURE 3. 3 Monte Carlo simulation result of observed power with true power 80% 
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FIGURE 3. 4 Schematic diagram of BLW's bootstrapping method 
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FIGURE 3. 5 Schematic diagram of improved BLW's bootstrapping method (BLW2) 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



75 
 

FIGURE 3. 6 Schematic diagram of BLW3 procedure 
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FIGURE 3. 7 The Flowchart for the Experiment 
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3.6 Code Sources 
 

I will place the R language code for generating all graphs in the space below, I do this 

for two purposes, the first purpose being to allow the reader to refer directly to the code if they 

have questions about what I have done that are not covered in the text. The second purpose is 

to demonstrate that I will use replicable practices in my thesis research. I plan to post all my 

codes on a shared site such as OSF after I finish my thesis.  

For FIGURE 3.1 and TABLE 3.1: 

1. rm(list=ls())   
2. set.seed(12345)   
3.    
4. NumberofIteration <- 10000 # number of simulation   
5. SampleSize <- 10000 # sample size for each regression   
6. NumRowsShow <- 30    # will print 30 rows on the console   
7.   
8. ### DO NOT CHANGE CODES BELOW   
9. Ttreatment <- c(rep(0,SampleSize/2), rep(1,SampleSize/2))   
10. significant <- c()   
11. observedPower <- c()   
12. EstimatedEffect <- c()   
13. StandardError <- c()   
14. TStatistics <- c()   
15. Critical_Tstat <- c()   
16.    
17. for(i in 1:NumberofIteration){   
18.     Y <- 1000+ 3.92*Ttreatment + rnorm(SampleSize , 0, sd=100)   
19.     reg<-summary(lm(Y~Ttreatment))   
20.     significant <- c(significant , reg$coefficients[2,4]<0.05)   
21.     observedPower <- c(observedPower , pnorm(reg$coefficients[2,3]   
22.                                                -qt(0.975, df= SampleSize -2)))   
23.     EstimatedEffect <- c(EstimatedEffect , reg$coefficients[2,1])   
24.     StandardError <- c(StandardError , reg$coefficients[2,2])   
25.     TStatistics <- c(TStatistics , reg$coefficients[2,3])   
26.     Critical_Tstat <- c(Critical_Tstat , qt(0.975, df=SampleSize -2))   
27.       }   
28.       mean(significant)   
29.           
30.        hist(observedPower,main="Observed power (true power=50%)", xlab=("Observed p

ower"))   
31.        abline(v = 0.5, lwd = 3, col = "red", lty = 2)   
32.       Results <- cbind.data.frame(TruePower=mean(significant),    
33.                                      ObservedPower=observedPower , EstimatedEffect=

EstimatedEffect ,    
34.                                      StandardError= StandardError , TStatistics=TSt

atistics , Critical_Tstat=Critical_Tstat)   
35.        print(Results[1:NumRowsShow ,])   
36.      summary(observedPower)   
37.    
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For FIGURE 3.2: 

1. rm(list=ls())   
2. set.seed(12345)   
3.    
4. NumberofIteration <- 10000 # number of simulation   
5. SampleSize <- 10000 # sample size for each regression   
6. NumRowsShow <- 10    # will print 10 rows on the console   
7.   
8. ### DO NOT CHANGE CODES BELOW   
9. Ttreatment <- c(rep(0,SampleSize/2), rep(1,SampleSize/2))   
10. significant <- c()   
11. observedPower <- c()   
12. EstimatedEffect <- c()   
13. StandardError <- c()   
14. TStatistics <- c()   
15. Critical_Tstat <- c()   
16.    
17. for(i in 1:NumberofIteration){   
18.     Y <- 1000+ 2.238*Ttreatment + rnorm(SampleSize , 0, sd=100)   
19.     reg<-summary(lm(Y~Ttreatment))   
20.     significant <- c(significant , reg$coefficients[2,4]<0.05)   
21.     observedPower <- c(observedPower , pnorm(reg$coefficients[2,3]   
22.                                                -qt(0.975, df= SampleSize -2)))   
23.     EstimatedEffect <- c(EstimatedEffect , reg$coefficients[2,1])   
24.     StandardError <- c(StandardError , reg$coefficients[2,2])   
25.     TStatistics <- c(TStatistics , reg$coefficients[2,3])   
26.     Critical_Tstat <- c(Critical_Tstat , qt(0.975, df=SampleSize -2))   
27.       }   
28.       mean(significant)   
29.           
30.        hist(observedPower,main="Observed power (true power=20%)", xlab=("Observed p

ower"))   
31.        abline(v = 0.2, lwd = 3, col = "red", lty = 2)   
32.       Results <- cbind.data.frame(TruePower=mean(significant),    
33.                                      ObservedPower=observedPower , EstimatedEffect=

EstimatedEffect ,    
34.                                      StandardError= StandardError , TStatistics=TSt

atistics , Critical_Tstat=Critical_Tstat)   
35.        print(Results[1:NumRowsShow ,])   
36.      summary(observedPower)      
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For FIGURE 3.3: 

1. rm(list=ls())   
2. set.seed(12345)   
3.    
4. NumberofIteration <- 10000 # number of simulation   
5. SampleSize <- 10000 # sample size for each regression   
6. NumRowsShow <- 10    # will print 10 rows on the console   
7.   
8. ### DO NOT CHANGE CODES BELOW   
9. Ttreatment <- c(rep(0,SampleSize/2), rep(1,SampleSize/2))   
10. significant <- c()   
11. observedPower <- c()   
12. EstimatedEffect <- c()   
13. StandardError <- c()   
14. TStatistics <- c()   
15. Critical_Tstat <- c()   
16.    
17. for(i in 1:NumberofIteration){   
18.     Y <- 1000+ 5.6*Ttreatment + rnorm(SampleSize , 0, sd=100)   
19.     reg<-summary(lm(Y~Ttreatment))   
20.     significant <- c(significant , reg$coefficients[2,4]<0.05)   
21.     observedPower <- c(observedPower , pnorm(reg$coefficients[2,3]   
22.                                                -qt(0.975, df= SampleSize -2)))   
23.     EstimatedEffect <- c(EstimatedEffect , reg$coefficients[2,1])   
24.     StandardError <- c(StandardError , reg$coefficients[2,2])   
25.     TStatistics <- c(TStatistics , reg$coefficients[2,3])   
26.     Critical_Tstat <- c(Critical_Tstat , qt(0.975, df=SampleSize -2))   
27.       }   
28.       mean(significant)   
29.           
30.        hist(observedPower,main="Observed power (true power=80%)", xlab=("Observed p

ower"))   
31.        abline(v = 0.8, lwd = 3, col = "red", lty = 2)   
32.       Results <- cbind.data.frame(TruePower=mean(significant),    
33.                                      ObservedPower=observedPower , EstimatedEffect=

EstimatedEffect ,    
34.                                      StandardError= StandardError , TStatistics=TSt

atistics , Critical_Tstat=Critical_Tstat)   
35.        print(Results[1:NumRowsShow ,])   
36.      summary(observedPower)   
37.        
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Chapter 4. A Replication of “The effect of the conservation 
reserve program on rural economies: deriving a statistical 
verdict from a null finding” (American Journal of Agricultural 
Economics, 2019) 
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In economic research, studying the same problem of interest that has been done before, 

by other academics using the same data set and model, is called a replication. The purpose of 

doing replication is to investigate the results of a study independently, thus confirming if the 

results are reliable. Replication will be successful if the researcher is able to get the same results 

using all the material provided when re-doing the analysis. However, replication can extend 

the original analysis even further by changing the data structure and altering the econometric 

model. To confirm results or hypotheses by a repetition procedure is the basis of any scientific 

conception. A replication to demonstrate that the same findings can be obtained in any other 

place by any other researcher is conceived as an operationalization of objectivity. It is the proof 

that the experiment reflects knowledge that can be separated from the specific circumstances 

(such as time, place, or persons) under which it was gained. In principle, replication of existing 

studies provides a mechanism for distinguishing between reliable and unreliable results 

(Duvendack, Palmer-Jones & Reed, 2017).  If an effect is reliable, any competent researcher 

should be able to obtain it when using the same procedures with adequate statistical power 

(Simons, 2014).  

This chapter replicates Brown, Lambert and Wojan (hereinafter BLW), “The effect of 

the conservation reserve program on rural economies: deriving a statistical verdict from a null 

finding” (American Journal of Agricultural Economics, 2019). BLW proposed a method to 

calculate ex post power.  

4.1 Introduction 

Null hypothesis significance testing (NHST) is the most widely accepted and frequently 

used approach to statistical inference in quantitative communication research.  In standard 

NHST, a researcher selects a single arbitrary alpha level priori, usually the conventional α = 

0.05. Then a p-value is computed. If the p-value is less than or equal to the chosen alpha, the 

null hypothesis is rejected. However, if obtained p-value is greater than alpha, the researcher 
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fails to reject the null, and the result is considered statistically inconclusive. When the result is 

statistically insignificant, it may be that the original study did not have enough statistical power 

to detect an effect (Bausell & Li, 2002). So whether the results are not significant could be due 

to the fact that there is no effect or because the study had too little statistical power. 

Distinguishing between these two options is a problem for researchers. 

There have been many scholars who performed ex post statistical power analyses 

(Campbell & Stanley, 1963; Cook & Campell, 1979; Brickman, 2000; Campell & Russo, 2001; 

Anderson, 2001). Most of these methods have fundamental flaws. There are many reasons, 

both mechanical and theoretical, why researchers should not do ex post/observed power 

analyses. An excellent summary can be found in Hoenig & Heisey (2001).  

 If the estimated effect size is used to calculate the ex post power, the result is called 

observed power. As Hoenig and Heisey (2001) show, observed power is mathematically 

directly related to the p-value; hence, calculating power once you know the p-value associated 

with a statistic adds no new information. Furthermore, as Levine & Ensom (2001) clearly 

explain, the logic underlying observed power analysis is fundamentally flawed. I also showed 

the reason why the observed power analysis method is not reliable when using Monte Carlo 

simulation method in a previous chapter.  

BLW propose a creative method to calculate ex post power and to distinguish between 

insignificance caused by lack of statistical power and from insignificance caused by the effect 

size being negligible. To demonstrate their method, BLW compute the statistical power for a 

study done by the United States Economic Research Service (ERS) in a 2004 report to Congress 

on the economic impact of the Conservation Reserve Program (CRP). In their analysis, the 

ERS tested whether agricultural programs encouraging the removal of environmentally 

vulnerable land from production led to decreased employment in farm-dependent counties. The 
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analysis found a statistically insignificant relation between land reduction by CRP and changes 

in employment.  

 But how should this insignificant finding be interpreted? Does it mean that CRP had no 

effect? Or was the analysis just not powerful enough to detect CRP’s negative effect?  To 

answer this question, BLW propose a bootstrapping method to measure the statistical power 

for the ERS analysis. In this chapter, I replicate BLW’s paper and perform a number of 

robustness checks. This will allow me to better understand their method, and make 

improvements, so that I can apply it to other studies. 

I find that using their R code and simulations, I get exactly the same results as published 

in their paper. Rather than using the program code provided by the authors, one could also try 

write the code from scratch based on the description in the paper that one is attempting to 

replicate (Coupé, 2018). When I rewrite their code in Stata, I get nearly identical results. 

Finally, even when using an alternative bootstrap methodology or including a constant in their 

regression model, the computed power remains very close to BLW’s numbers. Hence, I 

conclude that BLW can be replicated successfully. 

This rest of this section proceeds as follows. In Section 4.2, I introduce the ERS’s 

analysis of the CRP. I give details of BLW’s method in Section 4.3. In Section 4.4 and Section 

4.5, I replicate BLW’s method and results and add a number or robustness checks. Section 4.6 

further discuss about BLW’s method. Section 4.7 concludes. 

4.2 The ERS’s analysis of the CRP 
 

Congress charged ERS with identifying any negative impacts on employment growth 

to decide whether they should continue the CRP or not. Sullivan et al. (2004) is the report that 

ERS produced for Congress in response to this charge.  

 Testing for the effects of CRP enrolment on employment growth presented the 

challenge of adequately controlling for endogenous selection. To address this challenge, 
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Sullivan et al. (2004) used a quasi-experimental, matched pair protocol to match individual 

high-CRP counties with similar low-CRP counties. High-CRP counties were those counties 

that, on average, enrolled a higher percentage of their eligible land in CRP than other types of 

farms. Conversely, low-CRP counties enrolled a lower percentage of their eligible land in CRP 

than other types of farms. 

Conceptually, if paired counties were nearly identical in the attributes explaining 

employment growth and program participation, then any observed difference in employment 

growth could be attributable to differences in CRP enrolment.  One-hundred and ninety high-

CRP counties were matched 1-to-1 with low-CRP counties.  

Sullivan et al. (2004) reported CRP estimates for several models, but complete results 

were only reported for the long-run local employment growth model. BLW selected this model 

to replicate and use as a benchmark for their power analysis. In the Sullivan et al. (2004) study, 

the difference in employment growth over the period 1985 and 2000 between high-CRP 

(HCRP) and low-CRP (LCRP) counties was analysed using ordinary least squares (OLS) and 

the following regression specification:  

 
𝑝𝑝𝑖𝑖 ≡ ln  �
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(4.1) 

 

where  𝑤𝑤 indexes a matched pair, CRP payments to income ratio is the treatment variable, 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 

measures the true treatment effect,  𝑿𝑿𝒊𝒊  is an n by k matrix of matched pair differences in 

information on various control variables, including local socioeconomics and agriculture 

characteristics. And 𝜷𝜷 is a k by 1 vector of coefficients. The variable ε is assumed to be an 

independent and identically distributed random error component with mean zero and constant 

variance. 
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Equation (4.1) was estimated using the 190 matched pairs from the original study. The 

results obtained by BLW (2019) are nearly identical to those reported by Sullivan et al. (2004) 

and are reported in TABLE 4.1. The main variable of interest in this regression is CRP 

payments to income ratio.  For this variable, the regression result shows an estimate of 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 

equal to 0.007, with a standard error of 0.003, t-statistic of 1.945 and p-value equal to 0.054. 

Given the 0.05 cut-off for statistical significance, these results did not allow researchers 

to make a definitive judgment. First, according to theory, the result of the experiment should 

be negative, that is, the introduction of CRP was expected to reduce employment growth. 

Second, the p-value indicates that the effect of the treatment on employment growth is not 

statistically significant. 

In their report to Congress, Sullivan et al. concluded: “Given that estimated coefficients 

can change from one model to the next, consistent estimates provide some confidence that the 

absence of statistical significance can be interpreted as “CRP has no effect,” even though we 

do not know the probability of a Type II or false negative error.” 

Though Sullivan et al. (2004) reported a number of robustness checks in their report, 

BLW noted that these were not able to clarify whether the absence of statistical significance 

was due to absence of an effect or poor statistical power. As a result, BLW applied their own 

method to estimate statistical power to Sullivan et al. (2004)’s analysis. 

4.3 BLW’s method (BLW1) 
 

The first step in calculating power is to hypothesize a specific effect size, since 

statistical power is always based on obtaining a significant estimate of the effect given an 

underlying, true effect size. As their starting point, BLW wanted to identify the largest 

employment loss that would still provide a benefit-cost justification for the Conservation 

Reserve Program (CRP).  They determined that a coefficient value for 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 equal to -0.027 

was sufficient to justify the CRP. Accordingly, the first statistical issue they wanted to address 
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was whether the empirical design of the study was sufficient to identify a statistically 

significant effect given a value for 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 = −0.027.  They also investigated the statistical 

powers associated with effect sizes of -0.015, -0.010, -0.005, and -0.001. The latter value was 

chosen as corresponding to the legislation’s requirement to identify any negative employment 

effect associated with the programme.  

Accordingly, when BLW do their power analysis, they replace the original 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 

estimate of 0.007 with effect sizes of -0.027, -0.015, -0.010, -0.005, and -0.001, respectively. 

BLW substitutes these effect sizes back into Sullivan et al. (2004)’s analysis to see the effects. 

 BLW’s method consists of several steps. The first step is to create simulated datasets 

for use in the Monte Carlo experiments. BLW set the coefficient vector for the control variables 

equal to their estimated values. For the treatment effect, given by the coefficient associated 

with the variable CRP payments to income ratio, they examine different effect sizes, 

 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 =  (−0.027,−0.015,−0.010,−0.005,−0.001) . Here the subscript MC indicates 

that these are the effect sizes assumed in the Monte Carlo analysis for the purpose of 

determining the associated statistical power. For a given Monte Carlo experiment, 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 is 

held constant. 

 New values of the dependent variable, 𝑝𝑝𝑀𝑀𝐶𝐶,𝑖𝑖 , are created using the residuals and 

variables from the original regression, along with the substituted coefficient vector:  

 𝑝𝑝𝑀𝑀𝐶𝐶,𝑖𝑖 = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∙ 𝐶𝐶𝐶𝐶𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝𝑖𝑖 + 𝑿𝑿𝒊𝒊𝜷𝜷� + 𝜀𝜀�̂�𝑖 (4) 

where 𝜷𝜷�  and 𝜀𝜀�̂�𝑖  are, respectively, the estimated coefficients of the control variables and 

residuals from the original regression equation.  

 The next step consists of a bootstrapping procedure where the original observations i, 

(𝐶𝐶𝐶𝐶𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝𝑖𝑖,𝑿𝑿𝒊𝒊), are resampled with replacement. The details for this 

resampling procedure are shown in FIGURE 4.1. The upper panel of FIGURE 1 displays the 

original dataset prior to bootstrapping. There are 190 values of the independent variable CRP 
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𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝  (CRP1, CRP2, CRP3,…, CRP190). Further, there are a total of 

30 control variables in BLW’s analysis 𝑿𝑿𝒊𝒊  (𝑋𝑋1,𝑋𝑋2 …𝑋𝑋30).  Each control variable has 190 

values. For example, the vector 𝑿𝑿𝑵𝑵 = (𝑋𝑋1,1,𝑋𝑋1,2,𝑋𝑋1,3, … ,𝑋𝑋1,189,𝑋𝑋1,190)′. Likewise, the vector of 

residuals from the original equation is e = (𝑒𝑒1, 𝑒𝑒2, 𝑒𝑒3,…, 𝑒𝑒190)’. Note that I boldface matrices 

and vectors.  

In their experiments, BLW not only varied the size of the treatment effect, 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶, 

they also constructed simulated datasets of different sizes. So in addition to replicating the size 

of the original dataset of 190 observations, they constructed simulated samples of 100, 150, 

200, 250, and 350 observations. This leads to a total of 30 experiments, one for each 

combination of effect sizes 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶  (−0.027,−0.015,−0.010,−0.005,−0.001) and sample 

size (100, 150, 190, 200, 250, 350).  

When BLW do the resampling, they first decide on the 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 − 𝑠𝑠𝑝𝑝𝑦𝑦𝑝𝑝𝑝𝑝𝑒𝑒 𝑠𝑠𝑤𝑤𝑠𝑠𝑒𝑒 

combination. For example, 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶  might be set equal to −0.015  and sample size 

predetermined to be 100 observations. Then they select a random row among the 190 rows of 

the original dataset, for example, if row 32 is selected, then CRP32 and the corresponding 

control variables and residual 𝑒𝑒32 is put into the first row of the new dataset. As FIGURE 1 

lower panel shows, the new dependent variable 𝑌𝑌1�  is generated. 𝑌𝑌1� = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃32 + 𝛽𝛽1� ∗

𝑋𝑋1,32 + 𝛽𝛽2� ∗ 𝑋𝑋1,32 + ⋯+ 𝑒𝑒32. 

This completes the first observation of the simulated dataset. Next, they pick another 

row at random from the 190 rows of the original dataset (note that here it is possible to repeat 

the selection of the 32nd row). Suppose this second time they select row 66, generating  𝑌𝑌�2, 

𝑌𝑌2� = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃66 + 𝛽𝛽1� ∗ 𝑋𝑋1,66 + 𝛽𝛽2� ∗ 𝑋𝑋2,66 + ⋯+ 𝑒𝑒66. And so on. As the resampling is 

done with replacement, it is possible for the same rows to be resampled. The example in 

FIGURE 1 shows row 32 being resampled again in simulating the third observation in the 

simulated dataset. This process continues until the predetermined size of the simulated dataset 
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is achieved. FIGURE 1 shows the example for a simulated sample consisting of 100 

observations.  

At the end of this BLW’s resampling procedure, here and henceforth referred to as 

BLW1, a new simulated dataset is created. Continuing with my example, the dependent 

variable 𝒀𝒀�  has 100 observations (𝑌𝑌1� , 𝑌𝑌�2, 𝑌𝑌3� , …, 𝑌𝑌100� ). The main independent variable CRP 

𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝 = (CRP32, CRP66, CRP32, CRP101,…, CRP8) also has 100 

observations. BLW1 continues by regressing 𝒀𝒀� on the reconstituted vector of values for the 

variable CRP 𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝 variable. It then tests H0: 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 = 0 at α = 0.05 and 

records whether H0 is rejected.  

This bootstrapping process is repeated M times. The percent of times one obtains a 

significant estimate for 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 is the ex post power from BLW’s method (“BLW1”). For 

example, if M =10,000 times, and the estimated value of 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 is significant 3,000 times,  then 

ex post power is calculated to be 30%. BLW repeat this process for all 30 combinations of 

sample size and 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 values.  

To test whether BLW’s method works, I attempt to replicate their results. In the next 

section, I report the results of my effort to replicate BLW.  

4.4 Replication 

TABLE 4.2 compares the power statistics reported in Table 4 of BLW’s original paper 

(reproduced in column I) with the results I obtain when (i) using their R code1 (see column II), 

and (ii) programming their methodology in Stata (see column III).  

 BLW conduct statistical power calculations for a wide range of effect and sample sizes. 

They calculate power for effect sizes equal to -0.001, -0.005, -0.010, -0.015, and -0.027. 

−0.027 is the effect size they care about the most, because any job loss less than that is 

“acceptable” from a benefit-cost perspective. Thus they want to be sure the ERS study has 

                                                 
1 BLW posted all their programming code at Harvard Dataverse. 
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sufficient power to obtain a significant estimate if the job loss is that large. For each effect size, 

they calculate ex post power for sample sizes of 100, 150, 190, 200, 250, 300, and 350. The 

sample size of 190 is the one they are most interested in, as that is the sample size used in the 

Sullivan et al. (2004) study. The other sample sizes are included to give a sense of how power 

changes with sample size for a given effect size. 

The power estimates vary widely, from 6% (𝐸𝐸𝐸𝐸 =  −0.001 and 𝑛𝑛 = 100) to 100% 

(𝐸𝐸𝐸𝐸 =  −0.027 and 𝑛𝑛 =  350). As expected, the power of the test is smaller at lower effect 

sizes and gets larger as sample size increases. For an effect size of -0.027 and a sample size of 

190, BLW calculate that the Sullivan et al. study has statistical power virtually equal to 100%. 

In other words, if the job loss associated with the CRP was large enough to be of concern to 

policy-makers, BLW’s calculations indicate that the Sullivan et al. study would have been 

virtually assured of obtaining a statistically significant estimate. The fact that they did not 

obtain a statistically significant estimate leads BLW to conclude that the job loss was smaller 

than this.  

Columns II and III in TABLE 4.2 report my efforts to replicate BLW’s results, first 

using their R code and then rewriting their program in Stata. I am able to exactly reproduce 

their results in almost all cases. There are some miniscule differences. For example, when the 

effect size is -0.001 and the sample size is 150, BLW calculate an ex post power value of 0.06, 

whereas my Stata program calculates a power value of 0.07. When the effect size is -0.005 and 

the sample size is 150, BLW report an ex post power value of 0.33, but my R and Stata 

replications for this case produce power values of 0.34 and 0.32, respectively. I attribute these 

differences to rounding and the fact that the random number generators underlying the 

simulations are using different seeds.  

However, the fact that I am almost always able to exactly reproduce their results, or 

come very close to their results, demonstrates that I am correctly implementing their procedure. 
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Using their code, I obtain the results published in their paper. I also obtain results very close to 

those published when using Stata rather than R. 

4.5 Robustness check 

To further test the reliability of the BLW method, I performed two different robustness 

tests. TABLE 4.3 reports the results of two robustness checks, where I check if BLW’s results 

are sustained if (i) I add a constant term, or (ii) use a different resampling procedure. As noted 

above, Sullivan et al. (2004) estimated the following regression: 
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=  𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝 ∙ 𝐶𝐶𝐶𝐶𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡𝑠𝑠 𝑡𝑡𝑝𝑝 𝑤𝑤𝑛𝑛𝑐𝑐𝑝𝑝𝑦𝑦𝑒𝑒 𝑟𝑟𝑝𝑝𝑡𝑡𝑤𝑤𝑝𝑝𝑖𝑖 + 𝑿𝑿𝒊𝒊𝜷𝜷 + 𝜀𝜀𝑖𝑖 

(4.1) 

However, their data matrix 𝑿𝑿𝒊𝒊 did not include a constant term since their dependent 

variable was in differences and they assumed the constant term dropped out. However, it is 

generally considered a bad practice to estimate a regression equation without a constant term. 

This forces the regression line to go through the origin. That is, when X average is zero, Y 

average is forced to be zero, even though the population regression line might not go through 

the origin. This could bias estimates of the coefficients of the model’s variables. To test the 

robustness of BLW’s results, I therefore repeated their analysis, this time adding a constant 

term to the regressions used in the simulations. 

 In addition, I evaluated whether the specific bootstrap method used by BLW affects 

their power estimates. There are two main ways to bootstrap by resampling: (1) treat the 

regressors as random and resample directly from the observations, or (2) treat the regressors as 

fixed and resample from the residuals of the fitted regression model.  

 In the first method, the X’s and residuals are matched with each other and randomly 

sampled as a set. The first method is shown in FIGURE 4.1. In the second method, one uses 

the same X’s in each simulation and randomly samples and matches residuals to observations’ 



91 
 

X values. As shown in FIGURE 4.2, the difference is that the second method will fix the 

independent and control variables and only “shuffle” the residuals. For example, if there are 

190 observations in the original dataset, there will still be 190 observations in the new dataset, 

but the arrangement of the residuals is reordered compared to the original dataset (the same 

residuals still exist in the residuals of the new dataset by allowing repeated sampling). Thus, 

the first observation of the simulated dataset becomes 𝑌𝑌1� = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃1 + 𝛽𝛽1� ∗ 𝑋𝑋1,1 + 𝛽𝛽2� ∗

𝑋𝑋2,1 + ⋯+ 𝑒𝑒32 instead of 𝑌𝑌1� = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃32 + 𝛽𝛽1� ∗ 𝑋𝑋1,32 + 𝛽𝛽2� ∗ 𝑋𝑋2,32 + ⋯+ 𝑒𝑒32. And to 

generate 𝑌𝑌2� , we use 𝑌𝑌2� = 𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃2 + 𝛽𝛽1� ∗ 𝑋𝑋1,2 + 𝛽𝛽2� ∗ 𝑋𝑋2,2 + ⋯+ 𝑒𝑒66  instead of 𝑌𝑌2� =

𝐵𝐵𝑒𝑒𝑡𝑡𝑝𝑝𝑀𝑀𝐶𝐶 ∗ 𝐶𝐶𝐶𝐶𝑃𝑃66 + 𝛽𝛽1� ∗ 𝑋𝑋1,66 + 𝛽𝛽2� ∗ 𝑋𝑋2,66 + ⋯+ 𝑒𝑒66. The second method only resamples the 

residuals. I subsequently refer to these two methods as BLW1 and BLW2, respectively.  

BLW1 continuously resamples the original independent variable X and responding 

residual values together to obtain new sets of data to regress. However, there is a problem with 

BLW1. That is, BLW does not consider the distribution of X after performing resampling.  

Suppose X is dummy variable and there are two cases of 0 and 1. We assume that the 

original 10,000 observations consist of 5,000 observations with X=0 and 5,000 observations 

with X=1, where they are randomly distributed among the 10000 observations. To illustrate 

the consequences of BLW1 for ex post power analysis, I use the following DGP: Y = 

1000+3.92X + error, where error ~ N(0, 𝜎𝜎2), and 𝜎𝜎 = 100.  I create 10,000 observations, with 

half receiving the treatment (X=1) and half not (X=0). Then I have the ex post power 50% (R 

code is placed in the appendix). 

However, when performing resampling, if we want to get a new dataset of size 10,000 

observations, we necessarily randomly select the 10,000 original observations. And because 

original independent variable X can be repeated in the resampling procedure, it is possible that 

we have 7,500 cases where X is 1 and the remaining 2,500 cases where X is 0 out of the 10,000 

observations in the new data set. Thus, the proportion of X=1 before resampling is 50%, while 
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the proportion of X=1 in the new data set after resampling is 75%. The distribution of X has 

changed when using BLW1. 

 I still use this DGP: Y = 1000+3.92X + error, where error ~ N(0, 𝜎𝜎2), and 𝜎𝜎 = 100.  I 

create 10,000 observations, if I change it to three quarters of X received treatment (X=1) and 

one quarter of X  did not (X=0). The ex post power drops to 43% from 50% (see R code in the 

appendix). Therefore, the ex post power using BLW1 changes depending on the distribution of 

X values obtained through resampling. In contract, my BLW2 method, by always using the 

same X’s, is assured of having the same ex post power as the original dataset. 

 In TABLE 4.3, the first column reports the reproducing BLW1 with Stata code. The 

second column reports the results when I repeat the analysis with a constant term in the 

regression. In column 3, I apply the alternative BLW2 resampling method. Because the X’s are 

fixed with this method, the sample size is always equal to the original sample size. As a 

consequence, simulation results are only available for this sample size.  

As one can see from TABLE 4.3, including a constant term made no appreciable 

difference. In contrast, the alternative resampling method BLW2 did make a small difference. 

However, the fact that its results are somewhat different does not necessarily mean that they 

are inferior. This is because at this point, I don’t know what the “true” power of the equation 

is. I explore this further in the next chapter where my simulations are constructed for 

predetermined ex post power values.   

In summary, when adding a constant to their regression analysis, it made no appreciable 

difference. In contrast, the BLW2 method did make a small difference. Since the true power is 

not known, it is not possible to determine which method is closer to the true value. In the next 

study, we can try to know the real power and then compare these two methods. 
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4.6 Further analysis of BLW (2019) 

To do a further analysis of BLW1 method, I create a DGP where I know the true power, 

and then see how well the BLW1 method is able to estimate it. I start with a simple data 

generating process (DGP): 𝑝𝑝𝑖𝑖  =  100 + 𝐸𝐸𝐸𝐸 ∙  𝑇𝑇𝑖𝑖  +  𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑖𝑖 , where 𝐸𝐸𝐸𝐸 is the effect size and 

error ~ N (0, 1002).  I set a sample size of 10,000 observations, with half receiving the treatment 

(T=1) and half not (T=0).  

 Given a significance level 𝛼𝛼 = 0.05  and 𝑁𝑁 = 10,000 , it is easy to complete the 

conversion from the variance of the error term to the standard error of the estimated effect. 

Therefore, in Equation (4.2), 

 
𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� = � σ2

∑(xi−x�)2
× 𝑁𝑁−1

𝑁𝑁−2
 (4.2) 

𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��: The standard error of the estimated effect 

𝜎𝜎2: The variance of the error term 

∑(xi − x�)2 : The sum of squared deviations 

N : Sample size 

 Because observations with half receiving the treatment (X=1) and half not (X=0), 

X={0,1}, 𝑋𝑋�  = 0.5, (𝑋𝑋 − 𝑋𝑋� ) = ±0.5 , (𝑋𝑋 − 𝑋𝑋�)2= 0.25. The sum of squared deviations = 

10,000 × 0.25 = 2500.The variance of the error term is known to be 1002=10000, and the sum 

of squared deviations is 2500. So 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��=�10000
2500

× 9999
9998

 ≈ 2.  

Then I use Equation (4.3) to solve for the effect size that corresponds to a given power 

value: 

 𝐸𝐸𝐸𝐸 =   (𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 + 𝑡𝑡1−𝛼𝛼2,𝑣𝑣) × 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)�   (4.3) 
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ES : Effect size  

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)��  : Estimated standard error of estimated effect size 

v : The degrees of freedom 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

For example, when I set true power to 40%, given a significance level α=0.05 and 

N=10,000, the degrees of freedom v is 9998 because there are total 10,000 observations and 

one X (independent) variable. The degrees of freedom of residual are 𝑣𝑣 =  𝑛𝑛 −  (𝑘𝑘 + 1) =

 10,000 − (1 + 1) = 9998, n is number of observations and k is the number of independent 

variables.  𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 = 1.96, tpower,𝑣𝑣 = t0.4 = −0.25 of the t-distribution with 9,998 degrees of 

freedom. So 𝐸𝐸𝐸𝐸 = (1.96 + (−0.25)) × 2 = 3.42.  

However, there is a problem here in that when the true power is very small, for example 

10% , it is not accurate to use Equation (4.3) to calculate ES. The main reason for this is that 

Equation (4.3) does not take into account the power part to the left of the lower bound, resulting 

in a bigger result than the true ES. I have explained this in detail in Chapter 2 of this thesis and 

will not repeat it here. The correct formula to calculate ES when true power is small should be 

Equation (4.4): 

 
1 − 𝜙𝜙 �𝑡𝑡1−𝛼𝛼2,𝑣𝑣 −

𝐸𝐸𝐸𝐸
𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� � + 𝜙𝜙�𝑡𝑡𝛼𝛼

2,𝑣𝑣 −
𝐸𝐸𝐸𝐸

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� � = 𝑝𝑝𝑝𝑝𝑤𝑤𝑒𝑒𝑟𝑟 (4.4) 

In Equation (4.4), 𝜙𝜙𝜐𝜐 is the cumulative distribution function of the t-distribution with 

9998 degrees of freedom. If α=0.05, 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸)� = 2, 𝑝𝑝𝑝𝑝𝑤𝑤𝑒𝑒𝑟𝑟 = 10%, and 𝑣𝑣 = 9998, the only 

missing part in Equation (4.4) is ES. The ES is solved for, and its size is 1.31. Here I can 
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make a comparison: if I use Equation (4.3) to calculate the ES, the size of the ES is 1.36, 

which is larger than the a more accurate value of ES from Equation (4.4). 

When the true power is 20%, the error obtained using Equation (4.3) is already 

negligible and can therefore be calculated using Equation (4.3). I then solve for the values of 

ES that produce true statistical power equal to 20%, 30%, 40%, 50%, 60%, 70%, 80% and 

90% respectively by Equation (4.3). Only when the true power is 10%, there is a bias in using 

Equation (4.3), so Equation (4.4) is used to calculate the ES. 

Then I use this value for ES of true power 10% in my DGP to simulate a sample of 

10,000 observations with the data generating process (DGP): 𝑝𝑝𝑖𝑖  =  100 + 1.31 ∙  𝑇𝑇𝑖𝑖  +

 𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑖𝑖, error ~ N (0, 1002) as an example.  Half of the observation receive the treatment (T=1) 

and half do not (T=0). I then estimate a regression equation. This gives me a set of residuals, 

𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟� 𝑖𝑖 .  

I take the simulated T values and residuals, and create a new set of y values where I 

replace the estimated coefficient of T with ES = 1.31: 

 𝑝𝑝𝑀𝑀𝐶𝐶,𝑖𝑖  =  100 + 1.31 ∙  𝑇𝑇𝑖𝑖  +  𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟� 𝑖𝑖 (4.5) 

The next step consists of a resampling procedure where the 10,000 observations (𝑝𝑝𝑀𝑀𝐶𝐶,𝑖𝑖, 𝑇𝑇𝑖𝑖, 

𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟� 𝑖𝑖) are resampled with replacement. I then regress y on T using this resampled dataset and 

record whether the estimated coefficient on T is statistically significant. This process is 

repeated 10,000 times. The percent of times one obtains a significant estimate is the statistical 

power from BLW1 method.  

After this process is done, I go back to the original DGP: 𝑝𝑝𝑖𝑖  =  100 + 𝐸𝐸𝐸𝐸 ∙  𝑇𝑇𝑖𝑖  +

 𝑒𝑒𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑖𝑖, simulate another sample of 10,000 observations, estimate another regression, and I 

will get another BLW’s method statistical power. I repeat the whole process another 10,000 

times. At the end, I have a distribution of 10,000 estimated power values for the case when true 

power is 10%.  
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For other cases when true power equal to 20%, 30%, 40%, 50%, 60%, 70%, 80% and 

90%, I use the same method to get the statistical power from BLW1 method. 

I report the results of my Monte Carlo experiments in TABLE 4.4. Column (I) reports 

the true value. Column (II) reports the mean estimate of power using BLW1 method. Column 

(III) reports a 95% “confidence interval”, where the lower and upper bounds are set equal to 

the 0.025 and 0.975 percentile values of the distribution of 10,000 simulated power values.  

I obtained the following mean values associated with true power values = 10%, 20%, 

30%, 40%, 50%, 60%, 70%, 80% and 90%: 9.8%, 19.2%, 29.3%, 39.9%, 50.3%, 60.6%, 72%, 

82% and 92% in this example, respectively. The 95% sample “confidence intervals” all contain 

the true power value.  

The results in the TABLE 4.4 show BLW1 power is very close to the true power, which 

also proves the reliability of the BLW1 method. In FIGURE 4.3, the red line represents the true 

power, and the yellow band represents the 95% confidence interval of BLW power. As we can 

see from the figure, the yellow band contains the main red line, so we can confirm that the ex 

post power calculated by BLW1 method is close to the true power, and we can determine the 

unbiased nature of BLW1 method. 

4.7 Conclusion 

Replication is one of the central issues in any empirical science. To confirm results or 

hypotheses by a repetition procedure is at the basis of any scientific conception (Schmidt, 

2009). Since previous researchers did not come up with an effective analysis method for 

statistical power, I have decided to investigate whether BLW1 method is effective for use in 

real-life data situations. This is important because as things currently stand, researchers do not 

have good tools to determine whether the reason a regression estimate is insignificant is 

because the true effect is zero (or very close to zero), or because the study had too little 

statistical power.  
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After replicating BLW1 and demonstrating that I can successfully implement their 

procedure, I will proceed by further assessing the performance of BLW’s method. To do that, 

I create simulated data and regression equations where I know the true power. I generate 

random samples and estimate regression equations. I then take the estimated results and apply 

BLW’s method to estimate the associated statistical power. Since I know the true power, I can 

compare the ex post, estimated power with the true power to see how well BLW’s method 

performs. 

In the discussion above, I showed how this can be done for a simple example. I will 

expand this example by considering more complicated, but also more realistic, data 

environments.  I will do this by changing the structure of the data. For example, in BLW’s 

paper, authors used cross-sectional data. I will extend their example by studying the 

performance of BLW2 method with time series or panel data. Another extension is to consider 

other types of non-spherical error problems, such as heteroskedasticity and serial correlation.  

I assume the data generating process is given by εXβy += , ( )Ω0ε ,~ N , where Ω  is 

the error variance-covariance matrix.  Given the usual assumptions, if 2σ=Ω I , the OLS 

estimator of β , ( )ˆ −′ ′= 1
OLSβ X X X y , has a number of desirable properties.  Problems arise if 

IΩ 2σ≠  (i.e., the errors are “non-spherical”).  First, the conventional OLS estimator of the 

coefficient variance-covariance matrix is biased, leading to faulty hypothesis tests.  Second, 

the OLS estimator of β  is inefficient (Robinson, 1991).  These special cases are not discussed 

by BLW in their paper. To further verify whether their methods are still valid in these special 

circumstances is the main purpose of the next chapter. 

In summary, while this chapter demonstrated that I can reproduce BLW’s results, it is 

unable to assess whether BLW’s method actually works. The goal of the next chapter will be 

to test BLW’s method using more complicated, and realistic, data environments to see whether 

it can be reliably applied to real-life datasets.  
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4.9 Appendix 

 
TABLE 4. 1 Key regression equation from Sullivan et al. (2004) 

 

 
 
Source: Brown, Lambert, & Wojan (2019). 
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TABLE 4. 2 Replication of BLW’s ex post power results 

 
 

𝑩𝑩𝒆𝒆𝒕𝒕𝑩𝑩𝑴𝑴𝑴𝑴 n BLW 
(I) 

Reproduction-R 
(II) 

Reproduction-Stata 
(III) 

-0.001 100 0.06 0.06 0.06 

-0.001 150 0.06 0.06 0.07 

-0.001 190 0.06 0.06 0.06 

-0.001 200 0.06 0.06 0.07 

-0.001 250 0.07 0.07 0.06 

-0.001 300 0.07 0.07 0.08 

-0.001 350 0.07 0.08 0.08 

-0.005 100 0.24 0.24 0.24 

-0.005 150 0.33 0.34 0.32 

-0.005 190 0.42 0.42 0.43 

-0.005 200 0.43 0.43 0.43 

-0.005 250 0.51 0.51 0.53 

-0.005 300 0.60 0.60 0.60 

-0.005 350 0.67 0.68 0.67 

-0.01 100 0.59 0.59 0.59 

-0.01 150 0.79 0.79 0.79 

-0.01 190 0.88 0.89 0.89 

-0.01 200 0.90 0.90 0.89 

-0.01 250 0.96 0.96 0.95 

-0.01 300 0.98 0.98 0.98 

-0.01 350 0.99 0.99 0.99 

-0.015 100 0.84 0.84 0.84 

-0.015 150 0.96 0.96 0.96 

-0.015 190 0.99 0.99 0.99 

-0.015 200 0.99 0.99 0.99 

-0.015 250 1.00 1.00 1.00 

-0.015 300 1.00 1.00 1.00 

-0.015 350 1.00 1.00 1.00 

-0.027 100 0.99 0.99 0.99 
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𝑩𝑩𝒆𝒆𝒕𝒕𝑩𝑩𝑴𝑴𝑴𝑴 n BLW 
(I) 

Reproduction-R 
(II) 

Reproduction-Stata 
(III) 

-0.027 150 1.00 1.00 1.00 

-0.027 190 1.00 1.00 1.00 

-0.027 200 1.00 1.00 1.00 

-0.027 250 1.00 1.00 1.00 

-0.027 300 1.00 1.00 1.00 

-0.027 350 1.00 1.00 1.00 
 
NOTE: Column I shows the statistical power described in BLW’s paper (Page 10, Table 4). 
Column II shows that statistical powers I replicate when using BLW’s R code. Column III 
shows that statistical powers I get after reprogramming BLW’s method in Stata. All results in 
the table are saved to two decimal places.  
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TABLE 4. 3 Robustness checks 
 

𝑩𝑩𝒆𝒆𝒕𝒕𝑩𝑩𝑴𝑴𝑴𝑴 n Reproduction 
(Stata) 

Robustness1 
(Constant Term) 

Robustness2 
(Bootstrapping Method) 

-0.001 100 0.06 0.06 ---- 

-0.001 150 0.06 0.07 ---- 

-0.001 190 0.06 0.06 0.09 

-0.001 200 0.07 0.07 ---- 

-0.001 250 0.06 0.07 ---- 

-0.001 300 0.08 0.08 ---- 

-0.001 350 0.08 0.08 ---- 

-0.005 100 0.24 0.24 ---- 

-0.005 150 0.32 0.32 ---- 

-0.005 190 0.43 0.42 0.49 

-0.005 200 0.43 0.43 ---- 

-0.005 250 0.53 0.52 ---- 

-0.005 300 0.60 0.60 ---- 

-0.005 350 0.67 0.66 ---- 

-0.01 100 0.59 0.58 ---- 

-0.01 150 0.79 0.78 ---- 

-0.01 190 0.89 0.88 0.94 

-0.01 200 0.89 0.89 ---- 

-0.01 250 0.95 0.95 ---- 

-0.01 300 0.98 0.98 ---- 

-0.01 350 0.99 0.99 ---- 

-0.015 100 0.84 0.84 ---- 

-0.015 150 0.96 0.96 ---- 

-0.015 190 0.99 0.99 1.00 

-0.015 200 0.99 0.99 ---- 

-0.015 250 1.00 1.00 ---- 

-0.015 300 1.00 1.00 ---- 

-0.015 350 1.00 1.00 ---- 

-0.027 100 0.99 0.99 ---- 

-0.027 150 1.00 1.00 ---- 

-0.027 190 1.00 1.00 1.00 
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𝑩𝑩𝒆𝒆𝒕𝒕𝑩𝑩𝑴𝑴𝑴𝑴 n Reproduction 
(Stata) 

Robustness1 
(Constant Term) 

Robustness2 
(Bootstrapping Method) 

-0.027 200 1.00 1.00 ---- 

-0.027 250 1.00 1.00 ---- 

-0.027 300 1.00 1.00 ---- 

-0.027 350 1.00 1.00 ---- 
 
NOTE: “Reproduction (Stata)” identifies statistical powers I get after reprogramming BLW’s 
method in Stata. “Robustness1” means the first robustness check where I include a constant 
term. “Robustness2” means I apply the alternative bootstrapping method. All results in the table 
are reported to two decimal places. 
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TABLE 4. 4 Replication of BLW1 power with DGP results  
 

n 𝑩𝑩𝒆𝒆𝒕𝒕𝑩𝑩𝑴𝑴𝑴𝑴 
True 

Power 
(I) 

BLW’s Power 
(II) 

95% Sample 
Interval 

(III ) 
10000 1.31 0.100 0.098 (0.096, 1.005) 

10000 2.24 0.200 0.192 (0.183, 0.202) 

10000 2.87 0.300 0.293 (0.279, 0.308) 

10000 3.42 0.400 0.405 (0.379, 0.419) 

10000 3.92 0.500 0.503 (0.477, 0.528) 

10000 4.43 0.600 0.605 (0.576, 0.636) 

10000 4.97 0.700 0.720 (0.684, 0.756) 

10000 5.60 0.800 0.820 (0.779, 0.861) 

10000 6.48 0.900 0.915 (0.869, 0.960) 
 
NOTE: Column I shows the statistical power I set in my data generating process (DGP), which 
is true power. Column II shows that statistical powers I get by BLW1 method. Column III 
shows a 95% sample interval of BLW’s power. In order to check the difference between true 
power and BLW’s power and whether true power falls into the 95% sample interval of BLW’s 
power, results in Column I, Column II and Column III are saved to three decimal places.  
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FIGURE 4. 1 Schematic diagram of original BLW1 bootstrapping method 
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FIGURE 4. 2 Schematic diagram of BLW2 bootstrapping method 
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FIGURE 4. 3 Replication of BLW1 power with DGP results 
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4.10 Code sources 

I will place the R language code for generating all graphs in the space below, I do this 

for two purposes, the first purpose being to allow the reader to refer directly to the code if they 

have questions about what I have done that are not covered in the text. The second purpose is 

to demonstrate that I will use replicable practices in my thesis research. I plan to post all my 

codes on a shared site such as OSF after I finish my thesis.  

// This code reproduces simulation results in Table XX. 
etime, start 
drop _all 
clear 
set matsize 11000 
matrix output = J(40, 6, .) 
 
forvalues x = 1(1)4{ 
use "\\file\UsersJ$\jti49\Home\Desktop\Brown\crp.dta", clear 
gen constant=1 
mat eff = (-0.001,  -0.005, -0.01, -0.015, -0.027) 
mat msize = (50, 100, 150, 190, 200, 250, 300, 350) 
set seed 1234321 
scalar conFl=0 
scalar robu = 0 
scalar w = 5 - `x' 
if w==2{ 
 scalar conFl = 1 
} 
if w==3{ 
 scalar robu = 1 
} 
if w==4{ 
 scalar conFl = 1 
 scalar robu = 1 
} 
if conFl==0 { 
 regress le8500lh crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh pctailh pctbllh 
phis80lh pcroplh pslvslh gpaylh a82pwhlh plhs80lh pbaya8lh c80lfelh 
lmedhylh natamlh forpctlh greatplh c80minlh c80reclh c80comlh 
meatpllh casinolh prisonlh, noconstant 
 matrix coef=e(b) 
 matrix tcoef = coef' 
 predict yhat 
 gen res = le8500lh-yhat 
 mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh lp7082lh 
lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
    pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
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    lmedhylh natamlh forpctlh greatplh c80minlh 
c80reclh c80comlh meatpllh casinolh prisonlh res , matrix(X) 
 if robu==1{ 
  mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
    pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
    lmedhylh natamlh forpctlh greatplh c80minlh c80reclh 
c80comlh meatpllh casinolh prisonlh, matrix(Z) 
  set obs 190  
 } 
 scalar nvar = 31 
 drop yhat 
} 
if conFl==1 { 
 regress le8500lh crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh pctailh pctbllh 
phis80lh pcroplh pslvslh gpaylh a82pwhlh plhs80lh pbaya8lh c80lfelh 
lmedhylh natamlh forpctlh greatplh c80minlh c80reclh c80comlh 
meatpllh casinolh prisonlh 
 matrix coef=e(b) 
 matrix tcoef = coef' 
 predict yhat 
 gen res = le8500lh-yhat 
 mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh lp7082lh 
lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
    pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
    lmedhylh natamlh forpctlh greatplh c80minlh 
c80reclh c80comlh meatpllh casinolh prisonlh constant res , matrix(X) 
 if robu==1{ 
  mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
    pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
    lmedhylh natamlh forpctlh greatplh c80minlh c80reclh 
c80comlh meatpllh casinolh prisonlh constant, matrix(Z) 
  set obs 190 
 } 
 scalar nvar = 32 
 drop yhat 
} 
if w<3 { 
 expand 2 
} 
scalar cnt = 0 
scalar rowcnt = 1 
if robu==0{ 
forvalues i = 1(1)5{ 
 scalar effect = eff[1,`i'] 
 matrix tcoef[1,1] = effect 
forvalues j = 1(1)8{ 
 scalar m = msize[1,`j'] 
 scalar mm = m 
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 scalar cnt = 0 
 display "[" rowcnt "/35]  " "effect =" effect "    m=" mm 
forvalues k = 1(1)10000{ 
 preserve 
 bsample(mm) //Set obs 
 if conFl==0 { 
  mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
    pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
    lmedhylh natamlh forpctlh greatplh c80minlh 
c80reclh c80comlh meatpllh casinolh prisonlh, matrix(Z) 
  mkmat res, matrix(esim) 
 } 
 if conFl==1 { 
  mkmat crplh lden80lh denxcrpd c80paglh ldenxaglh 
lp7082lh lp8285lh le7082lh le8285lh pu1880lh c80p62lh /// 
   pctailh pctbllh phis80lh pcroplh pslvslh gpaylh 
a82pwhlh plhs80lh pbaya8lh c80lfelh                      /// 
   lmedhylh natamlh forpctlh greatplh c80minlh 
c80reclh c80comlh meatpllh casinolh prisonlh constant, matrix(Z) 
  mkmat res, matrix(esim) 
 }  
 //Estimating Beta, SE, tstat and pvalue// 
 matrix  beta = syminv(Z' * Z)*Z'*(Z * tcoef + esim) 
 matrix uhat = (Z * tcoef + esim) - Z*beta 
 scalar nmk = mm - nvar // set freedom degree 
 scalar nmk1 = 1/nmk 
 matrix sigma2= nmk1 * uhat' * uhat  
 matrix VCOV = sigma2 * syminv(Z' * Z) 
 scalar se = sqrt(VCOV[1,1]) 
 scalar tstat = beta[1,1]/se 
 scalar pval =  1-ttail(nmk, tstat)  
 
 if pval<0.05 { 
  scalar cnt = cnt + 1/10000 
 } 
 restore  
} 
matrix output[rowcnt, 1] = effect 
matrix output[rowcnt, 2] = mm 
matrix output[rowcnt, w+2] = cnt 
display output[rowcnt,1] "  " output[rowcnt,2] "  " output[rowcnt, w+2] 
scalar rowcnt = rowcnt +1 
} 
} 
} 
if robu==1 { 
scalar rowcnt = -4 
forvalues i = 1(1)5{ 
 scalar effect = eff[1,`i'] 
 matrix tcoef[1,1] = effect 
 scalar cnt = 0 
 scalar rowcnt = rowcnt + 8 
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 display "[" `i' "/5]  " "effect =" effect "    m=190"  
forvalues k = 1(1)10000{ 
 generate newError = rnormal(0,0.15) 
 mkmat newError, matrix(robuRes) 
 //Estimating Beta, SE, tstat and pvalue// 
 matrix  beta = syminv(Z' * Z)*Z'*(Z * tcoef + robuRes) 
 matrix uhat = (Z * tcoef + robuRes) - Z*beta 
 scalar nmk = 190 - nvar // set freedom degree 
 scalar nmk1 = 1/nmk 
 matrix sigma2= nmk1 * uhat' * uhat  
 matrix VCOV = sigma2 * syminv(Z' * Z)  
 scalar se = sqrt(VCOV[1,1]) 
 scalar tstat = beta[1,1]/se 
 scalar pval =  1-ttail(nmk, tstat) 
 if pval<0.05 { 
  scalar cnt = cnt + 1/10000 
 } 
 drop newError 
} 
matrix output[rowcnt,  w+2] = cnt 
display output[rowcnt, w+2] 
} 
} 
svmat output 
keep output1 output2 output3 output4 output5 output6 
} 
rename output1 EffectSize 
rename output2 SampleSize 
rename output3 Original 
rename output4 OriginalwConstant 
rename output5 Robust 
rename output6 RobustwConstant 
export delimited EffectSize SampleSize Original OriginalwConstant 
Robust RobustwConstant using 
"\\file\UsersJ$\jti49\Home\Desktop\Brown\Alex_Simulation_Results_V1.csv", replace 
matlist output 
etime 

 
 
 
 
 
To generate FIGURE 4.3: 
rm(list=ls()) 
 
TargetPower=c(0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9) 
BrownPvalUpper=c(0.105,0.202,0.308,0.419,0.528,0.636,0.756,0.861,0.960) 
BrownPvalLower=c(0.096,0.183,0.279,0.379,0.477,0.576,0.684,0.779,0.869) 
 
 
par(mar = c(5, 5, 5, 5)) 
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plot(100*TargetPower, 100*TargetPower,xlim=100*c(0.1,0.9), 
ylim=100*c(0.1,0.9), col="white", main="BLW Power(yellow) and true Statistical Power 
", ylab="Power(%)", xlab="Power(%)", cex.lab=1, cex.main=1,lty=1); 
lines(100*TargetPower, 100*BrownPvalUpper, col="white", lwd=2) 
lines(100*TargetPower, 100*BrownPvalLower, col="white", lwd=2) 
par(new=T); polygon(c(100*TargetPower, rev(100*TargetPower)),  
                    c(100*BrownPvalUpper, rev(100*BrownPvalLower)), 
                    col = "#FFFF66", border = NA) 
 
lines(seq(0,100,0.001), seq(0,100,0.001), 
      xlim=100*c(0.1,0.9), ylim=100*c(0.1,0.9), 
      col="red", ylab="", xlab="", main="");  

 
 
 
 
 
 
 
To get the replication result of DGP when the distribution of X changes: 
 
When X=1 is 50% of all observations, 
rm(list=ls()) 
set.seed(12345) 
 
NumberofIteration <- 10000 # number of simulation 
SampleSize <- 10000 # sample size for each regression 
NumRowsShow <- 10 # will print 10 rows on the console 
 
### DO NOT CHANGE CODES BELOW 
Ttreatment <- c(rep(1,SampleSize*1/2), rep(0,SampleSize*1/2)) 
significant <- c() 
observedPower <- c() 
EstimatedEffect <- c() 
StandardError <- c() 
TStatistics <- c() 
Critical_Tstat <- c() 
 
for(i in 1:NumberofIteration){ 
  Y <- 1000+ 3.92*Ttreatment + rnorm(SampleSize , 0, sd=100) 
 reg<-summary(lm(Y~Ttreatment)) 
  significant <- c(significant , reg$coefficients[2,4]<0.05) 
  observedPower <- c(observedPower , pnorm(reg$coefficients[2,3] 
                                               -qt(0.975, df= 
SampleSize -2))) 
  EstimatedEffect <- c(EstimatedEffect , reg$coefficients[2,1]) 
  StandardError <- c(StandardError , reg$coefficients[2,2]) 
  TStatistics <- c(TStatistics , reg$coefficients[2,3]) 
  Critical_Tstat <- c(Critical_Tstat , qt(0.975, df=SampleSize -
2)) 
      } 
      mean(significant) 
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    #   hist(observedPower,main="Observed power (true power=80%)", xlab=("Observed power")) 
    #   abline(v = 0.2, lwd = 3, col = "red", lty = 2) 
      Results <- cbind.data.frame(TruePower=mean(significant),  
                                     ObservedPower=observedPower , 
EstimatedEffect=EstimatedEffect ,  
                                     StandardError= StandardError , 
TStatistics=TStatistics , Critical_Tstat=Critical_Tstat) 
       print(Results[1:NumRowsShow ,]) 
     summary(observedPower) 
     

 
When X=1 is 75% of all observations, 
rm(list=ls()) 
set.seed(12345) 
 
NumberofIteration <- 10000 # number of simulation 
SampleSize <- 10000 # sample size for each regression 
NumRowsShow <- 10 # will print 10 rows on the console 
 
### DO NOT CHANGE CODES BELOW 
Ttreatment <- c(rep(1,SampleSize*3/4), rep(0,SampleSize*1/4)) 
significant <- c() 
observedPower <- c() 
EstimatedEffect <- c() 
StandardError <- c() 
TStatistics <- c() 
Critical_Tstat <- c() 
 
for(i in 1:NumberofIteration){ 
  Y <- 1000+ 3.92*Ttreatment + rnorm(SampleSize , 0, sd=100) 
 reg<-summary(lm(Y~Ttreatment)) 
  significant <- c(significant , reg$coefficients[2,4]<0.05) 
  observedPower <- c(observedPower , pnorm(reg$coefficients[2,3] 
                                               -qt(0.975, df= 
SampleSize -2))) 
  EstimatedEffect <- c(EstimatedEffect , reg$coefficients[2,1]) 
  StandardError <- c(StandardError , reg$coefficients[2,2]) 
  TStatistics <- c(TStatistics , reg$coefficients[2,3]) 
  Critical_Tstat <- c(Critical_Tstat , qt(0.975, df=SampleSize -
2)) 
      } 
      mean(significant) 
        
    #   hist(observedPower,main="Observed power (true power=80%)", xlab=("Observed power")) 
    #   abline(v = 0.2, lwd = 3, col = "red", lty = 2) 
      Results <- cbind.data.frame(TruePower=mean(significant),  
                                     ObservedPower=observedPower , 
EstimatedEffect=EstimatedEffect ,  
                                     StandardError= StandardError , 
TStatistics=TStatistics , Critical_Tstat=Critical_Tstat) 
       print(Results[1:NumRowsShow ,]) 
     summary(observedPower) 
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Chapter 5. Which method should I use for calculating ex post 

power? -- Evidence from a Monte Carlo Experiment 
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5.1 Introduction 

In empirical economic research, obtaining accurate ex post power values can be very 

useful. Among other things, they can be used to determine whether a finding of statistical 

insignificance is due to a small effect size or insufficient statistical power. However, ex post 

power calculations have a bad reputation because a common practice has frequently used an 

inappropriate method known as “observed power”.  “Observed power” uses the estimated 

effect size as the assumed correct effect size and then calculates the power associated with that 

effect size. Though widely used, this method has been demonstrated to produce biased 

estimates of statistical power (Yuan & Maxwell, 2005). Researchers have been looking for a 

way to get ex post power and apply it to real cases.  

Brown, Lambert & Wojan (2019), henceforth BLW, propose an innovative 

“bootstrapping” method to calculate ex post power. Bootstrapping is a computer-based 

technique for inferring the sampling distribution of a statistics by drawing repeated samples 

directly from the sample itself (as opposed to resampling from a population) (Chong & Choo, 

2011). These repeated samples are called resamples. By continuously resampling the original 

independent variables and residuals, BLW obtain new sets of data to regress. In the previous 

chapter, I demonstrated that I can successfully implement their procedure. However, I noted 

that BLW’s procedure changed the distribution of the original independent variables X. 

Whether this has an impact on the final calculation result is one of the questions that this chapter 

seeks to investigate.  For example, suppose independent variable X is a dummy variable taking 

values of 0 and 1 to indicate whether the observation received treatment. Suppose further that 

an original dataset consists of 10,000 observations, with 5,000 observations where X=0 and 

5,000 observations where X=1, with treatment being randomly distributed among the 10000 

observations. After BLW’s procedure resampling, it is possible to have 7,500 cases where X is 

1 and 2,500 cases where X is 0. This changes the distribution of X. Whether changing the 
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distribution of X will have an effect on the final power outcome is inconclusive in the academic 

literature. 

If a researcher wants to implement bootstrapping without changing the distribution of 

X, there is another method to achieve this. Accordingly, I call this related method “BLW2”, to 

distinguish it from original BLW’s method, which I call “BLW1”. The main difference is that 

BLW2 does not resample the independent variables, but only the residuals. Efron and 

Tibshirani (1993) argue that it is inconclusive which of these two methods gets closer to some 

original data set statistic (mean, median, correlation coefficient, regression coefficients, 

smoothing curve, difference in mean-squared error etc.). Efron and Tibshirani (1993) note that 

BLW2 requires more assumptions than BLW1. These assumptions include that the error term 

is independent of the explanatory variable X and that the distribution of the error term is the 

same, regardless of the value of X. Efron and Tibshirani (1993) believe that if the regression 

model does not satisfy these assumptions, BLW1 (Bootstrapping pairs) should be used instead 

of BLW2 (Bootstrapping residuals).  

Shao (1996) argues that in regression analysis, resampling residuals (BLW2) assumes 

that the model gets the shape of the regression function right but doesn’t make any assumption 

about how the residuals are distributed. For BLW1, resampling whole rows from the data frame 

(including X and residuals together) assumes nothing at all about either the shape of the 

regression function or the distribution of the residuals. It just assumes that each data point (row 

in the data frame) is an independent observation.  

Shao (1996) concludes that using BLW1 (resampling cases) would be “safer” than 

using BLW2 (resampling residuals) when one isn’t sure that the model meets these assumptions. 

BLW2 should be used if it is determined that the model meets these assumptions, as BLW2 

will give narrower confidence intervals for the statistic (mean, median, correlation coefficient, 

regression coefficients, smoothing curve, difference in mean-squared error etc.). However, 
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which of the two methods yields more accurate ex post power is still inconclusive in the 

academic literature, and this is the question that needs to be investigated in this chapter. 

Another method based on Roodman et al. (2019) uses the wild cluster bootstrap method 

to get inference from the clustered data. Wild cluster bootstrap was proposed in Cameron, 

Gelbach  & Miller (2008) and its validity  was proved in Djogbenou, MacKinnon, and Nielsen 

(2018). In contrast to BLW1 and BLW2, the wild cluster bootstrap keeps the distribution of 

both the independent variables X and residuals fixed. The wild cluster bootstrap multiplies 

clusters of residuals by randomly chosen constants to generate different resamples. Wild cluster 

bootstrapping has the advantage of holding the distribution of independent variable X constant.  

Cameron, Gelbach & Miller (2008) prove that the wild cluster bootstrap procedure 

often works well even when the number of clusters is relatively small. The cluster robust 

variance estimator has been shown to work well only when the number of clusters is large 

(Liang & Zeger, 1986). This is one of the advantages of the wild cluster bootstrap over the 

cluster robust variance estimator. I will set up a data environment with clusters in this Chapter. 

Since the wild cluster method is similar to BLW1 and BLW2 in that it produces many 

simulations and estimates power by the percent of significant estimates, I refer to the wild 

cluster method as BLW3. 

The fourth method I use to calculate ex post power is something I refer to as the “SE-

ES” procedure. SE-ES stands for “Standard Error-Effect Size”. I take this approach from a 

blogpost by McKenzie and Ozier (2019). They note that estimates of standard errors are very 

stable compared to estimates of effect sizes. It is the variation in the latter that renders 

“Observed Power” too imprecise to be useful. Accordingly, the SE-ES method is an ex post 

power calculation in which the researcher replaces the population coefficient standard error 

with the actual estimated standard error after the experiment, based on the ex ante power 

calculation formula. However, this method has only recently been proposed by researchers, 
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and since there are substitutions in the parameters, the accuracy of the calculated ex post power 

needs to be verified.  

To test how these four methods will perform in “real-world” situations, it is necessary 

to explore both simple and complex data cases, where simple data means the error is spherical 

and complex data refer to data that contain non-spherical errors. Non-spherical errors are a 

common in real-world data. Associated behaviours include heteroscedasticity and clustered 

errors. Whether these methods calculating ex post power can still yield accurate results in a 

real-world data environment is the focus of this chapter. In this chapter, I thus simulate both a 

simple (spherical errors) and a complex (non-spherical errors) data environment to assess the 

performance of these methods.  

A criticism of the Monte Carlo experimental approach is that the values of the 

population parameters used in the experiment may not be representative of “real world” data. 

While I consider both simple settings (spherical errors) and complex settings that allow for 

non-spherical errors data structures, this does not mean that I have fully addressed the 

question of whether Monte Carlo experiments are representative of real-world data. But at 

least I make a step towards addressing this criticism. The purpose of my Monte Carlo 

simulation here is to find out which of BLW1, BLW2, BLW3 and SE-ES these methods for 

estimating power is closest to the true power value, in the environments I simulate. 

In practical research, clustered errors are common. There are many examples of this. In 

the development economic literature, disturbances in various outcomes may be clustered by 

village, province, or country, depending on the nature of the model and the data set 

(MacKinnon, 2019). According to Cameron & Miller (2010) and Reed & Ye, 2011, clustered 

errors, if not properly handled, will lead to: (1) confidence intervals that are too narrow, (2) t-

statistic that are too large, and (3) misleadingly small p-values. These consequences occur when 

clustering occurs in the data but is ignored in the estimation. 
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The model I use for simulating the clustering problem is based on the intra-cluster 

correlation (ICC). The intra-cluster correlation coefficient, usually denoted as rho ( ), 

quantifies the degree of similarity in the responses of individuals in the same group to the 

outcome (Eldridge et al., 2009). Intra-cluster correlation coefficients are usually calculated 

directly from completed trials (Cosby et al., 2003), but sometimes from survey or audit data 

(Adams et al., 2004; Campbell et al., 2005), sometimes taking into account covariates (Adams 

et al., 2004). Another non-spherical error problem is cross-sectional correlation (Hoyos & 

Sarafidis, 2006). Cross-sectional correlation means errors have interaction between different 

clusters. This is also the case in real data. For example, within clusters (villages, states, 

countries, etc.) people are affected by common, unobserved shocks, say, due to a single 

currency, or due to common climatic environment. In order to simulate the existence of 

clustering and cross-sectional correlation at the same time, I use the well-known Parks’ model 

(Parks, 1967).  

Later on, I will mainly use the research materials provided by 3ie (International 

Initiative for Impact Evaluation). Clustering is of particular interest in ex post power analyses 

of their data. 3ie is an international grant-making NGO promoting evidence-informed 

development policies and programmes. They are a global leader in funding and producing high-

quality evidence of what works, how, why and at what cost in international development. As 

part of their grant application process they require applicants to submit a power analysis to 

demonstrate that their proposed study has sufficient power to identify a significant effect if one 

exists.  

In development economics, ex ante power calculations are commonly calculated for the 

purposes of setting sample sizes in randomized control trials. Treatments are frequently 

administered at the village level, introducing within-village clustering. My simulations are 

designed with this RCT context in mind. 
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I set the true ex post power of the data to 80%. Compared to Chapter 4 where I looked 

at BLW1 and BLW2 method in a simple data environment (spherical error), in this chapter, I 

expand the experiment to a complex data environment (non-spherical error) and add two 

more potential ex post power calculation methods to find which one is best in terms of 

unbiasedness and efficiency.  

The chapter proceeds as follows. Section 5.2 describes the Monte Carlo experiments, 

including a description of the DGP and how to get the effect size. Section 5.3 introduces BLW1, 

BLW2, BLW3 and SE-ES. Section 5.4 analyses the results of the Monte Carlo experiments. 

Section 5.5 concludes. 

5.2 Description of the Monte Carlo Experiments 

5.2.1 The Data Generating Process (DGP) 

My simulated data environments are designed to incorporate 4 different Monte Carlo 

environments. I start from the simplest model with spherical errors, then analyse models with 

clustered errors where the data contains non-spherical errors. Finally, I construct a  model with 

both clustered errors and cross-sectional dependence using the Parks Model. I model the 

following DGP: 

 𝑌𝑌 = 1 + 𝐸𝐸𝐸𝐸 ∙ 𝑋𝑋 +  𝜀𝜀 (5.1) 

Y : Dependent variable 

X :  A dummy independent variable, half of  X  get treated (X=1), half of X not treated (X=0).  

ES : Effect size 

𝜀𝜀 : Error term 

Note that 𝜀𝜀 is an error term, sometimes called the disturbance, and refers to things that 

cannot be observed. In contrast, residuals (e) can be observed. It is important to remember that 

𝜀𝜀 ≠ 𝑒𝑒). 
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There are a total of 𝑁𝑁 × 𝑇𝑇 observations for both X and Y. N represents the number of 

clusters, T represents the number of people in each cluster. To simplify the model, I set the 

number of people in each cluster to be the same. In order to try and make my experiments 

realistic, I model my simulations after actual research projects funded by 3ie, from which I 

have been provided 23 research projects.  

For each of the 23 research studies provided by 3ie, the samples consist of clustered 

data. For example, treatments are typically carried out at the village level, so that each village 

is a cluster. Of course, the sample size, the number of clusters, and the size of each cluster are 

different for each paper. TABLE 5.1 reports information on total number of observations, 

number of clusters, and average cluster size for each study. In each paper I look for the the 

main variables of interest in the papers to calculate the ex post power. For example, in TABLE 

5.1, there are 2 main outcome variables in Project ID 1. These two variables are Total weekly 

cash as stated by the youth and Number of assets owned. The total number of observations in 

paper No.1 is 3542, and there are 394 clusters in the data set. Average cluster size is 9 people 

in each cluster.  

TABLE 5.2 presents detailed descriptive statistic for the sample of 23 papers. For 

example, Panel A reports that the total number of observations used in the studies range from 

1268 to 20872. The number of observations of the 1st and 3rd quartile is approximately 3,000 

and 10,000. The corresponding total cluster number size is 50 and 200 (cf. Panel B). The 

average number of people in each cluster is 100. The reason I report this information is I want 

my simulations to look somewhat like the 3ie data for which I will later be calculating ex post 

power. 

For the different experiments, I set the total number of observations 𝑁𝑁 × 𝑇𝑇 =

3,000 𝑝𝑝𝑟𝑟 10,000. I use 4 different number of clusters/cluster size combinations : {30×100}, 

{100×30}, {100×100} and {250×40}. For the first combination {30×100}, the first number 
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30 means how many clusters are used in the simulation data set, and the later number 100 

means that each cluster has 100 people. By setting different cluster sample sizes, I can further 

explore whether different cluster sizes or total sample sizes will have an impact on the final ex 

post power calculation results.  

The error term (𝜀𝜀 ) cannot be observed directly. No one knows exactly what the 

distribution of the true error terms looks like (Zellner, 1962). I assume in the DGP that error 

term 𝜀𝜀~ 𝑁𝑁(0,𝜴𝜴𝑁𝑁𝑁𝑁). The error term follows a normal distribution with mean 0 and variance-

covariance 𝜴𝜴𝑁𝑁𝑁𝑁. 𝜴𝜴𝑁𝑁𝑁𝑁 is the expected value of the outer product of the vector of model errors, 

𝐸𝐸[𝜀𝜀𝜀𝜀 ,]. I simulate the real-world data environment by setting different 𝜴𝜴𝑁𝑁𝑁𝑁. Below I detail how 

to simulate a real data environment by setting up different 𝜴𝜴𝑁𝑁𝑁𝑁.  

It is worth noting that in the previous section I mentioned that the BLW1 and BLW2 

methods have different assumptions, where the BLW2 method uses the assumption that X and 

the error term are independent of each other, whereas the BLW1 method uses the assumption 

that X and the error term do not necessarily need to be independent of each other, but may be 

correlated, without affecting the use of the BLW1 method. In my experiments, I set the X and 

error terms to be independent of each other, so that the assumptions set can satisfy both BLW1 

and BLW2. 

5.2.1.1 Monte Carlo Environment #1: Spherical Errors (𝜴𝜴𝑵𝑵𝑵𝑵𝑵𝑵 = 𝝈𝝈𝟐𝟐𝑰𝑰) 

Monte Carlo Environment 1 (hereafter referred to as “Environment 1”), is constructed 

so that the errors are homoscedastic with no clustered errors. I set variance covariance matrix 

𝜴𝜴𝑁𝑁𝑁𝑁1 as:                                                              
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𝜴𝜴𝑁𝑁𝑁𝑁1 = 𝜎𝜎2 ∙

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
1 0 ⋯ 0 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
0 1 ⋯ 0 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
0 0 ⋯ 1 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
0 0 ⋯ 0 1 0 ⋯ 0 ⋯ 0 0 ⋯ 0
0 0 ⋯ 0 0 1 ⋯ 0 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
0 0 ⋯ 0 0 0 ⋯ 1 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋯ ⋮
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 1 0 ⋯ 0
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 0 1 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 0 0 ⋯ 1⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

 

(5.2) 

In the 𝜴𝜴𝑁𝑁𝑁𝑁1, 𝜎𝜎2 = 9. Here, sigma square is a constant parameter, but other values can 

be chosen. I have set it to 9 for ease of calculation. The matrix is a 𝑁𝑁𝑇𝑇 × 𝑁𝑁𝑇𝑇 matrix. It has 𝑁𝑁𝑇𝑇 

rows and 𝑁𝑁𝑇𝑇 columns. In the matrix, only the value on the main diagonal is 1, the rest of the 

values are 0. The matrix could be viewed as 𝜎𝜎2 ∙ 𝑰𝑰 , where 𝑰𝑰  is the identity matrix. The 

assumption of homoskedasticity states that the variance of 𝜀𝜀𝑖𝑖 is the same (𝜎𝜎2 ) for all 

observations i, for example, var[𝜀𝜀𝑖𝑖 ∣ 𝑋𝑋] = 𝜎𝜎2 ∀ 𝑤𝑤 .  

The assumption of no clustering (uncorrelated errors) means that cov�𝜀𝜀𝑖𝑖, 𝜀𝜀𝑗𝑗 ∣ 𝑋𝑋� =

0 ∀𝑤𝑤 ≠ 𝑗𝑗, for example, knowing something about the disturbance term for one observation i 

tells us nothing about the disturbance term for any other observation j. Error terms that meet 

the two assumptions of homoskedasticity and no clustered errors are referred to as spherical 

error terms. This is also the ideal error term. According to the Gauss-Markov Theorem, the 

OLS estimator is the Best Linear, Unbiased and Efficient estimator (BLUE). The main purpose 

of setting up Environment 1 is to assess the performance of all 4 methods under ideal conditions 

when errors are spherical.  

5.2.1.2 Monte Carlo Environment #2: Non-Spherical (Clustered) Errors 

In the second Environment, I set variance covariance matrix 𝜴𝜴𝑁𝑁𝑁𝑁2 as:  
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𝜴𝜴𝑁𝑁𝑁𝑁2 = 𝜎𝜎2 ∙

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
1 𝜌𝜌 ⋯ 𝜌𝜌 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
𝜌𝜌 1 ⋯ 𝜌𝜌 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
𝜌𝜌 𝜌𝜌 ⋯ 1 0 0 ⋯ 0 ⋯ 0 0 ⋯ 0
0 0 ⋯ 0 1 𝜌𝜌 ⋯ 𝜌𝜌 ⋯ 0 0 ⋯ 0
0 0 ⋯ 0 𝜌𝜌 1 ⋯ 𝜌𝜌 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
0 0 ⋯ 0 𝜌𝜌 𝜌𝜌 ⋯ 1 ⋯ 0 0 ⋯ 0
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋯ ⋮
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 1 𝜌𝜌 ⋯ 𝜌𝜌
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 𝜌𝜌 1 ⋯ 𝜌𝜌
⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋱ ⋮ ⋯ ⋮ ⋮ ⋱ ⋮
0 0 ⋯ 0 0 0 ⋯ 0 ⋯ 𝜌𝜌 𝜌𝜌 ⋯ 1⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

 

(5.3) 

In the 𝜴𝜴𝑁𝑁𝑁𝑁2, I still set 𝜎𝜎2 = 9. On the main diagonal of main matrix, there are N clusters 

distributed, which are each enclosed by a dashed line. Each cluster is a submatrix of size 𝑇𝑇 × 𝑇𝑇, 

with a value of 1 on the diagonal of the submatrix and a value of rho (𝜌𝜌) on the submatrix other 

than the diagonal. Outside this main diagonal of submatrices, all values are 0. The economics 

of such a matrix means that within each cluster (submatrix) there is an interaction between 

observation i and observation j. The magnitude of this effect is the same for each individual, 

and this effect can be quantified as rho (𝜌𝜌), cov�𝜀𝜀𝑖𝑖, 𝜀𝜀𝑗𝑗 ∣ 𝑋𝑋� = 𝜎𝜎2𝜌𝜌 ∀ 𝑤𝑤 ≠ 𝑗𝑗, where the error 

terms belong to the same cluster. On the other hand, errors from different clusters are assumed 

to be independent. Thus, all the submatrices off the main diagonal of submatrices are populated 

with zeroes.  

Rho (𝜌𝜌) represents the size of the link between members of each cluster, with larger 

values representing stronger links and smaller values representing weaker links. The value of 

rho lies between 0 and 1. Therefore, I set three different values of rho in the experiment: 𝜌𝜌 =

0.3 (weak link), 𝜌𝜌 = 0.5 (medium link) and 𝜌𝜌 = 0.7 (strong link). By setting different rho 

values, it helps us to analyze whether the results of all four methods vary with rho. This 𝜌𝜌 value 

is common for within-cluster error correlations for all the separate clusters in the data. 
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5.2.1.3 Monte Carlo Environment #3: Parks Model with No Cross-sectional Correlation 

In the third Environment, I assume that the error structure is characterized by variance-

covariance matrix 𝜴𝜴𝑁𝑁𝑁𝑁3, described in Equation (5.4), which is based on the Parks Model of the 

error variance-covariance matrix (Parks, 1968).  

 

𝜴𝜴𝑁𝑁𝑁𝑁3 = ∑⊗𝚷𝚷 

 

𝚺𝚺 = �

𝜎𝜎𝜀𝜀,11 𝜎𝜎𝜀𝜀,12 ⋯ 𝜎𝜎𝜀𝜀,1𝑁𝑁
𝜎𝜎𝜀𝜀,21 𝜎𝜎𝜀𝜀,22 ⋯ 𝜎𝜎𝜀𝜀,2𝑁𝑁
⋮ ⋮ ⋱ ⋮

𝜎𝜎𝜀𝜀,𝑁𝑁1 𝜎𝜎𝜀𝜀,𝑁𝑁2 ⋯ 𝜎𝜎𝜀𝜀,𝑁𝑁𝑁𝑁

�

𝚷𝚷 =

⎣
⎢
⎢
⎢
⎡ 1 𝜌𝜌 𝜌𝜌2 ⋯ 𝜌𝜌𝑁𝑁−1

𝜌𝜌 1 𝜌𝜌 ⋯ 𝜌𝜌𝑁𝑁−2

𝜌𝜌2 𝜌𝜌 1 ⋯ 𝜌𝜌𝑁𝑁−3
⋮ ⋮ ⋮ ⋱ ⋮

𝜌𝜌𝑁𝑁−1 𝜌𝜌𝑁𝑁−2 𝜌𝜌𝑁𝑁−3 ⋯ 1 ⎦
⎥
⎥
⎥
⎤ 

 

(5.4) 

where 𝚺𝚺  is a 𝑁𝑁 × 𝑁𝑁  matrix, 𝚷𝚷  is a 𝑇𝑇 × 𝑇𝑇  matrix, and ⊗  indicates the Kronecker product 

operator. Because Environment 3 assumes no cross-sectional correlation, 

 

 

𝚺𝚺 = �
𝜎𝜎2 0 ⋯ 0
0 𝜎𝜎2 ⋯ 0
⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝜎𝜎2

� . 

 

(5.5) 

The main diagonal of 𝚺𝚺 is 𝜎𝜎2, indicating homoskedasticity. The rest of the positions are 0. The 

implication of this setup is that there is no connection between clusters.  

In the Equation (5.4), 𝚷𝚷 could be viewed as one cluster (submatrix). However, there are 

a main difference between 𝚷𝚷 and the cluster in Environment 2. In Environment 2, the intra-

cluster correlation (ICC) coefficient is kept constant, always to be rho (𝜌𝜌). In Environment 3, I 

still choose the ICC model. However, Π does no longer restrict the within group correlations 

to be constant. Specifically, I allow the correlations within cluster to vary. In this particular 
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case, the varying behaviour of the correlation within-cluster is modelled as decaying across 

members of the cluster in the manner of AR(1) serial correlation. However, as this is cross-

sectional data, one could think of the observations as being separated by distance rather than 

time.  

So how should one interpret the distance in 𝚷𝚷? Suppose there is a cluster (a class) in 

which the effect of student A on the grade of student B is 𝜌𝜌. The effect of student B on the 

grade of student C is also 𝜌𝜌. Then the effect of student A on the grade of student C should be 

𝜌𝜌2. Suppose there is another student D. The effect of student C on student D’s grade is 𝜌𝜌. Then 

the effect of student A on student D’s grade should be 𝜌𝜌3. This also means that there should be 

a distance of influence between classmates and classmates, and the further the distance, the less 

influence. In Environment 2, the effect of student A on student B’s grade is 𝜌𝜌, as is the same 

effect on student C’s grade, and the effect on student D’s grade is also 𝜌𝜌. This effect is all of 

the same magnitude.  

The reason for adopting an “AR(1)-type” model is that it allows me to introduce 

variations in correlations across members of the same cluster while still having ICC be a 

function of a single parameter. The latter is important because it allows me to increase or 

decrease the degree of ICC by varying a single parameter. 

Overall, environment 3 is more realistic than Environment 2. I will investigate how this 

further complexity in the error structure affects ex-post power calculation for the BLW2 and 

SE-ES procedures. 

5.2.1.4 Monte Carlo Environment #4: Parks Model with Cross-sectional Correlation 

In contrast to Environment 3, Environment 4 still uses Equation (5.4) to get 𝜴𝜴𝑁𝑁𝑁𝑁4. 

However, here I introduce the cross-sectional dependence in the Parks Model.  
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𝚺𝚺 = �
𝜎𝜎2 0.5𝜎𝜎2 ⋯ 0.5𝜎𝜎2

0.5𝜎𝜎2 𝜎𝜎2 ⋯ 0.5𝜎𝜎2
⋮ ⋮ ⋱ ⋮

0.5𝜎𝜎2 0.5𝜎𝜎2 ⋯ 𝜎𝜎2
� 

 

(5.6) 

The main diagonal of 𝚺𝚺 is still 𝜎𝜎2. However, the rest of the positions are not 0 as in 

Environment 3. The rest of the positions are 0.5𝜎𝜎2. 0.5 is a parameter I set to represent cluster-

to-cluster correlation. It can be also changed to other values between 0 and 1. Here I only use 

0.5 for the representation of the cross-sectional correlation coefficient. The reason for only 

setting a coefficient of 0.5 is that I only want to verify the existence of cross-sectional 

correlation and the non-existence of cross-sectional correlation here. I choose 0.5 as the 

coefficient in order not to make the experiment too complicated and consume a lot of time. The 

implication of this setup is that there is cross-sectional correlation between clusters. It could be 

written as 𝜎𝜎𝜀𝜀,𝑖𝑖𝑖𝑖 = 𝜎𝜎2, and  𝜎𝜎𝜀𝜀,𝑖𝑖𝑗𝑗 = 0.5𝜎𝜎2 . 𝚷𝚷 is the same as 𝚷𝚷 in Environment 3.  

𝜴𝜴𝑁𝑁𝑁𝑁4 is shown in Equation (5.7): 
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(5.7) 

 I include Environment 4 because I want to investigate what happens when the 

assumptions underlying the estimation of clustered errors are violated. Cluster robust 

estimators of standard errors assume that clusters are independent. Environment 4 deliberately 



129 
 

violates that assumption. I want to see what that will do to my estimates of ex post power, and 

whether one of the methods is more robust than the others to this kind of problem. 

 The above is an introduction to the four environments I have set up. Recall that I have 

modelled the DGP by Equation (5.1). I already set X and error term. To get a dataset that can 

be used for regression, I also need Y and ES, where ES is the value of the effect size associated 

with 80% power. Note that this will be different according to the characteristics of the data. 

But since I know the population parameters of the dataset, I can calculate the corresponding 

value of ES. I next describe in detail how to get ES.  

5.2.2 Effect size (ES) 

There are a number of estimators that researchers can use when working with data that 

have non-spherical errors. I will be adopting two estimators in my experiments: OLS and OLS 

with cluster robust (CR) standard errors. I chose these two estimators because these were the 

ones employed by the 3ie projects. I note that the ES corresponding to 80% power will be 

affected by the estimator one uses. In other words, different estimators will have different 

powers when applied to the same data and same assumed ES. 

In Environment 1, according to Gauss-Markov Theorem, the OLS estimator is the Best 

Linear, Unbiased and Efficient estimator (BLUE).  

 𝐸𝐸𝐸𝐸� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑌𝑌 (5.8) 

 

 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸) = 𝜎𝜎2(𝑿𝑿′𝑿𝑿)−1 (5.9) 

 

In Environment 2, Environment 3 and Environment 4, I use OLS with cluster robust 

standard errors (OLS-CR). Note that the assumptions of the OLS-CR model are violated in 

Environment 4. If researchers were convinced this environment characterized their data, they 

should use GLS-Parks or the Panel-Corrected Standard Error (PCSE) model. However, none 
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of the 3ie studies used these estimators.  My purpose of using OLS-CR in this environment is 

to determine whether mis-applying the OLS-CR estimator to these data will adversely impact 

the power calculations.  

The coefficient variance-covariance matrix for the OLS-CR estimator is given by: 

 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝜴𝜴𝑵𝑵𝑵𝑵𝑿𝑿(𝑿𝑿′𝑿𝑿)−1 (5.10) 

For given values of N, T, X, and 𝜎𝜎2, I can calculate the corresponding variance of the estimated 

effect size, either 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸) or 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶�. This allows me to calculate the population 

coefficient standard error. Once I have that, I can solve for the Effect Size (ES) associated with 

80% power. 

The purpose of conducting Monte Carlo experiments is to explore the ability of all 4 

methods to calculate ex post power. To do that, I need to know what the true power is. Then I 

can compare which method is “best” for estimating power. Given 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� , I can use the 

equation below to solve for the corresponding value of ES. 

 
𝐸𝐸𝐸𝐸 =   (𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 + 𝑡𝑡1−𝛼𝛼2,𝑣𝑣) × �𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)�   (5.11) 

ES : Effect Size  

𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� : The variance of estimated effect size 

v : The degrees of freedom 

𝑡𝑡1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣: The t-value for ex post power  

 Here I give an example to illustrate Equation (5.11): If true ex post power is 80%, 

significance level 𝛼𝛼 = 5%, then when v=1998, 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 is 0.84. And 𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 is 1.96 when v = 
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1998. Suppose I put N, T, X, and 𝜎𝜎2 to get 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� = 4, then 𝐸𝐸𝐸𝐸 = (0.84 + 1.96) × √4 =

5.6. 

How should one go about determining the degrees of freedom (v) and the choice of 

𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� ? Both are determined by the context of the experiment. For example, when the 

significance level 𝛼𝛼 = 5% and v = 8, 𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 is 2.31. If v = 9, 𝑡𝑡1−𝛼𝛼2 ,𝑣𝑣 changes to 2.26. It can be 

seen that when degrees of freedom (v) changes, it affects all variables, so it is necessary to 

determine the appropriate value of v. 

In Environment 1, I choose 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸) in Equation (5.9) as 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� . For the degrees 

of freedom (v), for example, if I set 𝑁𝑁 = 30, and 𝑇𝑇 = 100, the total observations are 𝑁𝑁 × 𝑇𝑇 =

3,000. The degrees of freedom (v) is 2998 because there are total 3000 observations and one 

X (independent) variable. So there are two parameters to estimate: the constant term and the 

coefficient of X. The degrees of freedom of residual are  𝑣𝑣 =  𝑛𝑛 −  (𝑘𝑘 + 1) =  3000 −

(1 + 1) = 2998, n is number of observations and k is the number of independent variables.  

In Environment 2, Environment 3 and Environment 4, I choose 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� in 

Equation (5.10) as 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸)� . Because the dataset contains clustering errors, for the degrees of 

freedom (v), for example, if I set 𝑁𝑁 = 30, and 𝑇𝑇 = 100, the degrees of freedom (v) is 𝑁𝑁 − 1 =

29. This is because there are N clusters in the dataset that the degrees of freedom of residual is 

𝑣𝑣 = 𝑁𝑁 − 1. 

This gives us the Effect Size from Equation (5.11) and the next step is to generate these 

variables to make a regression-ready dataset. 

5.2.3 The dataset 

To make it clearer how the dataset is generated, in FIGURE 5.1, there is a flow chart 

there containing 4 steps. In the first step, the X variable is first generated. I set up 4 scenarios  

𝑁𝑁 × 𝑇𝑇 = {30 × 100}, {100 × 30}, {100 × 100} and {250 × 40} . The total number of 

observations is either 3,000 𝑝𝑝𝑟𝑟 10,000. In all the observations of the data set 𝑁𝑁 × 𝑇𝑇, I set half 
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X=1 (treated) and half X=0 (not treated). However, X=1 (treated) and X=0 (not treated) are not 

randomly distributed in all observations. In 3ie data, often in the same village (cluster), either 

all the villagers receive treatment or none of them do. A possible reason for this is if treated 

and untreated villagers are put in the same cluster, they would talk or interact with each other. 

Hence, this interaction between treated and untreated people could cause spillovers that violate 

Stable Unit Treatment Value Assumption (SUTVA) and create biased estimates of the causal 

effect (Schwartz, Gatto & Campbell, 2012). So, within the same cluster, I set all X=1 (treated) 

or all X=0 (not treated). For example, in 𝑁𝑁 × 𝑇𝑇 = {30 × 100}, there are a total of 30 clusters. 

All observations for the first 15 clusters are set to X=0 (no treatment). For the last 15 clusters, 

all observations are set to X=1 (treatment). This also means that there are a total of 3000 

observations (total sample size). The first 1500 observations are set to X=0 and the last 1500 

observations are set to X=1. 

By parameterizing 𝜴𝜴𝑁𝑁𝑁𝑁 , I am able to simulate a data environment that contains 

clustering and cross-sectional dependence. By setting different Rho (𝜌𝜌) sizes, I can control the 

extent of the clustering problem in the data: a larger 𝜌𝜌 means a more severe clustering problem, 

and vice versa for a less severe clustering problem. Given 𝜴𝜴𝑁𝑁𝑁𝑁, I simulate errors according to 

𝜀𝜀~ 𝑁𝑁(0,𝜴𝜴𝑁𝑁𝑁𝑁).  

In the third step, for Environment 1, I solve for 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸) using Equation (5.9). In 

Environment 2, 3 and 4,  I solve for 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶) using Equation (5.10). I then use Equation 

(5.11) to solve for the effect size (ES) that corresponds to ex post power = 80%.  

In the last step, I already know X, the error term and ES. I therefore obtain Y according 

to Equation (5.1), so that a dataset is generated on which to conduct Monte Carlo experiments. 

For different environments, this dataset contains different non-spherical error problems. And I 

always generate the data such that the true power is 80%. I then estimate the power with each 

of the 4 methods and check whether the estimate, ex post power is 80%. 
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5.3 Descriptions of all methods 

5.3.1 BLW1 and BLW2 

BLW performs a random resampling of the independent variables together with the 

residuals. The purpose of this is to obtain multiple resamples and to regress these resamples. 

The proportion of resamples with significant regression results is the ex post power of the 

original sample. The only difference between BLW1 and BLW2 is that the BLW1 method 

resamples the independent variable X together with the residuals, but BLW2 method only 

resamples the residuals. To distinguish between the two, I call the original BLW’s method 

BLW1, and a different resampling method BLW2. 

BLW1 will change the distribution of the original independent variables. For 

example, a dataset of 10,000 observations, where I assume that 5,000 X's have a value of 1 

and 5,000 X's have a value of 0. If I use the BLW1 method for resample, since both resample 

X's and residuals are together, it is not necessarily guaranteed that the dataset after bootstrap 

will still have 5,000 X's of 1. However, if the BLW2 method is used and only the residuals 

are resampled.  So there will still be the same 5000 X's of 1 and 5000 X's of 0 after the 

bootstrap as in the original dataset.  

From Equation (5.9) and Equation (5.10), a change in the distribution of X necessarily 

leads to a different estimated variance. Therefore, the final ex post power results of the two 

methods will be different. But which method produces a more accurate power (close to 80% 

of the true value) is something I need to investigate through the Monte Carlo experiment. In 

order to give readers a better understanding of these two methods, I will use BLW2 as an 

example and introduce these two methods’ workflows in detail. FIGURE 5.2 shows the 

schematic diagram of BLW2.  

In Step 1, I produce a dataset of Y and X values. I take this dataset and regress Y on X 

using OLS to get a vector of residuals, I call it the residuals (Original): 
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 𝑌𝑌 = �̂�𝛽0 + 𝐸𝐸𝐸𝐸� ∙ 𝑋𝑋 +  𝑒𝑒 (5.12) 

The key output from Step is the set of residuals (Original), e.  

In Step 2, suppose I obtain a set of data through an experiment with 𝑁𝑁 = 100 and 𝑇𝑇 =

2. The dataset contains 200 observations. These 200 observations are from 100 clusters, and 

every 2 observations belong to one cluster. For example, Res1 and Res2 belong to Cluster1, 

Res3 and Res4 belong to Cluster2, and so on. At this point, the residuals of the 2 observations 

in each cluster, and the residuals of the other 2 observations in the other cluster, belong to 

different clusters, so it is not possible to mix them together for resampling, otherwise the 

structure of the data would be destroyed. Therefore, when dealing with the existence of a cluster, 

the principle for resampling residuals should be that all residuals from the same cluster should 

come from the same other cluster. Please note that I will be setting up both cluster and non-

cluster data structures in the experimental environment. In the case of a non-cluster 

environment, this is equivalent to my treating each observation as a cluster with one 

observation for BLW1 and BLW2. 

As shown in FIGURE 5.3, Cluster1 contains Res1 and Res2. If I do a resampling, the 

resampled residuals must also be from a single cluster, for example, from Cluster98, whose 

residuals contain Res195 and Res196 (because each cluster contains 2 residuals). These 2 

sampled residuals are then put back into the 2 positions of Cluster1. However, it is worth 

emphasizing that the two new residuals obtained must remain in their original order. The 

purpose of this is that there is autocorrelation in environments 3 and 4. This means that one of 

the residuals will form a correlation order with the previous one. If this order is disturbed, the 

original data form is destroyed. After resampling residuals, the Step 2 is done. I will get a new 

set of residuals, I call it newRes. 

Next, in Step 3, I will generate Yhat by Equation (5.13): 

 𝑌𝑌� = 1 + 𝐸𝐸𝐸𝐸� ∙ 𝑋𝑋 +  𝑛𝑛𝑒𝑒𝑤𝑤𝐶𝐶𝑒𝑒𝑠𝑠 (5.13) 
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where 𝐸𝐸𝐸𝐸�  in Equation (5.13) is the estimated effect size from Step 1. Keep resampling the 

residuals Original another 999 times to get 1000 newRes. By Equation (5.13) I will keep 

generating Yhat.  Yhat is the new dependent variable in my regression data set. The 

independent variable still keeps the original X (the first half part of all X equal to 0, the second 

half part of all X equal to 1). So I have 1000 new Yhats and 1000 new data sets now. Then Step 

3 is done.  

In Step 4, I regress Yhat on X in each data set by OLS (spherical error environment) or 

OLS-CR (non-spherical error environment). Because there are 1000 data sets, I repeat the 

regression 1000 times for all these data sets and I record whether or not the regression gives a 

significant estimate. For example, if in 1000 regressions of all these data sets, 650 times I got 

the significant regression result (p-value is smaller than significance level 𝛼𝛼), the ex post power 

would be 650/1000=65%. 

It is worth noting that in Environment 1, I only use OLS for the simulated regressions, 

while in Environment 2, 3 and 4 I only use OLS-CR for the regressions. OLS-CR refers to OLS 

cluster robust. In R, I use command “cluster.vcov” to estimate cluster robust standard errors.  

The last Step 5 of BLW2 is back to Step 1, where I simulate a new dataset and repeat 

the steps above to get a new ex post power. I repeat the whole process 999 times to get 1000 

ex post powers from BLW2.   

5.3.2 BLW3 

For BLW3, Liu (1988) mentions the possibility of Rademacher weights, defined by 

Equation (5.14): 

 Error𝑡𝑡 =  � 1 ,𝑤𝑤𝑤𝑤𝑡𝑡ℎ 𝑝𝑝𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑝𝑝𝑤𝑤𝑡𝑡𝑝𝑝 0.5
−1,𝑤𝑤𝑤𝑤𝑡𝑡ℎ 𝑝𝑝𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑝𝑝𝑤𝑤𝑡𝑡𝑝𝑝 0.5 (5.14) 

Resamples are continuously generated by randomly varying the multiplier of 1 or -1 for each 

cluster.  
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 It is worth noting that BLW3 is different from both BLW1 and BLW2.  BLW1 changes 

the order of both independent variable X and residuals. BLW2 only changes the order of 

residuals and recombines it with X. In the case of BLW3, the order of both X and residuals is 

not changed. The BLW3 is simply a multiplication of residuals by 1 or -1, which is then 

combined with X to construct different resamples. Mammen (1993) used Monte Carlo 

experiments demonstrating similar statistical properties of these resamples to the original 

sample.  

FIGURE 5.4 is a diagram of BLW3 method. Like BLW1 and BLW2, in the Step 1, I 

produce a dataset of Y and X values by Equation (5.12). I take this dataset and regress Y on X 

using OLS to get a set of residuals (call it residuals Original).  In Step 2, suppose I set a data 

set with 𝑁𝑁 = 100 and 𝑇𝑇 = 2. The dataset contains 200 observations. These 200 observations 

are from 100 clusters, and every 2 observations belong to one cluster. For each resample, all 

residuals within each cluster are multiplied by 1 or -1, both of which have a probability of 0.5. 

As FIGURE 5.5 shows, for Cluster1, there are two residuals Res1 and Res2. For example, in 

the first resampling procedure, Res1 and Res2 will all be multiplied by 1. Also in this 

resampling procedure, there are Res3 and Res4 in Cluster2. They will all be multiplied by -1.  

This produces a new residual vector that is distinct from the original residuals. I call this new 

residual vector newRes. Please note that BLW3 can only be applied to data environments where 

a cluster exists. This is why I did not include BLW3 in my replication of the original BLW 

paper in Chapter 4, because the data in their paper were not clustered data. And in Environment 

1, I will not be using BLW3 for experiments. Unlike BLW1 or BLW2, where each observation 

can still be calculated as long as it is “treated” as a cluster in Environment 1, BLW3 can only 

be applied in Environments 2, 3 and 4. This completes Step 2. 

In FIGURE 5.4, Step 3 generates Yhat. Step 3 keeps all residuals in the order and 

multiplies the residuals in the same cluster by 1 or -1. Since the probability of multiplying the 
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residuals in each cluster by 1 or -1 is 0.5 and 0.5, the new residuals will have many different 

variations compared to the original residual vector. This also serves the purpose of bootstrap, 

generating multiple new samples with the same statistical properties as the original sample. I 

keep resampling the original residuals 999 times, then I use these 1000 sets of newRes to 

generate a thousand sets of Yhat values from Equation (5.13). Step 3 is done.  In Step 4, I 

regress these 1000 sets of Yhats on X by OLS or OLS-CR. I record the percent of times the 

estimated slope coefficient on X is significant. This gives me one estimate of ex post power. 

To get 1000 ex post powers, in Step 5, I go back to Step 1, generate another sample 

data set to generate another simulated ex post power. Repeat all steps 999 times, get 1000 ex 

post powers from BLW3.  

5.3.3. SE-ES 

SE-ES is for “Standard Error-Effect Size”. I found this method discussed in the weblog, 

“Why ex-post power using estimated effect sizes is bad, but an ex-post MDE is not”, by David 

McKenzie and Owen Ozier, Development Impact, May 16, 2019. Again, this is an innovative 

approach that has only recently been proposed by scholars. I will choose SE-ES method as 

another ex post power calculation method and put all method into the same Monte Carlo 

environment conditions for simulation. 

SE-ES obtain ex post power directly through the Equation (5.15): 

 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 =  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸� ) 

  − 𝑡𝑡1−α2,𝑣𝑣  (5.15) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� : Estimated standard error of Effect Size 

v : The degrees of freedom 

𝑡𝑡1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 
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𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣: The t-value for ex post power 

This is where the SE-ES method differs from the other 3 methods. SE-ES derives the 

ex post power directly from the formula. The other three methods estimate the power as the 

proportion of significant experimental results in a repeated experiment. Therefore, the other 

three methods require iteration to determine the proportion of significant results in the 

regression. However, the SE-ES method gets the estimated standard error of effect size 

𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��  from the regression (from OLS or OLS-CR) and then through Equation (5.15) to 

calculate ex post power directly. 

FIGURE 5.6 is a diagram of SE-ES method. In Step 1, I start from a DGP and get a 

dataset. Then I directly regress Y on X by OLS or OLS-CR. In Environment 1, I only use 

OLS for the simulated regressions, while in Environment 2, 3 and 4 I use both OLS and OLS-

CR for the regressions. This is for consistency with other 3 methods. After the regression, I 

save the estimated standard error of the effect size 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��. 

In Step 2, ES comes from the DGP, it is a true effect size, because by setting DGP, I 

already make sure that this ES could generate a 80% ex post power. The estimated standard 

error of effect size 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� comes from the regression. I then use Equation (5.15) to 

calculate one ex post power.  

To keep constant 1000 powers with the other 3 methods, the Step 3 of SE-ES is back 

to Step 1, start a new DGP, get a new dataset and repeat the steps above to get a new ex post 

power. Repeat 999 times, get 1000 ex post powers from SE-ES.  

To summarise, the first three methods, BLW1, BLW2 and BLW3, are all simulation 

methods, which are defined by statistical power, and simulate the number of significant 

regressions in a number of experiments, the percent of significant estimates of which is the ex 

post power. The essential difference between these three methods is that BLW1 resamples X 

and the error term, BLW2 resamples only the error term, and BLW3 resamples nothing, 
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changing only the signs of the error term. The last method, SE-ES, is a direct ex post power 

calculation by the formula. 

5.4  A Performance Analysis Using Monte Carlo Experiments 

The purpose of the experiment is to select the “best” method to calculate the ex post 

power when placed in different data environments. “Best” means the least Bias and smallest 

MSE (Hong & Reed, 2021). For each method I generate 1000 random data sets under the 

same experimental conditions, which of course are data sets with a true ex post power of 

80%. At the same time, I experiment with each method 1000 times, allowing all methods to 

generate 1000 ex post powers. For these 1000 ex post powers, I will find the difference 

between the mean value and 80% true power, which is Bias. In addition, I will record the 

mean, the lower bound of the 95% sample interval, the upper bound of the 95% sample 

interval, and MSE (mean-square error) of 1000 ex post powers in different experimental 

situations. The smaller the MSE or the smaller the 95% interval range, the more precise the 

method.  

 For the 95% sample interval, Lower Bound is the 2.5% quantile value of 1000 ex post 

powers and Upper Bound is the 97.5% quantile value. I have set up four environments, each 

of which simulates problems that might occur in real data. For example, Environment 2 

simulates the clustering problem, while Environment 4 simulates the presence of both 

clustering and cross-sectional correlation. I will do a ranking of the four methods for each 

environment. From the best method to the worst method. The ranking of each environment 

indicates which ex post power calculation method should be used in that environment. 

In the following I discuss the results of the experiments corresponding to each of the 

different environments. The code of the R program is divided for different environments and 

methods, which are attached to the Appendix of this article for the reader’s convenience. 
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5.4.1 Monte Carlo Environment #1: Spherical Errors (𝜴𝜴𝑵𝑵𝑵𝑵𝑵𝑵 = 𝝈𝝈𝟐𝟐𝑰𝑰) 

In TABLE 5.3, 12 Monte Carlo experiments results are reported. Experiment Number 

(henceforth  No.) 1 to No.4 are the results of BLW1 (Panel A), No.5 to No.8 (Panel B) are 

BLW2 method results, and No. 9 to No. 12 (Panel C) are results of the SE-ES method. Since 

there is no cluster, the BLW3 method is not used in Environment 1. Due to 𝜴𝜴𝑁𝑁𝑁𝑁1 = 𝜎𝜎2𝑰𝑰, the 

error term is a spherical error. Therefore, rho (𝜌𝜌) is 0. According to the Gauss-Markov 

Theorem, the OLS estimator is the Best Linear, Unbiased and Efficient estimator (BLUE). 

For environment 1, the only estimator applied is OLS. In TABLE 5.3, each method contains 

four different dataset sizes, representing N and T respectively. 

From No.1 to No.4, I can see that for different dataset sizes, BLW1 method produces 

an average value of 80% ex post power. This indicates that in Environment 1, BLW1 method, 

a method with unbiased nature, produces 80% ex post power, which is consistent with the 

true power.  

From No.5 to No.8, there are results of BLW2 method. Compared to the BLW1, when 

clusters number is 30, BLW2 method produces a biased power 81.3% (No.5). However, 

when clusters number increases to 250, BLW2 method produces an unbiased result 80.1% 

(No.8). The difference from the true value is only 0.1%. I can see that the upper and lower 

bounds of the 95% sample interval are at 76.6% and 83.4% (No.8), indicating that BLW2 has 

a fairly high efficiency in this experiment. BLW1 and BLW2 have similar MSEs at the same 

sample size, but BLW2’s Bias is somewhat larger compared to BLW1, and therefore do not 

perform as well as BLW1 in Environment 1.  

For SE-ES method, in No. 9, the clusters number is 30, the Mean is 80.0%, which is 

very close to the true value. The MSE is only 0.01. This means that the 95% interval is 

between 78% and 82%. When clusters number increases to 250, the MSE is only 0.005 

(No.12). 



141 
 

It is worth noting that all the Bias here are positive, for example, No. 5, in which 

Mean is 81.3%. The Bias is 1.3% between Mean and true power 80%. Here I have set the 

Seed to “12345”. This causes the R program to generate random samples so that all ex post 

power experiments end up with a positive bias. When I generate “random data” in R, I am 

actually generating pseudorandom numbers. These numbers are generated with an algorithm 

that requires a seed to initialize. Being pseudorandom instead of pure random means that, if I 

know the Seed and the generator R, I could predict (or reproduce) the output. When I set the 

Seed to “123456”, all the results of the final experiment become (slightly) negatively biased. 

So one should not interpret the positive biases as representing an underlying systematic bias.  

In subsequent experiments, I continue to use a seed equal to “12345”. This will tend 

to produce a positive Bias. As a result, the ex post power experiments in TABLE 5.3, TABLE 

5.4, TABLE 5.6 and TABLE 5.8 will show small, positive biases in their values of ex post 

power. This should not cause concern.  

Comparing the 3 methods results in TABLE 5.3, I can argue that in Environment 1, 

Bias and MSE of all 3 methods are quite small. This means that all 3 methods perform well in 

Environment 1. However, there are small differences between them. If I have to rank them in 

order of performance, 3 methods are ranked from the best to the worst: SE-ES > BLW1 > 

BLW2.  

It is worth noting here that for the comparison of the results of the different methods, I 

have ordered them by comparing Bias first and then MSE size. The method with the smaller 

Bias is ranked first. If the two methods are close in terms of Bias, I then compare the MSE 

size, and the method with the smaller MSE is ranked first. For example, in Environment 1, if 

I compare 3 methods results in TABLE 5.3, I compare Exp No. 1, No. 5 and No.9. This is 

because these are the three results obtained by the three methods under the same experimental 

conditions. I find that Exp No. 5 Mean is 81.3%. Compared to the results of Exp No. 1 and 
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No. 9, where Mean is 80%, the Bias of No. 5 is greater and therefore the results of No. 1 and 

No. 9 are ranked ahead of No.5. Comparing the results of Exp No. 1 and No. 9, I find that the 

MSE of No. 1 is 0.036 and the MSE of No. 9 is 0.01. Therefore, the MSE of No. 9 is smaller 

and the method to which No. 9 belongs, SE-ES, is ranked ahead of the method to which No. 1 

belongs, BLW1. Of course, I do not compare the results of these 3 results only, but also for 

different groups of experimental conditions, for example the group of Exp No. 2, No. 6 and 

No.10, in order to rank the three methods together. After considering the results of different 

groups under the same experimental conditions, I have ranked these 3 methods. I do the same 

for the results of the other environments to obtain a ranking between the different methods, 

which I will not repeat afterwards. 

5.4.2 Monte Carlo Environment #2: Non-Spherical (Clustered) Errors 

In Environment 2, the dataset is parameterized to have clustered errors. Therefore, 

when applying Equation (5.11) to calculate the true effect size, I use cluster robust standard 

errors to obtain estimates of 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� and to run the regression in the Monte Carlo 

simulations. The results are reported in TABLE 5.4. 

In TABLE 5.4, together 48 Monte Carlo experiments results about OLS-CR estimator 

are reported. Experiment No. 1 to No.12 are the results of BLW1 (Panel A), Experiment No. 

13 to No. 24 are BLW2 method results (Panel B), Experiment No. 25 to No.36 are BLW3 

method results (Panel C), and Experiment No. 37 to No.48 are SE-ES method results (Panel 

D). Rho (ρ) varies from 0.3 to 0.7 for different dataset sizes. Rho (ρ) represents the degree of 

correlation within each cluster, from small to large.  

By analysing TABLE 5.4/Panel A, I am able to find that for the BLW1 method, as the 

number of clusters increased from 30 to 100, holding constant the total number of 

observations, the bias in the mean of the 1000 ex post powers decreased. Comparing 

experiments 1-3 with 4-6, mean ex post power decreased from approximately 84% to 
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approximately 81%. A similar pattern is observed for the other experiments when clusters are 

increased holding total observations constant. This suggests that data with larger numbers of 

clusters will produce more accurate measures of ex post power calculation than similar data 

with fewer clusters but more observations per cluster.  

Also observed from the table is that MSE becomes progressively smaller as the 

number of clusters increases. This means that ex post power becomes more concentrated 

around the true value. Efficiency is an important property to test the performance of a 

method. It shows that as the number of clusters increases, the BLW1 method not only 

decreases in bias, but also increases in efficiency.  

It can also be observed in TABLE 5.4/Panel A, that the ex post power is relatively 

insensitive to changes in Rho (ρ). For example, in experiments 4-6, Rho (ρ) increased from 

0.3 to 0.7 with ex post powers of 81.5%, 81.5% and 81.6%. This may seem surprising, 

because increasing rho reduces the independent information in the dataset which, ceteris 

paribus, should lower power. But remember that the ES in the DGP is recalibrated (in this 

case, increased) for the higher rho value to compensate for this. I explain this further below. 

The results of the other three methods, BLW2, BLW3 and SE-ES, are shown in 

Panels B-D, respectively, of TABLE 5.4. As can be seen, the results of the other three 

methods are very similar to those of Panel A. Similarly, the results of the other three methods 

show that as the number of clusters increases, the bias decreases, the MSE decreases, and the 

ex post power experimental results are closer to the true value.  

As noted above, for all four methods, changes in Rho do not affect the ex post power 

much. My explanation for this is that in calculating the effect size, I use  𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� 

from Equation (5.10) in Environment 2. I will get a relatively accurate Effect size because I 

know the structural shape of the variance-covariance matrix and the X distribution from 

Equation (5.10). Then I turn 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� on the root to get true standard error of effect 
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size 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) and then use Equation (5.11) to get true Effect Size when Power equals to 

80%. Therefore, when I use this Effect size to calculate the ex post power, while still using 

the OLS-CR estimator as an evaluation of whether each iteration in 4 methods, the OLS-CR 

estimator cancels out the effect of Rho (ρ). This explains why the calculated ex post power 

does not have a significant relationship with Rho (ρ).  

I will carry out an experiment to verify this explanation. I have chosen the SE-ES 

method to verify this. When the sample size is {100 × 30} (100 clusters), I ran the Rho=0.3 

and Rho=0.7 cases respectively. First, I know the distribution of X and the structure of 

variance-covariance matrix, then 𝑉𝑉𝑝𝑝𝑟𝑟�𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶� can be obtained from Equation (5.10). 

After opening the root sign I get true standard error of effect size 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) = 0.241. When I 

set true power equals to 80%, I will get Effect Size=0.683 from Equation (5.11).  

 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 =  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸� ) 

  − 𝑡𝑡1−α2,𝑣𝑣  (5.15) 

Recall the Equation (5.15) used in the ES-SE method to calculate the ex post power, 

where the right-hand side of the equal sign has two components, the first being the ratio of ES 

and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸), and the second being the t-value of one minus half of alpha. This is because 

the second part is fixed for a certain alpha and a certain degree of freedom. Therefore, the 

ratio of ES to 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) in the first part determines the size of the ex post power. I can 

calculate that the ratio of the two true values should be 0.683/0.241=2.83. 𝑡𝑡1−α2 ,𝑣𝑣 will be 1.96 

when v=100-1=99. Then the t-value for 80% power should be 2.83-1.96=0.87. To get the 

result I have in Panel D of TABLE 5.4 for No.40, I need to keep replacing the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) 

with 1000 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� to get the 80% power t-value again. As you can see these 20 

estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are all around the true value of 0.241, which is the source of the 1000 ex 

post power Bias and MSE in TABLE 5.4 Panel D No.40. For example, in Panel A the first 

estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� is 0.219, then the t-value for calculated ex post power will be 
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0.683/0.219-1.96=1.16. The ex post power will be 87% when degrees of freedom v is 100-

1=99. If these estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are close enough to the true value of 0.241, and the smaller 

the fluctuations, the smaller the ex post power Bias will be and the smaller the MSE will be. 

 Likewise, in TABLE 5.5 Panel B, I get the result when Rho=0.7. Here true standard 

error of effect size 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) = 0.357. When I set true power equals to 80%, I will get Effect 

Size=1.01. However, the ratio of the two true values will be 1.01/0.0.357=2.83 again. The 

same to the ratio when Rho=0.3. At the same time, in Panel B, 20 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are all 

around the true value of 0.357.  

What does this mean? It means that when Rho changes from 0.3 to 0.7, the true ES 

and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) change at the same time, but the ratio of the two remains the same. And these 

estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� all surround the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸), which means that 1000 calculated ex post 

power is not well related to Rho. The change in Rho is offset by simultaneous increasing in 

ES and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸). However, in real data, holding other things constant, I would expect ex 

post power to decrease as rho increases. 

 The SE-ES method can show each ex post power calculation in detail, but for the 

three methods BLW1, BLW2 and BLW3, each ex post power is obtained by looking at the 

proportion of significant regressions out of 1000 iterations, so I cannot explain in detail why 

the change in Rho does not cause a large change in the final result in these three methods.  

However, I think that the reason should be similar to the SE -ES method in that when Rho 

changes, ES also changes, but this change in ES is offset, so that in BLW1, BLW2 and 

BLW3 methods, changes in Rho do not cause large changes in the final ex post results. 

By comparing the Bias and MSE of all 4 methods, it can be seen that the 4 methods 

are ranked from the best to the worst: SE-ES > BLW1 > BLW2 > BLW3. In TABLE 5.4, 

the SE-ES method has the smallest Bias and MSE of all the methods. And all methods Bias 
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and MSE have been increased for Environment 2 in TABLE 5.4 compared to all results for 

Environment 1 in the previous TABLE 5.3 due to the introduction of the clustering problem. 

5.4.3 Monte Carlo Environment #3: Parks Model with No Cross-sectional Correlation 

Like Environment 2, Environment 3 still has clustered errors, but Environment 3 does 

not keep constant the correlation among errors within the same cluster. Because of clustering, 

I only select OLS-CR as the estimator to apply Equation (5.11) to calculate the true effect 

size and to run the regression in the simulation, as there are large errors if OLS is used. The 

results of the Environment 3 experiments are reported in TABLE 5.6.  

Comparing the results of Environment 2 experiments in TABLE 5.4 with those of 

Environment 3 experiments in TABLE 5.6, it is apparent that the results of each method do 

not change much. For example, the mean of 1000 ex post powers of BLW1 method is 84.4% 

and MSE is 0.088 (No.1) in TABLE 5.4 Panel A. In TABLE 5.6 Panel A, the mean of 1000 

ex post powers of BLW1 method is 84.5% and MSE is 0.090 (No.1). I experiment to verify 

the reason for this lack of difference between results in Environment 2 and Environment 3.  

I have chosen the SE-ES method to verify this. When the sample size is {100 × 30} 

(100 clusters), I ran the Rho=0.7 in Environment 2 and 3 respectively. I set out to get 1000 ex 

post powers, and I only selected the first 20 experiments to put into the TABLE 5.7. In 

TABLE 5.7, Panel A is the result when Rho=0.7 in Environment 2. These results are 

consistent with those of TABLE 5.5/Panel B. The true standard error of effect size 

𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) = 0.357. When I set true power equals to 80%, I will get Effect Size=1.01. The 

ratio of the two true values will be 1.01/0.0.357=2.83.  20 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are all around 

the true value of 0.357. TABLE 5.7/Panel B is the result when Rho=0.7 in Environment 3. 

The true standard error of effect size 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) = 0.249. When I set true power equals to 

80%, I will get Effect Size=0.703. The ratio of the two true values is still 0.703/0.249=2.83. 

And 20 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are all around the true value of 0.249. This means switching from 
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Environment 2 to Environment 3, keeping all other conditions being constant, the ratio of ES 

to 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) remains the same, while all estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� surround the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸). This 

results in no significant change in ex post power for the two environments. 

Comparing Panels A and B in TABLE 5.5 and TABLE 5.7, I can see the phenomenon 

that when Rho increases from 0.3 to 0.7, the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) also becomes larger from 0.241 to 

0.357, which means that Rho is like a “noise” and increasing Rho makes the standard error 

increase and estimation inaccurate. However, when switching from Environment 2 to 

Environment 3, the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) becomes smaller from 0.357 to 0.249. How can this be 

explained? Recall the two different Variance-Covariance matrices constructed by 

Environment 2 and Environment 3. Assume Rho is 0.7, then Π  in Equation (5.4) of 

Environment 3 will become: 

 

 

𝚷𝚷 =

⎣
⎢
⎢
⎢
⎡ 1 0.7 0.72 ⋯ 0.7𝑁𝑁−1

0.7 1 0.7 ⋯ 0.7𝑁𝑁−2
0.72 0.7 1 ⋯ 0.7𝑁𝑁−3
⋮ ⋮ ⋮ ⋱ ⋮

0.7𝑁𝑁−1 0.7𝑁𝑁−2 0.7𝑁𝑁−3 ⋯ 1 ⎦
⎥
⎥
⎥
⎤
 

 

(5.16) 

From Equation (5.16), T refers to how many people are in each cluster. The sample 

size for my experiment is set to 𝑁𝑁 × 𝑇𝑇 = {100 × 30}. The T is 30. When T equals 30, the last 

element of the first row 0.7𝑁𝑁−1 = 0.729 in Π almost equals to 0. Environment 3 does not keep 

the correlation coefficients Rho within clusters constant. As a result, the overall Π has less 

influence compared to Environment 2, because the elements in each row of Π are 

increasingly close to zero. This is clearly a reduction in the effect of Rho compared to the 

consistent 0.7 for each Rho in Environment 2. Therefore, Environment 3 receives less Rho 

effect than Environment 2. In other words, Environment 3 is “better” than Environment 2 and 

has a lower true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸).  
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 Although the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) is smaller in environment 3, this is offset by the 

simultaneous changes in ES and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸), resulting in little change in the results of 

Environment 3 compared to Environment 2. When I use OLS-CR error variance-covariance 

matrix to get 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) and ES, they both always change at the same time, but remain in the 

same ratio. And when I use OLS-CR to regress to get estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� , these estimates 

are always around the true value.  

 Since the results in Environment 3 and Environment 2 do not change much, it can be 

seen that the 4 methods are again ranked from the best to the worst: SE-ES > BLW1 > 

BLW2 > BLW3. 

5.4.4 Monte Carlo Environment #4: Parks Model with Cross-sectional Correlation 

Environment 4 adds cross-sectional correlation problem in the dataset. This means 

that there will also be links between clusters. For example, if two villages are close to each 

other for geographical reasons, the people of the two villages will share the same habits or 

ideas, and the same policy will have a similar impact on the different villages. I have set to a 

cross-sectional correlation coefficient of 0.5. The results of Environment 4 experiments are 

reported in TABLE 5.8.  

 Qualitatively, the results are similar to what we have previously observed. I found that 

in the above four environments, there is a phenomenon that for each method, the number of 

clusters has a greater impact on the ex post power results. For example, in TABLE 5.8/Panel 

D, the results of SE-ES method are reported. The means of 1000 powers are 81.6% (No.37), 

81.6% (No.38) and 81.5% (No.39) when clusters number is 30. MSE of these three 

experiments is 0.094 or 9.4%. And the 95% interval is around 60% to 95%.  However, when 

the number of clusters became 100, holding total observations constant, the mean became 

more accurate, as 80.6% (No. 40), 80.6% (No. 41) and 80.5% (No. 42).  MSE of these three 

experiments is 0.055 or 5.5%. The 95% interval is approximately 70% to 90%. As the 
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number of clusters increases, both Bias and MSE become smaller. To test my hypothesis, I 

conducted the following experiment.  

In Environment 4, I still choose the SE-ES method. I select samples {40 × 250} (40 

clusters) and {250 × 40} (250 clusters) for the experiment. The advantage of this is that the 

total number of observations is as consistent as possible and the other conditions are the 

same, with the number of clusters in the sample changing from 40 to 250. To verify the effect 

of the change in the number of clusters on the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) and the estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��.  

The results of the experiment are in TABLE 5.9. In Panel A, I set the sample size to 

{40 × 250} (40 clusters). After I use SE-ES method to get 1000 ex post powers, the Mean of 

1000 powers is 0.813, so Bias is 0.013. And MSE of 1000 powers is 0.083. And the 95% 

interval of these 1000 powers is from 0.632 to 0.954. That is, a range from 63% to 95%, 

which is relatively wide. In Panel B, when I set the sample size to {250 × 40} (250 clusters), 

the Mean of 1000 powers is 0.802, MSE of 1000 powers is 0.034. The 95% interval of these 

1000 powers is from 0.740 to 0.866. Bias is only 0.002 and this 95% range is much smaller 

than the previous one.  

So what exactly is the link that makes Bias and MSE different? In Panel A, the true 

ES is 0.289, true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) is 0.1, then the ratio is 0.289/0.1=2.89. I rearrange Equation (5.15) 

to obtain Equation (5.17): 

 𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸� ) 

=   𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 + 𝑡𝑡1−α2,𝑣𝑣  (5.17) 

The true value for the ratio should be 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 +  𝑡𝑡1−α2 ,𝑣𝑣 , when power=80%, 𝛼𝛼 = 5%, and 

v=40-1=39, the 80% power value of the ratio is 2.02+0.85=2.87. Therefore, the difference 

between the 2.89 experiment value and the 80% power value 2.97 is 0.12.  

 In Panel B, the true ES is 0.274, true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) is 0.0975, then the experiment ratio is 

0.274/0.098=2.81. Still from Equation (5.17), when power=80%, 𝛼𝛼 = 5%, and v=250-1=249, 
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the 80% power value of the ratio is actually 1.97+0.84=2.81. So, the ratio value from the 

experiment 2.81 equals to the 80% power ratio value. This means that the larger the number 

of clusters, the closer the ratio between ES and 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) from the experiment is to the 80% 

power ratio. The closer this ratio is to the 80% power ratio, the smaller the calculated ex post 

power Bias will be. This explains why Bias is smaller when the number of clusters is larger. 

 Also, in TABLE 5.9/Panels A and B, for the 1000 ex post power experiments, it can 

be seen that the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸) in the two experiments is not very different, one being 0.1 and 

the other 0.0975. Are the 1000 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� in each experiment all around the true 

standard error?  I have listed the first 20 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��. It is difficult to see any specific 

difference from these 20 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��. However, if these 1000 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� are 

statistically measured, the MSE of 1000 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� is 0.011 when the clusters 

number is 40 and the MSE of 1000 estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� is only 0.004 when the clusters 

number is 250. Therefore, as the number of clusters increases, the estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� 

“tightened more” around the true 𝑠𝑠. 𝑒𝑒. (𝐸𝐸𝐸𝐸). This results in a smaller MSE for the calculated 

ex post power when clusters number increases.  

The above experiments illustrate the mechanism by which increasing the number of 

clusters reduces Bias and MSE. Unfortunately, as the other three methods BLW1, BLW2 and 

BLW3 do not calculate specific estimated 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� values, I am not able to visually observe 

how the increase in the number of clusters makes the results of these three methods more 

accurate. 

 For Environment 4, I rank the four methods from best to the worst as follows: SE-ES 

> BLW1 > BLW2 > BLW3. SE-ES method is still the best method to calculate ex post 

power due to the lowest Bias and MSE. The results of Environment 4 reinforce the 

importance of the number of clusters in increasing the accuracy of the ex post power 

calculations. Even though I added the cross-sectional correlation problem, after increasing the 
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number of clusters again, SE-ES method results are consistent to the true power value. This 

provides some evidence that departures from the assumption of independence of clusters do 

not have a big impact on estimates of ex post power. 

5.5 Conclusion 

By comparing the BLW1, BLW2, BLW3 and SE-ES these methods in hundreds of 

Monte Carlo simulations in different data environments, I find that SE-ES method has the 

smallest Bias and the smallest MSE, making it the best method for calculating ex post power. 

Further, the SE-ES method is a much simpler method to apply in practice.  

Based on the finding of my research, the recommendation for researchers conducting 

cluster data research is that increasing the number of clusters will produce more accurate ex 

post power than increasing the size of each cluster. As for other 3 methods BLW1, BLW2 

and BLW3 to calculate ex post power, they are more complex and less accurate than the SE-

ES method. The next chapter will focus on the SE-ES method in comparing ex post to ex ante 

power for a set of studies funded by the International Initiative for Impact Evaluation (3ie).  
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5.7 Appendix 
 

TABLE 5.1 Statistics on the number of observations in 23 papers of 3ie 
 

ID 
No. Outcome Name Total 

Observation 
Clusters 
Number Average 

1. Total weekly cash as stated by 
the youth 3542 393 9 

1. Number of assets owned 3542 393 9 
2. Numeracy (Year 2016/17) 11733 301 39 
2. Numeracy (Year 2017/18) 11733 301 39 
2. Literacy (Year 2016/17) 11733 301 39 
2. Literacy (Year 2017/18) 11733 301 39 

3. Has Outstanding Formal Loan 
(Dummy) 4160 101 41 

3. Amount of Outstanding 
Formal Loan 4160 101 41 

4. Household-Any Actions 
(Dummy) 6411 107 60 

4. Community-Any Actions 
(Dummy) 6411 107 60 

5. 
Trust a 

community member to buy at 
market (Dummy) 

2834 234 11 

5. 
Number of people vote in 

Local Council 
election 

2834 234 11 

6. 
Knowledge about 

to revenues from oil and gas 
production (S7Q1) 

1,524 120 13 

6. 

Have a right to demand 
information about oil, gas 
or mining revenues from 

responsible national officials 
and 

leaders (S8Q1c) 

1268 120 11 

7. Toilet use 2492 94 27 
8. Latrine used the last time 2170 48 45 
9. Latrine use 16827 66 255 
9. Safe disposal 15293 66 232 

10. Latrine use household 2686 120 22 
10. Safe disposal of child faeces 2686 120 22 
11. Labour force participation 11538 62 186 
11. Wage employment 11538 62 186 
12. Total employment (short-run) 3678 42 170 
12. Total employment (long-run) 7136 42 88 
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ID 
No. Outcome Name Total 

Observation 
Clusters 
Number Average 

13. Utilization of youth-friendly 
services 10076 63 160 

14. Gross agricultural yield 2186 246 9 
15. Asset Index 2436 154 18 
16. Average trust 4168 36 116 
17. Agricultural revenues 16448 108 152 
17. Agricultural costs 16448 108 152 
18. Farming main income 1859 120 15 
18. Palm oil main sale 1859 120 15 

19. MNM take-up (measured by 
hemoglobin) 15464 342 45 

20. Insecticide Treated Net (ITN) 
Use 4269 216 20 

20. Handwashing with soap 
behavior 4269 216 20 

21. Weekly profits 7074 157 45 
22. Was bullied in school 4313 20 216 

22. 
Trust in people seeing for the 

first 
time 

4313 10 216 

23. Mathematics 20872 223 94 
23. French 20872 223 94 
23. ESVS 20872 223 94 

 
NOTE: In this table, Outcome name represents the most important outcome variable in the 
paper.  Average means the average number of people in each cluster. Average is rounded to 
the nearest whole number. This table is a rough estimate, please refer to Table 6.1 for final 
results. 
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TABLE 5.2 Detailed descriptive statistics of all 3ie papers 
 

Panel A: Total Observation 
------------------------------------------------------------- 
      Percentiles      Smallest 
 1%         1268           1268 
 5%         1859           1524 
10%         2170           1859       Obs                  41 
25%         2834           1859       Sum of wgt.          41 
 
50%         4313                      Mean           7742.927 
                        Largest       Std. dev.      6072.275 
75%        11733          16827 
90%        16448          20872       Variance       3.69e+07 
95%        20872          20872       Skewness       .8533186 
99%        20872          20872       Kurtosis       2.436024 
 
Total Observation (approx.1st and 3rd quartile) = 3000 and 10,000 

 
                             Panel B: Clusters Number 
------------------------------------------------------------- 
      Percentiles      Smallest 
 1%           10             10 
 5%           36             20 
10%           42             36       Obs                  41 
25%           66             42       Sum of wgt.          41 
 
50%          120                      Mean           152.9512 
                        Largest       Std. dev.      105.0626 
75%          223            302 
90%          302            342       Variance       11038.15 
95%          342            394       Skewness       .7931154 
99%          394            394       Kurtosis       2.523581 
 
Clusters Number (approx.1st and 3rd quartile) = 50 and 200 

 
 
                              Panel C: Average 
------------------------------------------------------------- 
      Percentiles      Smallest 
 1%            9              9 
 5%           11              9 
10%           11             11       Obs                  41 
25%           20             11       Sum of wgt.          41 
 
50%           41                      Mean           77.14634 
                        Largest       Std. dev.      73.09876 
75%          116            216 
90%          186            216       Variance       5343.428 
95%          216            232       Skewness       1.022074 
99%          255            255       Kurtosis       2.701853 

 
Average (approx.1st and 3rd quartile) = 20 and 100 
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TABLE 5.3 Experiments results in Environment 1 (Estimator: OLS) 
 

Panel A: BLW1 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

1 BLW1 (30, 100) 0 0.800 0.731 0.872 0.036 

2 BLW1 (100, 30) 0 0.801 0.755 0.845 0.022 

3 BLW1 (100, 100) 0 0.801 0.761 0.842 0.021 

4 BLW1 (250, 40) 0 0.800 0.766 0.833 0.017 
 

Panel B: BLW2 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

5 BLW2 (30, 100) 0 0.813 0.747 0.889 0.036 

6 BLW2 (100, 30) 0 0.804 0.763 0.850 0.023 

7 BLW2 (100, 100) 0 0.804 0.763 0.848 0.022 

8 BLW2 (250, 40) 0 0.801 0.766 0.834 0.017 
 
 

Panel C: SE-ES 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

9 SE-ES (30, 100) 0 0.800 0.780 0.820 0.010 

10 SE-ES (100, 30) 0 0.800 0.780 0.820 0.010 

11 SE-ES (100, 100) 0 0.800 0.789 0.811 0.005 

12 SE-ES (250, 40) 0 0.800 0.789 0.811 0.005 
 

NOTE: This table includes 12 Monte Carlo Experiments. As there is no clustering problem, 
Rho (𝝆𝝆) equals to 0. Lower Bound and Upper Bound are of 95% interval. It represents the 
degree of aggregation within each cluster, from small to large. All results in the table are saved 
to three decimal places.  
 
 
 
 
 
 
 
 
 
 
 
 



158 
 

TABLE 5.4 Experiments results in Environment 2 (Estimator: OLS-CR) 
 

Panel A: BLW1 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

1 BLW1 (30, 100) 0.3 0.844 0.662 0.981 0.088 

2 BLW1 (30, 100) 0.5 0.843 0.663 0.983 0.087 

3 BLW1 (30, 100) 0.7 0.842 0.670 0.982 0.086 

4 BLW1 (100, 30) 0.3 0.815 0.706 0.916 0.054 

5 BLW1 (100, 30) 0.5 0.816 0.709 0.919 0.054 

6 BLW1 (100, 30) 0.7 0.816 0.708 0.920 0.054 

7 BLW1 (100, 100) 0.3 0.815 0.707 0.917 0.055 

8 BLW1 (100, 100) 0.5 0.815 0.708 0.916 0.053 

9 BLW1 (100, 100) 0.7 0.816 0.707 0.911 0.053 

10 BLW1 (250, 40) 0.3 0.805 0.728 0.879 0.038 

11 BLW1 (250, 40) 0.5 0.804 0.730 0.874 0.037 

12 BLW1 (250, 40) 0.7 0.804 0.728 0.874 0.036 
 

Panel B: BLW2 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

13 BLW2 (30, 100) 0.3 0.852 0.667 0.981 0.084 

14 BLW2 (30, 100) 0.5 0.851 0.670 0.982 0.083 

15 BLW2 (30, 100) 0.7 0.850 0.681 0.984 0.082 

16 BLW2 (100, 30) 0.3 0.819 0.710 0.921 0.054 

17 BLW2 (100, 30) 0.5 0.819 0.707 0.922 0.054 

18 BLW2 (100, 30) 0.7 0.819 0.707 0.920 0.055 

19 BLW2 (100, 100) 0.3 0.818 0.712 0.917 0.053 

20 BLW2 (100, 100) 0.5 0.819 0.714 0.916 0.052 

21 BLW2 (100, 100) 0.7 0.819 0.714 0.912 0.052 

22 BLW2 (250, 40) 0.3 0.806 0.734 0.879 0.037 

23 BLW2 (250, 40) 0.5 0.806 0.736 0.878 0.037 

24 BLW2 (250, 40) 0.7 0.806 0.734 0.878 0.037 
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Panel C: BLW3 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

25 BLW3 (30, 100) 0.3 0.851 0.658 0.988 0.089 

26 BLW3 (30, 100) 0.5 0.850 0.663 0.986 0.089 

27 BLW3 (30, 100) 0.7 0.849 0.658 0.987 0.089 

28 BLW3 (100, 30) 0.3 0.816 0.709 0.914 0.053 

29 BLW3 (100, 30) 0.5 0.816 0.714 0.920 0.053 

30 BLW3 (100, 30) 0.7 0.816 0.713 0.920 0.053 

31 BLW3 (100, 100) 0.3 0.816 0.703 0.918 0.055 

32 BLW3 (100, 100) 0.5 0.817 0.707 0.913 0.056 

33 BLW3 (100, 100) 0.7 0.817 0.706 0.917 0.056 

34 BLW3 (250, 40) 0.3 0.808 0.730 0.876 0.037 

35 BLW3 (250, 40) 0.5 0.807 0.731 0.876 0.037 

36 BLW3 (250, 40) 0.7 0.806 0.732 0.875 0.036 
 

Panel D: SE-ES 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

37 SE-ES (30, 100) 0.3 0.817 0.619 0.964 0.092 

38 SE-ES (30, 100) 0.5 0.819 0.622 0.965 0.092 

39 SE-ES (30, 100) 0.7 0.820 0.621 0.966 0.093 

40 SE-ES (100, 30) 0.3 0.806 0.692 0.905 0.056 

41 SE-ES (100, 30) 0.5 0.805 0.691 0.903 0.055 

42 SE-ES (100, 30) 0.7 0.805 0.688 0.905 0.055 

43 SE-ES (100, 100) 0.3 0.804 0.694 0.903 0.054 

44 SE-ES (100, 100) 0.5 0.805 0.699 0.904 0.054 

45 SE-ES (100, 100) 0.7 0.806 0.697 0.902 0.054 

46 SE-ES (250, 40) 0.3 0.802 0.732 0.867 0.035 

47 SE-ES (250, 40) 0.5 0.802 0.732 0.864 0.035 

48 SE-ES (250, 40) 0.7 0.802 0.732 0.866 0.034 
 
NOTE: TABLE 5.4 includes 48 Monte Carlo Experiments. All results in the table are saved to 
three decimal places.  
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TABLE 5.5 Compare Rho=0.3 and Rho=0.7 results in Environment 2 
 

 
Panel A (Rho (𝝆𝝆)=0.3): 
True Effect Size ——ES=0.683 
True standard error of Effect Size ——s.e.(ES) =0.241 
The ratio between them——0.683/0.241=2.83 
First 20 estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.219 0.229 0.255 0.255 0.210 
0.273 0.243 0.247 0.235 0.244 
0.226 0.262 0.233 0.251 0.296 
0.254 0.266 0.246 0.235 0.251 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.241. 
 
 
 
 
Panel B (Rho (𝝆𝝆)=0.7): 
True Effect Size ——(ES)=1.01 
True standard error of Effect Size ——s.e.(ES) =0.357 
The ratio between them——1.01/0.357=2.83 
First 20 estimated standard error e s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.305 0.328 0.339 0.374 0.293 
0.393 0.394 0.367 0.344 0.377 
0.322 0.391 0.374 0.337 0.436 
0.353 0.382 0.379 0.354 0.385 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.357. 
 
 
NOTE: All results in the table are saved to three decimal places. 
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TABLE 5. 6 Experiments results in Environment 3 (Estimator: OLS-CR) 

 
Panel A: BLW1 

Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

1 BLW1 (30, 100) 0.3 0.845 0.662 0.985 0.090 

2 BLW1 (30, 100) 0.5 0.845 0.661 0.985 0.090 

3 BLW1 (30, 100) 0.7 0.845 0.659 0.985 0.090 

4 BLW1 (100, 30) 0.3 0.816 0.712 0.909 0.053 

5 BLW1 (100, 30) 0.5 0.816 0.712 0.910 0.053 

6 BLW1 (100, 30) 0.7 0.815 0.708 0.909 0.053 

7 BLW1 (100, 100) 0.3 0.814 0.711 0.918 0.054 

8 BLW1 (100, 100) 0.5 0.814 0.711 0.918 0.054 

9 BLW1 (100, 100) 0.7 0.814 0.709 0.918 0.054 

10 BLW1 (250, 40) 0.3 0.805 0.731 0.873 0.037 

11 BLW1 (250, 40) 0.5 0.805 0.730 0.874 0.037 

12 BLW1 (250, 40) 0.7 0.806 0.732 0.876 0.038 
 

Panel B: BLW2 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

13 BLW2 (30, 100) 0.3 0.853 0.672 0.985 0.086 

14 BLW2 (30, 100) 0.5 0.853 0.675 0.986 0.086 

15 BLW2 (30, 100) 0.7 0.853 0.675 0.986 0.085 

16 BLW2 (100, 30) 0.3 0.819 0.715 0.914 0.052 

17 BLW2 (100, 30) 0.5 0.819 0.714 0.915 0.052 

18 BLW2 (100, 30) 0.7 0.819 0.716 0.914 0.052 

19 BLW2 (100, 100) 0.3 0.817 0.710 0.917 0.054 

20 BLW2 (100, 100) 0.5 0.817 0.710 0.916 0.054 

21 BLW2 (100, 100) 0.7 0.817 0.708 0.916 0.054 

22 BLW2 (250, 40) 0.3 0.806 0.729 0.876 0.038 

23 BLW2 (250, 40) 0.5 0.806 0.727 0.877 0.038 

24 BLW2 (250, 40) 0.7 0.806 0.730 0.876 0.038 
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Panel C: BLW3 

Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

25 BLW3 (30, 100) 0.3 0.852 0.650 0.994 0.094 

26 BLW3 (30, 100) 0.5 0.851 0.651 0.995 0.094 

27 BLW3 (30, 100) 0.7 0.851 0.650 0.994 0.094 

28 BLW3 (100, 30) 0.3 0.819 0.719 0.919 0.053 

29 BLW3 (100, 30) 0.5 0.819 0.719 0.920 0.053 

30 BLW3 (100, 30) 0.7 0.819 0.720 0.918 0.053 

31 BLW3 (100, 100) 0.3 0.813 0.693 0.916 0.057 

32 BLW3 (100, 100) 0.5 0.813 0.693 0.916 0.057 

33 BLW3 (100, 100) 0.7 0.813 0.695 0.915 0.057 

34 BLW3 (250, 40) 0.3 0.809 0.735 0.877 0.037 

35 BLW3 (250, 40) 0.5 0.809 0.736 0.877 0.037 

36 BLW3 (250, 40) 0.7 0.809 0.735 0.876 0.037 
 

Panel D: SE-ES 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

37 SE-ES (30, 100) 0.3 0.816 0.613 0.971 0.095 

38 SE-ES (30, 100) 0.5 0.816 0.614 0.971 0.095 

39 SE-ES (30, 100) 0.7 0.815 0.617 0.970 0.094 

40 SE-ES (100, 30) 0.3 0.805 0.685 0.902 0.055 

41 SE-ES (100, 30) 0.5 0.805 0.686 0.902 0.055 

42 SE-ES (100, 30) 0.7 0.806 0.688 0.900 0.055 

43 SE-ES (100, 100) 0.3 0.804 0.698 0.911 0.055 

44 SE-ES (100, 100) 0.5 0.804 0.698 0.912 0.055 

45 SE-ES (100, 100) 0.7 0.804 0.698 0.912 0.055 

46 SE-ES (250, 40) 0.3 0.802 0.739 0.865 0.034 

47 SE-ES (250, 40) 0.5 0.802 0.739 0.866 0.034 

48 SE-ES (250, 40) 0.7 0.802 0.739 0.866 0.034 
 
NOTE: TABLE 5.6 includes 48 Monte Carlo Experiments. All results in the table are saved to 
three decimal places.  
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TABLE 5.7 Compare and Rho=0.7 results in Environment 2 and Environment 3  
 
 
Panel A (Rho (𝝆𝝆)=0.7) in Environment 2: 
True Effect Size ——ES=1.01 
True standard error of Effect Size ——s.e.(ES) =0.357 
The ratio between them——1.01/0.357=2.83 
First 20 estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.305 0.328 0.339 0.374 0.293 
0.393 0.394 0.367 0.344 0.377 
0.322 0.391 0.374 0.337 0.436 
0.353 0.382 0.379 0.354 0.385 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.357. 
 
 
Panel B (Rho (𝝆𝝆)=0.7) in Environment 3: 
True Effect Size ——ES =0.703 
True standard error of Effect Size —— s.e.(ES) =0.249 
The ratio between them——0.703/0.249=2.83 
First 20 estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.230 0.238 0.268 0.268 0.232 
0.260 0.219 0.247 0.259 0.245 
0.262 0.242 0.230 0.277 0.296 
0.252 0.255 0.240 0.233 0.242 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.249. 
 
NOTE: All results in the table are saved to three decimal places. 
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TABLE 5.8 Experiments results in Environment 4 (Estimator: OLS-CR) 
 

Panel A: BLW1 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

1 BLW1 (30, 100) 0.3 0.845 0.655 0.984 0.090 

2 BLW1 (30, 100) 0.5 0.845 0.652 0.984 0.090 

3 BLW1 (30, 100) 0.7 0.845 0.652 0.983 0.090 

4 BLW1 (100, 30) 0.3 0.815 0.712 0.910 0.053 

5 BLW1 (100, 30) 0.5 0.815 0.709 0.910 0.053 

6 BLW1 (100, 30) 0.7 0.815 0.709 0.913 0.053 

7 BLW1 (100, 100) 0.3 0.814 0.709 0.919 0.054 

8 BLW1 (100, 100) 0.5 0.814 0.709 0.918 0.054 

9 BLW1 (100, 100) 0.7 0.814 0.703 0.917 0.054 

10 BLW1 (250, 40) 0.3 0.805 0.733 0.874 0.037 

11 BLW1 (250, 40) 0.5 0.805 0.731 0.875 0.037 

12 BLW1 (250, 40) 0.7 0.805 0.731 0.875 0.038 
 

Panel B: BLW2 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

13 BLW2 (30, 100) 0.3 0.853 0.671 0.984 0.086 

14 BLW2 (30, 100) 0.5 0.853 0.672 0.984 0.086 

15 BLW2 (30, 100) 0.7 0.853 0.672 0.984 0.086 

16 BLW2 (100, 30) 0.3 0.819 0.715 0.917 0.052 

17 BLW2 (100, 30) 0.5 0.819 0.714 0.915 0.052 

18 BLW2 (100, 30) 0.7 0.818 0.714 0.915 0.053 

19 BLW2 (100, 100) 0.3 0.817 0.710 0.916 0.054 

20 BLW2 (100, 100) 0.5 0.817 0.711 0.916 0.054 

21 BLW2 (100, 100) 0.7 0.817 0.712 0.916 0.054 

22 BLW2 (250, 40) 0.3 0.806 0.730 0.875 0.037 

23 BLW2 (250, 40) 0.5 0.806 0.730 0.877 0.037 

24 BLW2 (250, 40) 0.7 0.806 0.730 0.878 0.038 
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Panel C: BLW3 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

25 BLW3 (30, 100) 0.3 0.851 0.644 0.993 0.095 

26 BLW3 (30, 100) 0.5 0.851 0.644 0.995 0.095 

27 BLW3 (30, 100) 0.7 0.851 0.639 0.994 0.095 

28 BLW3 (100, 30) 0.3 0.819 0.718 0.917 0.053 

29 BLW3 (100, 30) 0.5 0.819 0.718 0.918 0.053 

30 BLW3 (100, 30) 0.7 0.818 0.719 0.918 0.053 

31 BLW3 (100, 100) 0.3 0.813 0.694 0.919 0.057 

32 BLW3 (100, 100) 0.5 0.813 0.695 0.919 0.057 

33 BLW3 (100, 100) 0.7 0.813 0.694 0.918 0.057 

34 BLW3 (250, 40) 0.3 0.809 0.735 0.877 0.037 

35 BLW3 (250, 40) 0.5 0.809 0.735 0.878 0.037 

36 BLW3 (250, 40) 0.7 0.809 0.735 0.877 0.037 
 

Panel D: SE-ES 
Exp 
No. Method Sample Rho 

(𝝆𝝆) Mean Lower 
Bound 

Upper 
Bound MSE 

37 SE-ES (30, 100) 0.3 0.816 0.618 0.967 0.094 

38 SE-ES (30, 100) 0.5 0.815 0.618 0.967 0.094 

39 SE-ES (30, 100) 0.7 0.815 0.616 0.969 0.094 

40 SE-ES (100, 30) 0.3 0.806 0.688 0.904 0.055 

41 SE-ES (100, 30) 0.5 0.806 0.689 0.904 0.055 

42 SE-ES (100, 30) 0.7 0.806 0.693 0.902 0.055 

43 SE-ES (100, 100) 0.3 0.805 0.699 0.911 0.055 

44 SE-ES (100, 100) 0.5 0.804 0.698 0.913 0.055 

45 SE-ES (100, 100) 0.7 0.804 0.697 0.914 0.055 

46 SE-ES (250, 40) 0.3 0.803 0.739 0.865 0.034 

47 SE-ES (250, 40) 0.5 0.803 0.739 0.866 0.034 

48 SE-ES (250, 40) 0.7 0.802 0.740 0.866 0.034 
 
NOTE: TABLE 5.8 includes 48 Monte Carlo Experiments. All results in the table are saved to 
three decimal places.  
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TABLE 5.9 Compare {40×250} (40 clusters) and {250×40} (250 clusters)  
in Environment 4 (Rho=0.7)  

 
 
Panel A {40×250} (40 clusters): 
True Effect Size ——ES = 0.289 
True standard error of Effect Size ——s.e.(ES) = 0.1 
The ratio between them——0.289/0.1=2.89 
First 20 estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.121 0.091 0.089 0.116 0.110 
0.082 0.094 0.084 0.095 0.106 
0.088 0.084 0.096 0.075 0.092 
0.093 0.103 0.083 0.086 0.081 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.1. 
 
 
Panel A {250×40} (250 clusters): 
True Effect Size ——ES = 0.274 
True standard error of Effect Size ——s.e.(ES) = 0.098 
The ratio between them——0.274/0.098=2.81 
First 20 estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) from 1000 ex post power experiments: 

0.095 0.099 0.100 0.105 0.102 
0.094 0.096 0.093 0.093 0.093 
0.091 0.093 0.093 0.100 0.100 
0.105 0.097 0.097 0.091 0.092 

Estimated standard error s.e.(𝐸𝐸𝐸𝐸� ) fluctuate around the true value 0.098. 
 
NOTE: All results in the table are saved to three decimal places. 
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FIGURE 5. 1 Schematic diagram of DGP 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Simulate the X variable: 𝑁𝑁 × 𝑇𝑇 = {30 × 100}, {100 × 30}, {100 × 100} and {250 ×
40}, half clusters X=0 and half clusters X=1, each cluster keep all X the same, 0 or 1. 

Parameterize 𝜴𝜴𝑁𝑁𝑁𝑁 according to one of the four environments by setting rho (𝜌𝜌) 
to control the extent of the clustering (𝜌𝜌 = 0, 0.3, 0.5 𝑝𝑝𝑟𝑟 0.7). Simulate errors 
according to 𝜀𝜀~ 𝑁𝑁(0,𝜴𝜴𝑁𝑁𝑁𝑁). 

In Environment 1, get 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸) by Equation (9). In Environments 2, 3 and 4,  
get 𝑉𝑉𝑝𝑝𝑟𝑟(𝐸𝐸𝐸𝐸�𝑂𝑂𝑂𝑂𝐸𝐸−𝐶𝐶𝐶𝐶) by Equation (10). Set true ex post power =80%. Then 
determine the Effect Size (ES) that corresponds to 80% power by Equation 
(11). 
 

DGP: Simulate Y values according to = 1 + 𝐸𝐸𝐸𝐸 ∙ 𝑋𝑋 +  𝜀𝜀  , where X and 𝜀𝜀  are 
simulated and ES is calculated as described above.  This produces a dataset of 
simulated Y and X values. 
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FIGURE 5. 2 Schematic diagram of BLW2 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Get a dataset (see FIGURE 5.1). Use this dataset to regress Y on X 
according to Equation (12). Get 𝐸𝐸𝐸𝐸�  and residuals (Original). 

Resample the residuals (Original) from Equation (12) to get a new set of 
residuals (call it 𝑛𝑛𝑒𝑒𝑤𝑤𝐶𝐶𝑒𝑒𝑠𝑠). 

Generate Yhat,  𝑌𝑌� = 1 + 𝐸𝐸𝐸𝐸� ∙ 𝑋𝑋 + 𝑛𝑛𝑒𝑒𝑤𝑤𝐶𝐶𝑒𝑒𝑠𝑠. Repeat the resampling process 999 
more times, producing 1000 sets of  𝑌𝑌�  values. Together with the set of X values, 
this produces a 1000 simulated datasets. 
 

For each simulated dataset, regress 𝑌𝑌�  on X using OLS or OLS-CR. Record whether 
the associated slope coefficient is significant. The percentage of times the 
estimated effect size is statistically significant across the 1000 simulated datasets 
is the ex post power estimate from BLW2 for that particular dataset. 

Go back to Step 1, get a new dataset (see FIGURE 5.1) and repeat the steps above 
to get a new ex post power. Repeat 999 more times. This end result is 1000 ex post 
power values.  
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FIGURE 5. 3 Schematic diagram of BLW2 resampling procedure 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

𝐸𝐸𝐸𝐸� × 
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FIGURE 5. 4 Schematic diagram of BLW3 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Get a dataset (see FIGURE 5.1). Use this dataset to regress Y on X 
according to Equation (12). Get 𝐸𝐸𝐸𝐸�  and residuals (Original).  

Keep multiplying 1 or -1 for each cluster to get a new set of residuals (call it 
𝑛𝑛𝑒𝑒𝑤𝑤𝐶𝐶𝑒𝑒𝑠𝑠).  

Generate Yhat by adding newRes with X from Equation (13):  𝑌𝑌� = 1 + 𝐸𝐸𝐸𝐸� ∙ 𝑋𝑋 + 𝑛𝑛𝑒𝑒𝑤𝑤𝐶𝐶𝑒𝑒𝑠𝑠. 
Repeat the resampling process 999 more times, producing 1000 sets of  newRes and 𝑌𝑌�  
values. Together with the set of X values, this produces a 1000 simulated datasets. 
 

For each simulated dataset, regress 𝑌𝑌�  on X using OLS or OLS-CR. Record whether 
the associated slope coefficient is significant. The percentage of times the 
estimated effect size is statistically significant across the 1000 simulated datasets 
is the ex post power estimate from Wild cluster bootstrap for that particular dataset. 

Go back to Step 1, get a new dataset (see FIGURE 5.1) and repeat the steps above 
to get a new ex post power. Repeat 999 more times. This end result is 1000 ex post 
power values.  
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FIGURE 5. 5 Schematic diagram of BLW3 procedure 
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FIGURE 5. 6 Schematic diagram of SE-ES 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 

Use Equation (15) to calculate one ex post power. 

Go back to Step 1, start a new DGP, get a new dataset and repeat the steps above to 
get a new ex post power. Repeat 1000 times, get 1000 ex post powers from SE-ES. 

Get a dataset (see FIGURE 5.1). Use this dataset to regress Y on X according to Equation (13). 
Save the estimated standard error of effect size from the regression. 

Go back to Step 1 , get a new dataset (see FIGURE 5.1) and repeat the steps above 
to get a new ex post power. Repeat 999 more times. This end result is 1000 ex post 
power values.  
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5.8 Code sources 
 

I will place the R language code for generating all graphs in the space below, I do this 

for two purposes, the first purpose being to allow the reader to refer directly to the code if they 

have questions about what I have done that are not covered in the text. The second purpose is 

to demonstrate that I will use replicable practices in my thesis research. I plan to post all my 

codes on a shared site such as OSF after I finish my thesis.  

1. To get BLW2 in Environment 1 (Estimator: OLS) 

rm(list=ls()) 
options(warn=-1) 
library(lmtest) 
library(multiwayvcov) 
library(plm) 
set.seed(66) 
# Defining Function that creates omega, PartA, and display simulation results 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
    SummaryStat <- rbind.data.frame(SummaryStat, 
                                    
cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
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    diag(submatrix) <-1 
    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
PartA <- function(n,J, XX, sige2, alpha, TP, beta0, rho){ 
  x <- XX 
  t1 <- qt(1-alpha/2, df=n*J-2) 
  t2 <- qt(TP, df=n*J-2) 
  Omega <- Get_Omega(n,J,rho) 
  chol_omega <- chol(sige2*Omega) 
  # stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(t(as.matrix(cbind(1,x)))
%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%solve(t(as.matrix(cbind(1,x)))%*%as.matrix(
cbind(1,x)))))[2] 
  stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%solve(sige2*Omega)%*%as.ma
trix(cbind(1,x)))))[2] 
  MDE <- (t1+t2)*stderrBeta 
  DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
  DT[,1] <- sort(rep(c(1:J),n)) 
  DT[,2] <- rep(c(1:n),J) 
  colnames(DT) <- c("IDN","IDT","Y","X","Resid") 
  err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
  yhat <- beta0 + MDE*x + err 
  DT[, c(3:4)] <- cbind(yhat,x) 
  reg.out <- lm(yhat~x) 
  DT[, c(5)] <- reg.out$residuals 
  return(list(MDE=MDE, 
              DT=DT, 
              seBeta=stderrBeta)) 
} 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 2 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0 
XX <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) 
#TargetPower <- seq(0.9,0.1,-0.1) 
 
# number of power calculations 
NBLWPower <- 1000 
# set simulation length (iteration) 
simN <- 1000 
Nexpand <- 3 
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# Make matrix to save results 
Results_OLS <- as.data.frame(matrix(NA, nrow=NBLWPower, 
ncol=length(TargetPower))) 
colnames(Results_OLS)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahat <- as.data.frame(matrix(NA, nrow=NBLWPower*simN, 
ncol=length(TargetPower))) 
colnames(Results_OLS_betahat)<- paste0("TgtPwr",TargetPower*100) 
Results_RE <- Results_OLSCLU <- Results_OLS 
Results_RE_betahat<-Results_RE_sebetahat<-Results_OLSCLU_betahat<-
Results_OLSCLU_sebetahat<-Results_OLS_sebetahat<-Results_OLS_betahat 
 
Progress <- as.data.frame(floor(quantile(c(1:NBLWPower), prob = 
seq(0, 1, length = 11), type = 5))) 
cnt <- 1 
for(i in TargetPower){ 
  cat('Target Power = ', i, '\n') 
  cnt2<-1 
  for(k in 1:NBLWPower){ 
    regDT <- PartA(n,J, XX, sige2, alpha, i, beta0, rho) 
    DT <- regDT$DT 
    mde <- regDT$MDE 
    power_re <- power_olsclu <- power_ols <- 0 
    FreqTable <- as.data.frame(table(DT$IDN)) 
    for(j in 1:simN){ 
      if(n>1){ 
        subErr <- c() 
        for(l in 1:nrow(FreqTable)){ 
          subresid <- subset(DT, 
DT$IDN==as.numeric(FreqTable[sample(1:nrow(FreqTable),1),1]))$Resid 
          eTmp <- sample(rep(subresid,Nexpand), FreqTable[l,2], 
replace=TRUE) 
          subErr <- c(subErr, eTmp) 
        } 
      }else{ 
        subErr <- sample(DT$Resid, J*n, replace=TRUE) 
      } 
      DT$Y <- beta0 + mde*DT$X + subErr 
       
      # OLS ESTIMATION 
      OLSest <- lm(Y~X, data=DT) 
      power_ols <- power_ols + 
(summary(OLSest)$coefficient[2,4]<(alpha))/simN 
      Results_OLS_betahat[cnt2, cnt] <-  
summary(OLSest)$coefficient[2,1] 
      Results_OLS_sebetahat[cnt2, cnt] <- 
summary(OLSest)$coefficient[2,2] 
       
      # OLS with Clustered Standard Error ESTIMATION 
      clust_IDN <- coeftest(OLSest, cluster.vcov(OLSest, DT$IDN)) 
      power_olsclu <- power_olsclu + (clust_IDN[2,4]<alpha)/simN 
      Results_OLSCLU_betahat[cnt2, cnt] <- clust_IDN[2,1] 
      Results_OLSCLU_sebetahat[cnt2, cnt] <- clust_IDN[2,2] 
       
       
      cnt2 <- cnt2+1 
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    } 
    Results_OLS[k,cnt]<-power_ols 
    Results_OLSCLU[k,cnt]<-power_olsclu 
     
    if(sum(k==Progress)==1){ 
      cat(rownames(Progress)[k==Progress ], ".") 
      if(rownames(Progress)[k==Progress ]=="100%"){cat("Done! \n\n")} 
    } 
  } 
  cnt <- cnt+1 
} 
 
# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLS,TargetPower, TRUE) 

 
2. To get SE-ES in Environment 1 (Estimator: OLS) 

rm(list=ls()) 
library(lmtest) 
library(multiwayvcov) 
library(clubSandwich) 
library(plm) 
set.seed(66) 
 
# Defining Function that creates omega and display simulation results 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
    diag(submatrix) <-1 
    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
    SummaryStat <- rbind.data.frame(SummaryStat, 
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cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) #seq(0.9,0.1,-0.1) 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 2 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0 
x <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# Getting Omega - (J*n) x (J*n) matix and  
Omega <- Get_Omega(n,J,rho) 
# Cholesky decomposition (i.e., Omega = L'L) 
chol_omega <- chol(sige2*Omega) 
 
# Generate X, compute Standard error of beta and compute mde 
#x <- rnorm(n*J, meanX,StdDevX) 
#x <- runif 
 
#stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(t(as.matrix(cbind(1,x)))
%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%solve(t(as.matrix(cbind(1,x)))%*%as.matrix(
cbind(1,x)))))[2] 
stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%solve(sige2*Omega)%*%as.ma
trix(cbind(1,x)))))[2] 
mde_List <- (qt(1-alpha/2, df=n*J-2)+qt(TargetPower, df=n*J-
2))*stderrBeta 
 
# number of power calculations 
Npower <- 1000 
# set simulation length (iteration) 
simN <- 1000 
 
# Making a matrix for simulated dataset 
# IDN - ID for each village (from 1 to J) 
# IDT - ID for each person in a village (from 1 to n) 
DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
DT[,1] <- sort(rep(c(1:J),n)) 
DT[,2] <- rep(c(1:n),J) 
colnames(DT) <- c("IDN","IDT","Y","X","ERR") 
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# Make matrix to save results 
Results_OLS <- as.data.frame(matrix(NA, nrow=Npower, 
ncol=length(TargetPower))) 
colnames(Results_OLS)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahat <- as.data.frame(matrix(NA, nrow=Npower*simN, 
ncol=length(TargetPower))) 
colnames(Results_OLS_betahat)<- paste0("TgtPwr",TargetPower*100) 
Results_RE <- Results_OLSCLU <- Results_OLS 
Results_RE_betahat<-Results_RE_sebetahat<-Results_OLSCLU_betahat<-
Results_OLSCLU_sebetahat<-Results_OLS_sebetahat<-Results_OLS_betahat 
 
Progress <- as.data.frame(floor(quantile(c(1:Npower), prob = seq(0, 1, 
length = 11), type = 5))) 
cnt<-1 
for(i in TargetPower){ 
  cat('Target Power = ', i, ";  MDE = ", i, '\n') 
  mde <- mde_List[cnt] 
  cnt2<-1 
  for(j in 1:Npower){ 
    power_re <- power_olsclu <- power_ols <- 0 
    for(k in 1:simN){ 
      err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
      yhat <- beta0 + mde*x + err 
      DT[, c(3:5)] <- cbind(yhat,x,err) 
      # OLS ESTIMATION 
      OLSest <- lm(Y~X, data=DT) 
      tpower_ols <- 
abs(mde/as.numeric(summary(OLSest)$coefficient[2,2])) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_ols <- power_ols + pt(tpower_ols, df=(J*n)-2)/simN 
      Results_OLS_betahat[cnt2, cnt] <-  
summary(OLSest)$coefficient[2,1] 
      Results_OLS_sebetahat[cnt2, cnt] <- 
summary(OLSest)$coefficient[2,2] 
      # OLS with Clustered Standard Error ESTIMATION 
      clust_IDN <- coeftest(OLSest, cluster.vcov(OLSest, DT$IDN)) 
      tpower_olsclu <- abs(mde/clust_IDN[2,2]) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_olsclu <- power_olsclu + pt(tpower_olsclu, df=(J*n)-
2)/simN 
      Results_OLSCLU_betahat[cnt2, cnt] <- clust_IDN[2,1] 
      Results_OLSCLU_sebetahat[cnt2, cnt] <- clust_IDN[2,2] 
       
      cnt2 <- cnt2+1 
    } 
    Results_OLS[j,cnt]<-power_ols 
    Results_OLSCLU[j,cnt]<-power_olsclu 
     
    if(sum(j==Progress)==1){ 
      cat(rownames(Progress)[j==Progress ], ".") 
      if(rownames(Progress)[j==Progress ]=="100%"){cat("Done! \n\n")} 
    } 
  } 
  cnt <- cnt+1 
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} 
 
# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLS,TargetPower,TRUE) 

 
 
3. To get BLW2 in Environment 2 (Estimator: OLS & OLS-CR) 

rm(list=ls()) 
options(warn=-1) 
library(lmtest) 
library(multiwayvcov) 
library(plm) 
 
# Defining Function that creates omega, PartA, and display simulation results 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
    SummaryStat <- rbind.data.frame(SummaryStat, 
                                    
cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
    diag(submatrix) <-1 
    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
PartA <- function(n,J, XX, sige2, alpha, TP, beta0, rho){ 
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  x <- XX 
  t1 <- qt(1-alpha/2, df=n*J-2) 
  t2 <- qt(TP, df=n*J-2) 
  Omega <- Get_Omega(n,J,rho) 
  chol_omega <- chol(sige2*Omega) 
  stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(
t(as.matrix(cbind(1,x)))%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%s
olve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))))[2] 
  MDE <- (t1+t2)*stderrBeta 
  DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
  DT[,1] <- sort(rep(c(1:J),n)) 
  DT[,2] <- rep(c(1:n),J) 
  colnames(DT) <- c("IDJ","IDN","Y","X","Resid") 
  err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
  yhat <- beta0 + MDE*x + err 
  DT[, c(3:4)] <- cbind(yhat,x) 
  reg.out <- lm(yhat~x) 
  DT[, c(5)] <- reg.out$residuals 
  return(list(MDE=MDE, 
              DT=DT, 
              seBeta=stderrBeta)) 
} 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 20 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0.7 
XX <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) 
#TargetPower <- seq(0.9,0.1,-0.1) 
 
# number of power calculations 
NPOWER <- 1000 
# set simulation length (iteration) 
NSIMULATION <- 1000 
Nexpand <- 3 
 
# Make matrix to save results 
Results_OLSBLW <- as.data.frame(matrix(NA, nrow=NPOWER, 
ncol=length(TargetPower))) 
colnames(Results_OLSBLW)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahatBLW <- as.data.frame(matrix(NA, 
nrow=NPOWER*NSIMULATION, ncol=length(TargetPower))) 
colnames(Results_OLS_betahatBLW)<- paste0("TgtPwr",TargetPower*100) 
Results_OLSCLUBLW <- Results_OLSBLW 
Results_OLSCLU_betahatBLW<-Results_OLSCLU_sebetahatBLW<-
Results_OLS_sebetahatBLW<-Results_OLS_betahatBLW 
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Progress <- as.data.frame(floor(quantile(c(1:NPOWER), prob = seq(0, 1, 
length = 11), type = 5))) 
cnt <- 1 
 
for(i in TargetPower){ 
  cat('Target Power = ', i, '\n') 
  cnt2<-1 
  for(k in 1:NPOWER){ 
    regDT <- PartA(n,J, XX, sige2, alpha, i, beta0, rho) 
    DT <- regDT$DT 
    mde <- regDT$MDE 
    power_re <- power_olscluBLW <- power_olsBLW <- 0 
    FreqTable <- as.data.frame(table(DT$IDJ)) 
    for(j in 1:NSIMULATION){ 
      if(n>1){ 
        subErr <- c() 
        for(l in 1:nrow(FreqTable)){ 
          subresid <- subset(DT, 
DT$IDJ==as.numeric(FreqTable[sample(1:nrow(FreqTable),1),1]))$Resid 
          eTmp <- sample(rep(subresid,Nexpand), FreqTable[l,2], 
replace=TRUE) 
          subErr <- c(subErr, eTmp) 
        } 
      }else{ 
        subErr <- sample(DT$Resid, J*n, replace=TRUE) 
      } 
      DT$Y <- beta0 + mde*DT$X + subErr 
       
      # OLS ESTIMATION for BLW 
      OLSestBLW <- lm(Y~X, data=DT) 
      power_olsBLW <- power_olsBLW + 
(summary(OLSestBLW)$coefficient[2,4]<(alpha))/NSIMULATION 
      Results_OLS_betahatBLW[cnt2, cnt] <-  
summary(OLSestBLW)$coefficient[2,1] 
      Results_OLS_sebetahatBLW[cnt2, cnt] <- 
summary(OLSestBLW)$coefficient[2,2] 
       
      # OLS with Clustered Standard Error ESTIMATION for BLW 
      clust_IDJBLW <- coeftest(OLSestBLW, cluster.vcov(OLSestBLW, 
DT$IDJ)) 
      power_olscluBLW <- power_olscluBLW + 
(clust_IDJBLW[2,4]<alpha)/NSIMULATION 
      Results_OLSCLU_betahatBLW[cnt2, cnt] <- clust_IDJBLW[2,1] 
      Results_OLSCLU_sebetahatBLW[cnt2, cnt] <- clust_IDJBLW[2,2] 
       
       
      cnt2 <- cnt2+1 
    } 
    Results_OLSBLW[k,cnt]<-power_olsBLW 
    Results_OLSCLUBLW[k,cnt]<-power_olscluBLW 
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    if(sum(k==Progress)==1){ 
      cat(rownames(Progress)[k==Progress ], ".") 
      if(rownames(Progress)[k==Progress ]=="100%"){cat("Done! \n\n")} 
    } 
  } 
  cnt <- cnt+1 
} 
 
# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLSBLW,TargetPower, TRUE) 
 
 
# Displaying OLS with Clustered Standard Error Estimation Results: 
DisplayPlot(Results_OLSCLUBLW,TargetPower, TRUE) 
 

 
4. To get SE-ES in Environment 2 (Estimator: OLS & OLS-CR) 

rm(list=ls()) 
library(lmtest) 
library(multiwayvcov) 
library(clubSandwich) 
library(plm) 
set.seed(66) 
 
# Defining Function that creates omega and display simulation results 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
    diag(submatrix) <-1 
    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
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    SummaryStat <- rbind.data.frame(SummaryStat, 
                                    
cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) #seq(0.9,0.1,-0.1) 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 20 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0.7 
x <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# Getting Omega - (J*n) x (J*n) matix and  
Omega <- Get_Omega(n,J,rho) 
# Cholesky decomposition (i.e., Omega = L'L) 
chol_omega <- chol(sige2*Omega) 
 
# Generate X, compute Standard error of beta and compute mde 
#x <- rnorm(n*J, meanX,StdDevX) 
#x <- runif 
 
stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(
t(as.matrix(cbind(1,x)))%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%s
olve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))))[2] 
mde_List <- (qt(1-alpha/2, df=n*J-2)+qt(TargetPower, df=n*J-
2))*stderrBeta 
 
# number of power calculations 
Npower <- 1000 
# set simulation length (iteration) 
simN <- 1000 
 
# Making a matrix for simulated dataset 
# IDN - ID for each village (from 1 to J) 
# IDT - ID for each person in a village (from 1 to n) 
DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
DT[,1] <- sort(rep(c(1:J),n)) 
DT[,2] <- rep(c(1:n),J) 
colnames(DT) <- c("IDN","IDT","Y","X","ERR") 
 
# Make matrix to save results 
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Results_OLS <- as.data.frame(matrix(NA, nrow=Npower, 
ncol=length(TargetPower))) 
colnames(Results_OLS)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahat <- as.data.frame(matrix(NA, nrow=Npower*simN, 
ncol=length(TargetPower))) 
colnames(Results_OLS_betahat)<- paste0("TgtPwr",TargetPower*100) 
Results_RE <- Results_OLSCLU <- Results_OLS 
Results_RE_betahat<-Results_RE_sebetahat<-Results_OLSCLU_betahat<-
Results_OLSCLU_sebetahat<-Results_OLS_sebetahat<-Results_OLS_betahat 
 
Progress <- as.data.frame(floor(quantile(c(1:Npower), prob = seq(0, 1, 
length = 11), type = 5))) 
cnt<-1 
for(i in TargetPower){ 
  cat('Target Power = ', i, ";  MDE = ", i, '\n') 
  mde <- mde_List[cnt] 
  cnt2<-1 
  for(j in 1:Npower){ 
    power_re <- power_olsclu <- power_ols <- 0 
    for(k in 1:simN){ 
      err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
      yhat <- beta0 + mde*x + err 
      DT[, c(3:5)] <- cbind(yhat,x,err) 
      # OLS ESTIMATION 
      OLSest <- lm(Y~X, data=DT) 
      tpower_ols <- 
abs(mde/as.numeric(summary(OLSest)$coefficient[2,2])) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_ols <- power_ols + pt(tpower_ols, df=(J*n)-2)/simN 
      Results_OLS_betahat[cnt2, cnt] <-  
summary(OLSest)$coefficient[2,1] 
      Results_OLS_sebetahat[cnt2, cnt] <- 
summary(OLSest)$coefficient[2,2] 
      # OLS with Clustered Standard Error ESTIMATION 
      clust_IDN <- coeftest(OLSest, cluster.vcov(OLSest, DT$IDN)) 
      tpower_olsclu <- abs(mde/clust_IDN[2,2]) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_olsclu <- power_olsclu + pt(tpower_olsclu, df=(J*n)-
2)/simN 
      Results_OLSCLU_betahat[cnt2, cnt] <- clust_IDN[2,1] 
      Results_OLSCLU_sebetahat[cnt2, cnt] <- clust_IDN[2,2] 
       
      cnt2 <- cnt2+1 
    } 
    Results_OLS[j,cnt]<-power_ols 
    Results_OLSCLU[j,cnt]<-power_olsclu 
     
    if(sum(j==Progress)==1){ 
      cat(rownames(Progress)[j==Progress ], ".") 
      if(rownames(Progress)[j==Progress ]=="100%"){cat("Done! \n\n")} 
    } 
  } 
  cnt <- cnt+1 
} 
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# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLS,TargetPower,TRUE) 
 
# Displaying OLS with Clustered Standard Error Estimation Results: 
DisplayPlot(Results_OLSCLU,TargetPower,TRUE) 

 
5. To get BLW2 in Environment 3 (Estimator: OLS & OLS-CR) 

rm(list=ls()) 
options(warn=-1) 
library(lmtest) 
library(multiwayvcov) 
library(plm) 
set.seed(66) 
# Defining Function that creates omega, PartA, and display simulation results 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
    SummaryStat <- rbind.data.frame(SummaryStat, 
                                    
cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
# Defining Function that creates omega and display simulation results 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
    num <- c((rho^c(19:1)),((rho^c(0:19)))) 
    for(k in 1:20){ 
      submatrix[k, ] <- num[c((21-k):(21-k+19))] 
    } 
    diag(submatrix) <-1 
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    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
 
PartA <- function(n,J, XX, sige2, alpha, TP, beta0, rho){ 
  x <- XX 
  t1 <- qt(1-alpha/2, df=n*J-2) 
  t2 <- qt(TP, df=n*J-2) 
  Omega <- Get_Omega(n,J,rho) 
  chol_omega <- chol(sige2*Omega) 
  stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(
t(as.matrix(cbind(1,x)))%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%s
olve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))))[2] 
  MDE <- (t1+t2)*stderrBeta 
  DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
  DT[,1] <- sort(rep(c(1:J),n)) 
  DT[,2] <- rep(c(1:n),J) 
  colnames(DT) <- c("IDN","IDT","Y","X","Resid") 
  err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
  yhat <- beta0 + MDE*x + err 
  DT[, c(3:4)] <- cbind(yhat,x) 
  reg.out <- lm(yhat~x) 
  DT[, c(5)] <- reg.out$residuals 
  return(list(MDE=MDE, 
              DT=DT, 
              seBeta=stderrBeta)) 
} 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 20 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0.7 
XX <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) 
#TargetPower <- seq(0.9,0.1,-0.1) 
 
# number of power calculations 
NBLWPower <- 1000 
# set simulation length (iteration) 
simN <- 1000 
Nexpand <- 3 
 
# Make matrix to save results 
Results_OLS <- as.data.frame(matrix(NA, nrow=NBLWPower, 
ncol=length(TargetPower))) 
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colnames(Results_OLS)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahat <- as.data.frame(matrix(NA, nrow=NBLWPower*simN, 
ncol=length(TargetPower))) 
colnames(Results_OLS_betahat)<- paste0("TgtPwr",TargetPower*100) 
Results_RE <- Results_OLSCLU <- Results_OLS 
Results_RE_betahat<-Results_RE_sebetahat<-Results_OLSCLU_betahat<-
Results_OLSCLU_sebetahat<-Results_OLS_sebetahat<-Results_OLS_betahat 
 
Progress <- as.data.frame(floor(quantile(c(1:NBLWPower), prob = 
seq(0, 1, length = 11), type = 5))) 
cnt <- 1 
for(i in TargetPower){ 
  cat('Target Power = ', i, '\n') 
  cnt2<-1 
  for(k in 1:NBLWPower){ 
    regDT <- PartA(n,J, XX, sige2, alpha, i, beta0, rho) 
    DT <- regDT$DT 
    mde <- regDT$MDE 
    power_re <- power_olsclu <- power_ols <- 0 
    FreqTable <- as.data.frame(table(DT$IDN)) 
    for(j in 1:simN){ 
      if(n>1){ 
        subErr <- c() 
        for(l in 1:nrow(FreqTable)){ 
          subresid <- subset(DT, 
DT$IDN==as.numeric(FreqTable[sample(1:nrow(FreqTable),1),1]))$Resid 
          eTmp <- sample(rep(subresid,Nexpand), FreqTable[l,2], 
replace=TRUE) 
          subErr <- c(subErr, eTmp) 
        } 
      }else{ 
        subErr <- sample(DT$Resid, J*n, replace=TRUE) 
      } 
      DT$Y <- beta0 + mde*DT$X + subErr 
       
      # OLS ESTIMATION 
      OLSest <- lm(Y~X, data=DT) 
      power_ols <- power_ols + 
(summary(OLSest)$coefficient[2,4]<(alpha))/simN 
      Results_OLS_betahat[cnt2, cnt] <-  
summary(OLSest)$coefficient[2,1] 
      Results_OLS_sebetahat[cnt2, cnt] <- 
summary(OLSest)$coefficient[2,2] 
       
      # OLS with Clustered Standard Error ESTIMATION 
      clust_IDN <- coeftest(OLSest, cluster.vcov(OLSest, DT$IDN)) 
      power_olsclu <- power_olsclu + (clust_IDN[2,4]<alpha)/simN 
      Results_OLSCLU_betahat[cnt2, cnt] <- clust_IDN[2,1] 
      Results_OLSCLU_sebetahat[cnt2, cnt] <- clust_IDN[2,2] 
       
       
      cnt2 <- cnt2+1 
    } 
    Results_OLS[k,cnt]<-power_ols 
    Results_OLSCLU[k,cnt]<-power_olsclu 
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    if(sum(k==Progress)==1){ 
      cat(rownames(Progress)[k==Progress ], ".") 
      if(rownames(Progress)[k==Progress ]=="100%"){cat("Done! \n\n")} 
    } 
  } 
  cnt <- cnt+1 
} 
 
# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLS,TargetPower, TRUE) 
 
 
# Displaying OLS with Clustered Standard Error Estimation Results: 
DisplayPlot(Results_OLSCLU,TargetPower, TRUE) 

 
6. To get SE-ES in Environment 3 (Estimator: OLS & OLS-CR) 

rm(list=ls()) 
library(lmtest) 
library(multiwayvcov) 
library(clubSandwich) 
library(plm) 
set.seed(66) 
 
# Defining Function that creates omega and display simulation results 
Get_Omega <- function(n,J,rho){ 
  omega <- matrix(0, nrow=(n*J), ncol=(n*J)) 
  pos <- 1 
  for(i in 1:J){ 
    submatrix <- matrix(rho, nrow=n, ncol=n) 
    num <- c((rho^c(19:1)),((rho^c(0:19)))) 
    for(k in 1:20){ 
      submatrix[k, ] <- num[c((21-k):(21-k+19))] 
    } 
    diag(submatrix) <-1 
    omega[c(pos:(pos+n-1)),c(pos:(pos+n-1))] <- submatrix 
    pos <- pos + n 
  } 
  return(omega) 
} 
 
 
DisplayPlot<-function(Results,TargetPower,DisGRP){ 
  if(DisGRP==TRUE){ 
    x11() 
    plot(density(Results[,1]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
         ylab="Density", xlab="Power", main="Estimated Power") 
    for(j in 1:ncol(Results)){ 
      par(new = TRUE) 
      plot(density(Results[,j]), xlim=c((min(TargetPower)-
0.1),(max(TargetPower)+0.1)), ylim=c(0,15),  
           ylab="Density", xlab="Power", main="Estimated Power") 
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      abline(v=TargetPower[j]) 
    } 
  } 
  SummaryStat <- rbind.data.frame(c()) 
  for(i in 1:ncol(Results)){ 
    tmpdt<-Results[,i] 
    SummaryStat <- rbind.data.frame(SummaryStat, 
                                    
cbind.data.frame(Mean=mean(tmpdt),StdDev=sd(tmpdt), 
                                                     
Min=min(tmpdt),Lower=as.numeric(quantile(tmpdt, probs = c(0.05))), 
                                                     
Upper=as.numeric(quantile(tmpdt, probs = c(0.95))),Max=max(tmpdt))) 
  } 
  rownames(SummaryStat) <- colnames(Results) 
  print(SummaryStat) 
} 
# set alpha and target power 
alpha <- 0.05 
TargetPower <- c(0.8) #seq(0.9,0.1,-0.1) 
 
# set number of villages (J) and number of individuals in each village (n) 
J <- 100 
n <- 20 
 
# intercept, variance of error and rho and mean and variance of X 
beta0 <- 1 
sige2 <- 9 
rho <- 0.7 
x <- sample(c(1,0),J*n,replace=(TRUE)) 
 
# Getting Omega - (J*n) x (J*n) matix and  
Omega <- Get_Omega(n,J,rho) 
# Cholesky decomposition (i.e., Omega = L'L) 
chol_omega <- chol(sige2*Omega) 
 
# Generate X, compute Standard error of beta and compute mde 
#x <- rnorm(n*J, meanX,StdDevX) 
#x <- runif 
 
stderrBeta <- 
sqrt(diag(solve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))%*%(
t(as.matrix(cbind(1,x)))%*%(sige2*Omega)%*%as.matrix(cbind(1,x)))%*%s
olve(t(as.matrix(cbind(1,x)))%*%as.matrix(cbind(1,x)))))[2] 
mde_List <- (qt(1-alpha/2, df=n*J-2)+qt(TargetPower, df=n*J-
2))*stderrBeta 
 
# number of power calculations 
Npower <- 1000 
# set simulation length (iteration) 
simN <- 1000 
 
# Making a matrix for simulated dataset 
# IDN - ID for each village (from 1 to J) 
# IDT - ID for each person in a village (from 1 to n) 
DT <- as.data.frame(matrix(0, nrow=(J*n), ncol=5)) 
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DT[,1] <- sort(rep(c(1:J),n)) 
DT[,2] <- rep(c(1:n),J) 
colnames(DT) <- c("IDN","IDT","Y","X","ERR") 
 
# Make matrix to save results 
Results_OLS <- as.data.frame(matrix(NA, nrow=Npower, 
ncol=length(TargetPower))) 
colnames(Results_OLS)<- paste0("TgtPwr",TargetPower*100) 
Results_OLS_betahat <- as.data.frame(matrix(NA, nrow=Npower*simN, 
ncol=length(TargetPower))) 
colnames(Results_OLS_betahat)<- paste0("TgtPwr",TargetPower*100) 
Results_RE <- Results_OLSCLU <- Results_OLS 
Results_RE_betahat<-Results_RE_sebetahat<-Results_OLSCLU_betahat<-
Results_OLSCLU_sebetahat<-Results_OLS_sebetahat<-Results_OLS_betahat 
 
Progress <- as.data.frame(floor(quantile(c(1:Npower), prob = seq(0, 1, 
length = 11), type = 5))) 
cnt<-1 
for(i in TargetPower){ 
  cat('Target Power = ', i, ";  MDE = ", i, '\n') 
  mde <- mde_List[cnt] 
  cnt2<-1 
  for(j in 1:Npower){ 
    power_re <- power_olsclu <- power_ols <- 0 
    for(k in 1:simN){ 
      err <- t(chol_omega)%*%rnorm(J*n, 0, 1) 
      yhat <- beta0 + mde*x + err 
      DT[, c(3:5)] <- cbind(yhat,x,err) 
      # OLS ESTIMATION 
      OLSest <- lm(Y~X, data=DT) 
      tpower_ols <- 
abs(mde/as.numeric(summary(OLSest)$coefficient[2,2])) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_ols <- power_ols + pt(tpower_ols, df=(J*n)-2)/simN 
      Results_OLS_betahat[cnt2, cnt] <-  
summary(OLSest)$coefficient[2,1] 
      Results_OLS_sebetahat[cnt2, cnt] <- 
summary(OLSest)$coefficient[2,2] 
      # OLS with Clustered Standard Error ESTIMATION 
      clust_IDN <- coeftest(OLSest, cluster.vcov(OLSest, DT$IDN)) 
      tpower_olsclu <- abs(mde/clust_IDN[2,2]) - qt(1-alpha/2, 
df=(J*n)-2) 
      power_olsclu <- power_olsclu + pt(tpower_olsclu, df=(J*n)-
2)/simN 
      Results_OLSCLU_betahat[cnt2, cnt] <- clust_IDN[2,1] 
      Results_OLSCLU_sebetahat[cnt2, cnt] <- clust_IDN[2,2] 
       
      cnt2 <- cnt2+1 
    } 
    Results_OLS[j,cnt]<-power_ols 
    Results_OLSCLU[j,cnt]<-power_olsclu 
     
    if(sum(j==Progress)==1){ 
      cat(rownames(Progress)[j==Progress ], ".") 
      if(rownames(Progress)[j==Progress ]=="100%"){cat("Done! \n\n")} 
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    } 
  } 
  cnt <- cnt+1 
} 
 
# Displaying OLS Estimation Results: 
DisplayPlot(Results_OLS,TargetPower,TRUE) 
 
# Displaying OLS with Clustered Standard Error Estimation Results: 
DisplayPlot(Results_OLSCLU,TargetPower,TRUE) 
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Chapter 6. A study of ex post power based on 3ie actual cases  
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6.1 Introduction 
 

3ie is a grant-making, international NGO that promotes evidence-based development 

policies and programmes. They are a global leader in funding and producing high quality 

evidence on what works in international development, how it is done, why it is done, and at 

what cost. As part of the grant application process, they require applicants to undertake a power 

analysis to demonstrate that their proposed research has sufficient power to identify a 

significant effect. They also require researchers to provide the data and code used to generate 

the estimates in the final report. Completed projects are asked to be “push button replicable”. 

This means that researchers should be able to use the provided data and programming code to 

exactly replicate the results of the completed study. 

My supervisor, Professor Bob Reed, arranged with 3ie to provide me with data, 

programming code and pre-study power calculations for 23 research projects. I subsequently 

made ex post power calculations for a total of forty-nine outcome variables from these twenty-

three projects. The analysis and calculation process for each project is attached in the 

Individual Project Reports. 

The 23 projects cover a wide range of regions and topics. These include the 5 Star Toilet 

Campaign in India to help people improve their health, the Youth Livelihood Programme (YLP) 

in Uganda to help young people find employment and improve their incomes, support for 

micro- and small enterprises in Chile, support for irrigation projects for local farmers in 

Rwanda, and financial support for the local palm oil industry in Sierra Leone, among others.  

Most of the 23 projects were designed and evaluated by academics and researchers from 

world-renowned universities and research institutes, such as Harvard and Stanford University. 

These researchers assessed the effectiveness of each project. My task in this chapter is to 

compare their ex ante power claims with estimates of ex post power using the SE-ES method 
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I investigated in earlier chapters. I want to determine whether the completed 3ie projects met 

the claims of ex ante power declared by the researchers.  

 The remainder of this chapter is organized as follows: Section 6.2 describes my method 

for calculating ex post power. Section 6.3 provides a general summary of the ex post power 

values I calculated. Section 6.4 presents my analysis of systematic determinants of 

discrepancies between the ex ante power values claimed by the 3ie researchers and my ex post 

estimates of of the power of their studies. Section 6.5 concludes. 

6.2 Calculation of ex post power for focal analyses in the 3ie projects 

In calculating the ex post power of the variables, I employ the SE-ES method I 

presented and analysed in previous chapters. The SE-ES method is an easy-to-apply procedure 

that uses the estimated coefficient standard error to calculate ex post. Equation (6.1) shows 

how ex post power is calculated: 

 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣 =  𝐸𝐸𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝐸𝐸𝐸𝐸� ) 

  − 𝑡𝑡1−α2,𝑣𝑣  (6.1) 

ES : Effect size  

𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸�� : Estimated standard error of Effect Size 

v : The degrees of freedom 

𝑡𝑡1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑝𝑝,𝑣𝑣: The t-value for ex post power 

There are two very important parameters in this equation that must be set in order to be 

able to calculate ex post power. The first is Effect size (ES). In the 3ie projects, researchers 

refer to ES as the minimum detectable effect (MDE). The Appendix describes how I 

determined ES/MDE for each estimated treatment effect. These fell into four categories:  
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a. Use the standardised MDE. The size of the standardised MDE is the true MDE divided by 

the standard error of the variable. The advantage of this is that the MDEs can be compared 

with each other without worrying about inconsistencies in the standard errors of individual 

variables. So, if I want to get the true MDE, I need to reduce the normalised MDE and 

multiply it by the standard error of the variable to get the true MDE. An example of how I 

do this is given in Project ID 22 (see Appendix in that project). 

b. Use Cohen's d for MDE. For example, in Project ID 1, this is how the minimum detectable 

effect (MDE) was described: “We used effect sizes of small: d = 0.2; medium: d = 0.5; and 

large: d =0.8 (Cohen J. Statistical Power Analysis for the Behavioral Sciences: Lawrence 

Erlbaum; 1988) ...... We have enough power (80%) to detect small effects”. I need to 

convert Cohen's d to the size of an MDE. How to convert Cohen's d to the true MDE size 

is described in detail in my writeup of the project and will not be repeated here. 

c. Use the given MDE directly. For example, in Project ID 7, the researchers state that the 

size of the MDE is 7%. This corresponds to a treatment effect whereby the percentage of 

people who answered “used toilet” in the treatment group was 7% higher than the 

percentage of people who answered “used toilet” in the control group.  

d. Other specified MDEs. The researchers of the project will declare the calculation of the 

real MDE size directly in the project proposal. For an example, see Project ID 2. 

The other important parameter in Equation (1) is the estimated standard error of the 

Effect Size 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��. For this parameter, I used the estimates produced by the respective 

studies. For example, in Project ID 3, The assessment study used a difference-in-difference 

(DID) technique to estimate the impact of treatment, comparing changes in access and learning 

outcomes in treated and control schools using Intention to Treat (ITT) effects. DID is often 

used to estimate the effect of a specific intervention or treatment by comparing the change in 

outcomes over time between those who participated in the programme and those who did not 
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(Lechner, 2011). DID was the standard estimation procedure employed by the 23 3ie projects 

for estimating treatment effects. For example, in Project ID 3, the DID model is Equation (6.2): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 = 𝜙𝜙𝑡𝑡 + 𝜙𝜙𝑗𝑗 ∙ 𝑃𝑃 + 𝛿𝛿𝑡𝑡 ∙ 𝑇𝑇 + 𝛿𝛿𝑗𝑗 ∙ 𝑃𝑃 ∗ 𝑇𝑇 + 𝑋𝑋𝑖𝑖𝑗𝑗𝑡𝑡′ ∙ 𝛽𝛽 + 𝜇𝜇𝑖𝑖𝑗𝑗𝑡𝑡 (6.2) 

𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 : The schooling outcome (enrolment, attendance and academic performance) for pupil i in 

school j and cohort period t. 

𝜙𝜙𝑡𝑡 :  The mean outcome for the control group on the baseline. 

𝜙𝜙𝑗𝑗 :  A locality fixed-effect equal to 1 for treatment and 0 otherwise, for example, 𝑃𝑃 = 0/1. 

𝛿𝛿𝑡𝑡 : The average mean outcome between the treated (T=1) and control (T=0). 

𝛿𝛿𝑗𝑗 : The measure of the impact attributable to SFG intervention, that is equal to 1 for schools 

that received SFG in FY2016/17 and FY2017/18, and 0 for schools that will receive SFG after 

2019. 

𝜇𝜇𝑖𝑖𝑗𝑗𝑡𝑡 : Error term  

In this example,  𝛿𝛿𝑗𝑗  is the coefficient of the interaction term of the time dummy and 

treatment dummy variables. The project reports a clustered standard error, which I then use for 

the estimated standard error of the Effect Size 𝑠𝑠. 𝑒𝑒. �𝐸𝐸𝐸𝐸��.  In this way, I obtain the MDE size 

and the estimated standard error of the Effect Size for each of the focal variables in the 

respective 3ie projects. I then use Equation (1) to calculate ex post power. 

6.3 General analysis of ex post power results 

The ex post powers of 49 treatment effects from 23 3ie projects are reported in TABLE 

6.1. Additional information on these 49 variables is also included. TABLE 6.1 includes the ID 

code of the project to which the variable belongs, the name of the variable used for the treatment 

effects, information on the ex ante power size, the number of ex ante and ex post clusters, and 

the size of the ICC (intra-correlation coefficient) assumed by the researchers.  

 For example, for the first variable in the table, named Total weekly cash (without 

covariates), this variable comes from the project ID 1, for which the researchers have set an 
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ex ante power of 80% assuming the experiment consists of 402 cluster with an intra-cluster 

correlation of 0.03. After my calculations and verification, the ex post power of the respective 

estimated treatment effect is 84%, the number of ex post clusters is 393, and the size of the ex 

post ICC is 0.14. 

In the last row of Table 6.1, I have calculated the average values for all variables. It can 

be seen that the average of the ex ante powers is 80.82%, the average of the ex post power is 

75.90%, the average of the ex ante cluster number is 152, the average of the ex post cluster 

number is 146, the average of the ex ante ICC is 0.123, and the average of the ex post ICC is 

0.154. Thus, overall, ex post power is slightly less than the statistical power claimed by the 3ie 

researchers before they undertook their research. Actual clusters were slightly less than planned 

clusters, and actual ICC was somewhat more than assumed ICC.   

It is worth noting that in TABLE 6.1, some of the ex ante cluster numbers or ex ante 

ICC sizes are not mentioned or explicitly stated in the relevant reports by the original 

researchers. I indicate this by reporting “---” to indicate the respective information is missing. 

In addition, for all variables in the table, I have marked the ex post power in green when it 

exceeds the ex ante power, and in magenta when it falls below ex ante power. FIGURE 6.1 and 

FIGURE 6.2 present some of the information in TABLE 6.1 to facilitate comprehension of all 

the information in TABLE 6.1. 

FIGURE 6.1 presents a histogram of ex post powers from 49 estimated treatment effects. 

The bars on the right hand side of the graph are higher, indicating a greater frequency of 

variables with higher ex post power. Nearly half of the variables have an ex post power of more 

than 80%, which is the value for ex ante power typically assumed by the 3ie studies. The 

number of estimated treatment effects having ex post power values between 60% to 80% is 

also quite high, with a slightly lower frequency than those above 80%. However, some ex post 

power values are quite low, even less than 40%.  
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FIGURE 6.2 allows a more direct comparison of ex ante and ex post power values. I 

sort the ex post powers of the 49 estimated treatment effects and arrange them from left to right 

in order from smallest to largest. The ex post power values are indicated by red bars. To the 

right of each red bar is a blue bar, indicating the corresponding ex ante power value. Overall, 

the ex post powers exceed the ex ante powers for about half of the estimated treatment effects, 

as indicated when the red bars are higher than the blue bars. This provides another perspective 

of ex post power values. In the next section I attempt to determine if there are any systematic 

reasons why ex ante and ex post power values diverge.  

6.4 Regression analysis for ex post power results 

According to previous research, the number of clusters has an impact on the statistical 

power generated (Hemming et al., 2011; Kerry & Bland, 1998). Intra-cluster correlation (ICC) 

is also a factor that affects the statistical power in clustering experiments (Ellis, 2010; Kraemer 

& Blasey, 2015). Here I have introduced four parameters, namely ex ante clusters, ex post 

clusters, ex ante ICC and ex post ICC. These are reported in TABLE 6.1 for each ex post power 

estimate. 

For both the number of ex ante clusters and the ex ante ICC, the researcher attempts to 

estimate their values in the final sample he/she will use to estimate the focal treatment effect. 

For example, for the first project in TABLE 6.1, ID 1, the researchers intended their sample to 

have 402 “service areas.” Using the data provided by the researchers to 3ie, I found that the 

actual number of clusters present in the data was 393. This discrepancy between planned 

“clusters” and actual “clusters” was quite common. 

The specific meaning of ex ante ICC and ex post ICC is that for all variables, the 

researcher will usually make an estimate of the sample intra-cluster correlation (ICC). The 

intra-cluster correlation coefficient, usually denoted as rho ( ), quantifies the degree of 

similarity in the responses of individuals in the same group to the outcome (Eldridge et al., 
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2009). The size of the ICC assumed by the researchers in the pre-experiment is what I call the 

ex ante ICC. It is essentially a prediction of the ICC by the experimenters. I use the kappaetc 

command in Stata to obtain the actual ICC value of the variable using the data provided by the 

researcher to 3ie. 

With these four parameters, I analyse whether differences between their planned and 

actual values can account for the differences in ex ante and ex post power. This is done by 

introducing new variables, diffpower, diffclus and difficc, respectively. 

 𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝 = 𝑒𝑒𝑒𝑒 𝑝𝑝𝑝𝑝𝑠𝑠𝑡𝑡 𝑝𝑝𝑝𝑝𝑤𝑤𝑒𝑒𝑟𝑟 −  𝑒𝑒𝑒𝑒 𝑝𝑝𝑛𝑛𝑡𝑡𝑒𝑒 𝑝𝑝𝑝𝑝𝑤𝑤𝑒𝑒𝑟𝑟         (6.3) 

In TABLE 6.1, for each estimated treatment effect, there is a corresponding ex post 

power for the ex ante power. The difference obtained by subtracting the ex ante power from 

the ex post power is diffpower. If the ex post power exceeds the ex ante power, then diffpower 

is positive. If the ex post power is less than the ex ante power, then diffpower is negative.  

                   𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 = (𝑒𝑒𝑒𝑒 𝑝𝑝𝑝𝑝𝑠𝑠𝑡𝑡 𝑐𝑐𝑝𝑝𝑐𝑐𝑠𝑠𝑡𝑡𝑒𝑒𝑟𝑟𝑠𝑠 −  𝑒𝑒𝑒𝑒 𝑝𝑝𝑛𝑛𝑡𝑡𝑒𝑒 𝑐𝑐𝑝𝑝𝑐𝑐𝑠𝑠𝑡𝑡𝑒𝑒𝑟𝑟𝑠𝑠)/𝑒𝑒𝑒𝑒 𝑝𝑝𝑛𝑛𝑡𝑡𝑒𝑒 𝑐𝑐𝑝𝑝𝑐𝑐𝑠𝑠𝑡𝑡𝑒𝑒𝑟𝑟𝑠𝑠 (6.4) 

diffclus represents the change rate in the number of clusters before and after the 

experiment. For example, in the 3ie project ID 1, the number of clusters planned for the 

experiment was 402, compared to 393 clusters that were actually used in the experiment. 

Accordingly, diffclus is (393-402)/402 = -2.2%. As with diffpower, there is no absolute value 

involved here. A positive (negative) percent means that actual clusters was greater than (less 

than) ex ante clusters.  

Unlike diffclus, I have not designed difficc to be a percentage change, but to express 

the size of the change by subtracting the ex post ICC from the ex ante ICC. The reason for this 

is that the ICC is usually a very small value and it would be inappropriate to use a percentage 

to express the change. For example, in the 3ie project ID 1, the ICC for the outcome variable 

Total weekly cash (without covariates) designed before the experiment is 0.03 and the ICC 

        𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜 = 𝑒𝑒𝑒𝑒 𝑝𝑝𝑝𝑝𝑠𝑠𝑡𝑡 𝐼𝐼𝐶𝐶𝐶𝐶 −  𝑒𝑒𝑒𝑒 𝑝𝑝𝑛𝑛𝑡𝑡𝑒𝑒 𝐼𝐼𝐶𝐶𝐶𝐶 (6.5) 
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that exist after the experiment is 0.14. If I use a percentage to express the size of the change, 

then difficc would be (0.14-0.03)/0.03 = 367%. This is a very large value, but the actual 

increase is only 0.14 - 0.03 = 0.11. So, for the design of the difficc, I used the direct difference 

rather than the percentage form. Accordingly, in this example, difficc should be 0.11 rather 

than 367%. 

Using these two variables, diffclus and difficc, I can do further regression analysis on 

the causes of the difference between ex ante power and ex post power. I will discuss the two 

possible causes of the gap between ex post and ex ante power, cluster number and ICC, 

separately, which has the advantage of being able to compare the magnitude of the two causes 

rather than confusing them. 

First, I investigate the rate of change of the number of clusters, diffclus, using the 

specification in Equation (6): 

       𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝 = 𝛼𝛼 + 𝛽𝛽 ∗ 𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 +  𝜀𝜀 (6.6) 

Using Equation (6), I estimate the relationship between the variation in the number of clusters 

and the difference between ex post and ex ante power. The results of the regression are reported 

in TABLE 6.2. The regression coefficient for diffclus is 0.26, and the associated 

heteroskedasticity robust standard error is 0.06. The corresponding p-value is less than 1%. 

The regression results are consistent with an increase in the number of clusters increasing the 

degrees of freedom, which in turn is associated with smaller standard errors and greater power. 

The difference between the post- and pre-experimental number of clusters positively affects 

the difference between the ex post power and the ex ante power. For the regression coefficient 

of 0.26, I will use FIGURE 6.3 to illustrate its exact meaning. 

FIGURE 6.3 shows a scatter plot with 45 points representing the relationship between 

45 sets of diffpower and diffclus. The middle line is the best fit line. The regression coefficient 

of 0.26 represents the slope of the line of 0.26. I multiplied diffclus in the horizontal coordinate 
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and diffpower in the vertical coordinate by 100%, so that the regression coefficient remains 

the same, but the horizontal and vertical coordinates become percentages. Then the slope of 

the line 0.26 means that for every 1% increase in diffclus, the diffpower increases by 0.26 

percentage points. Since diffclus represents the rate of change in the number of clusters 

afterwards relative to the design beforehand, if the number of clusters is increased by 100%, 

for example, doubled, the number of clusters designed before the experiment is 100 and after 

the experiment is 200, then the diffpower will increase by roughly 26 percentage points. The 

meaning of this is if the original diffpower was -40%, in other words the ex post power was 

40% lower than the ex ante power, it would now be -14%, an increase of 26%. As can be seen 

from FIGURE 6.3, most of diffclus is distributed between positive and negative 50%, with 

diffpower being distributed between + 20% and -40%. 

Another interesting finding is that I use the R command predict to make diffclus 0, 

which means that when the number of clusters does not change, The value of diffpower is -

4%. The difference is not large and may be due to experimental error perturbations. This also 

means that there are some other reasons for the change in diffpower even when the number of 

clusters does not change. 

Next I investigate the effect of changes in planned and actual ICC values, difficc, using 

the specification in Equation (7): 

       𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝 = 𝛼𝛼 + 𝛽𝛽 ∗ 𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜 +  𝜀𝜀 (6.7) 

Estimation of Equation (7) allows me to investigate the link between variation in ICC 

and differences between ex post and the ex ante power. The results of the regression are 

reported in TABLE 6.3. The regression coefficient for difficc is -55.50, with an associated, 

heteroskedasticity-robust standard error of 13.53. The corresponding p-value is 0.0002. Like, 

diffclus¸ difficc is significantly related to diffpower. When actual ICC is greater than ex ante 

ICC, ex post statistical power will be smaller than the power researchers planned.    
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FIGURE 6.4 shows a scatter plot with 38 points representing the relationship between 

38 sets of diffpower and diffclus. The middle line is the best fit line. The regression coefficient 

of -55.50 represents the slope of the line of -55.50. I multiplied diffpower in the vertical 

coordinate by 100%, so that the regression coefficient remains the same, but the vertical 

coordinates become percentages. Then the slope of the line -55.50 means that for every 0.1 

increase in difficc, the diffpower decreases around by 5.6 percentage points. Also, as can be 

seen from FIGURE 6.4, most of the difficc values are distributed between positive and negative 

0.2, while diffpower is generally distributed between + 20% and -20%. 

I also use the R command predict to make difficc 0, which means that ICC does not 

change and the value of diffpower is -3%. The difference is not large and may be due to 

experimental error perturbations. This also means that there are some other reasons for the 

change in diffpower even when the ICC does not change. 

From the above regression results I can see that both the change in the number of 

clusters and the change in ICC have a significant effect on the difference between the ex post 

and ex ante power. Therefore, I put diffclus and difficc in the same model and regressed them 

together with diffpower to see how they relate to each other. The model is shown in Equation 

(8). 

       𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝 = 𝛼𝛼 + 𝛽𝛽1 ∗ 𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 + 𝛽𝛽2 ∗ 𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐜𝐜𝐜𝐜 +  𝜀𝜀 (6.8) 

Estimation of Equation (8) allows me to investigate the link between variation in both  the 

number of clusters and ICC with differences between ex post and the ex ante power at the same 

time. The results of the regression are reported in TABLE 6.4.  

 In TABLE 6.4, for diffclus and difficc, the regression coefficients are 0.25 and -41.68. 

These are similar to what I obtained when I estimated the univariate regressions. Further, both 

variables continue to be highly significant. The p-values for diffclus and difficc are both less 
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than 1%.  This demonstrates that each of the two variables supply an independent source of 

variation in the difference between ex post and ex ante power.  

6.5 Conclusion 

Ex post power provides a useful tool to help researchers analyze experimental results. 

Specifically, ex post power can help researchers distinguish whether insignificant estimates are 

due to small effect sizes or poor statistical power. In this chapter I evaluated 23 completed 

projects that were funded by 3ie and compared their ex post power with the ex ante power 

claimed by the studies. My primary interest was to determine whether researchers on average 

tended to over- or under-estimate the statistical power of their studies. Where I found 

differences, I further analyzed whether these were due to differences between planned clusters 

and actual clusters, or differences in assumed ICC and actual ICC.  

Overall, I find that my ex post power estimates are generally in line with the 

researchers’ ex ante claims. Average ex post power was 75.9%, compared to an average value 

of ex ante power of 80.8%. About half of the ex post power estimates exceeded the ex ante 

power values. However, there were significant differences for some individual projects. I found 

that two factors played significant roles in accounting for these differences.  

Differences in the number of actual clusters versus the number of planned clusters was 

significantly associated with differences in ex post and ex ante power.  My estimate of 0.26 for 

the coefficient of diffclus means that for every 1% increase in diffclus, diffpower increases 

by 0.26 percentage points. I also found that differences in actual ICC versus assumed ICC also 

played a significant role. My estimated coefficient of -55.50 for difficc means that for every 

0.1 increase in difficc, the ex post power fell relative to ex ante power by 5.6 percentage points. 

What can be learned from my research on ex ante and ex post power for 3ie studies? I 

interpret these results largely positively. The requirement to have researchers plan their 

experiments to achieve a given level of statistical power were, on average, generally successful. 
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Average ex post statistical power was close to ex ante claims. That is encouraging for funding 

organizations such as 3ie that impose this requirement on researchers.  

A further insight from my research is that it highlights the importance of getting good 

estimates of the number of clusters and ICC values when designing randomized control trials. 

Safeguards should be in place to ensure that the actual number of clusters meets or exceeds the 

number of clusters planned in the original design. When actual clusters fall below planned 

clusters, this point should be clearly highlighted in all discussions of the results because of its 

implication for statistical power.  

Likewise, care should be devoted to estimates of ICC. At the very least, justification 

should be required for the values assumed by researchers in designing their experiments. And 

like with clusters, researchers should clearly indicate in their reports when actual ICC exceeds 

planned levels. 
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6.7 Appendix 
 

TABLE 6.1 All information about outcome variables in 3ie projects 
 

Project 
ID 

Ex Ante 
Power 

Outcome Variable Name 
Ex Post 
Power  

Ex ante 
clusters 

Ex post 
clusters 

Ex ante 
ICC 

Ex post 
ICC 

1 80.00% Total weekly cash (without covariates) 84.00% 402 393 0.03 0.14 
1 80.00% Total weekly cash (with covariates) 85.00% 402 393 0.03 0.14 

1 80.00% Number of assets owned (without 
covariates) 86.30% 402 393 0.03 0.22 

1 80.00% Number of assets owned (with covariates) 88.20% 402 393 0.03 0.22 
2 80.00% Household-Any Actions (Dummy) 100.00% 108 107 0.5 0.1 
2 80.00% Community-Any Actions (Dummy) 100.00% 108 107 0.5 0.05 
3 80.00% Literacy 75.00% 300 301 --- --- 
3 80.00% Numeracy 76.80% 300 301 --- --- 
4 80.00% vote local 31.90% 236 234 --- --- 
4 80.00% hmarket 70.20% 236 234 --- --- 

5 80.00% 
Knowledge about 

to revenues from oil and gas production 
(S7Q1) 

69.80% 80 120 0.031 0.25 

5 80.00% 

Have a right to demand information about 
oil, gas 

or mining revenues from responsible 
national officials and 

leaders (S8Q1c) 

78.10% 80 120 0.03 0.2 

6 80.00% Amount of Outstanding Formal Loans 92.90% 102 101 0.023 0.001 
6 80.00% Has Outstanding Formal Loan 99.50% 102 101 0.023 0.001 
7 80.00% Use of toilet 69.60% 90 94 0.07 0.2 
8 80.00% Latrines used usually 51.80% 80 48 0.2 0.5 
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Project 
ID 

Ex Ante 
Power 

Outcome Variable Name 
Ex Post 
Power  

Ex ante 
clusters 

Ex post 
clusters 

Ex ante 
ICC 

Ex post 
ICC 

8 80.00% Latrine used the last 3 times for defecation 66.20% 80 48 0.2 0.39 
8 80.00% Latrine used the last time for defecation 75.10% 80 48 0.2 0.41 
9 80.00% latrine use 99.80% 62 66 0.103 0.01 

10 80.00% Latrine use household 68.00% 120 110 0.202 0.355 
10 80.00% Safe child faeces 85.10% 120 110 0.202 0.238 
11 80.00% Wage employment 63.80% --- --- --- --- 
11 80.00% Labor force participation 70.60% --- --- --- --- 
12 80.00% Wage employment 87.40% 60 68 0.1 0.01 
12 80.00% Self-employment 94.40% 60 68 0.1 0.01 
12 80.00% total employment 100.00% 60 68 0.1 0.01 
13 80.00% Utilization of youth-friendly services 20.70% 118 63 0.2 0.07 
14 80.00% Sales 90.30% 300 246 --- --- 
14 80.00% Yield 96.60% 300 246 --- --- 
15 80.00% agricultural income 86.70% 80 154 0.1 0.01 
15 80.00% Income from Paid Labor 88.60% 80 154 0.1 0.03 
15 80.00% livestock revenue 90.40% 80 154 0.1 0.04 
15 80.00% Non-farm Micro-enterprise Income 92.10% 80 154 0.1 0.03 
16 80.00% Awareness (T1) 90.70% 100 105 0.06 0.01 
16 80.00% Awareness (T2) 92.90% 100 106 0.06 0.01 
16 80.00% Awareness (T3) 96.80% 100 105 0.06 0.01 
17 80.00% ESVS 43.90% 173 122 0.15 0.54 
17 80.00% Math 59.10% 173 122 0.15 0.33 
17 80.00% French 63.80% 173 122 0.15 0.23 
18 80.00% I was bullied in school 32.70% 60 10 0.25 0.25 
18 80.00% Trust to people seeing 1st time 37.00% 60 10 0.25 0.27 
19 90.00% Weekly Profits 71.60% 120 157 0.15 0.35 
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Project 
ID 

Ex Ante 
Power 

Outcome Variable Name 
Ex Post 
Power  

Ex ante 
clusters 

Ex post 
clusters 

Ex ante 
ICC 

Ex post 
ICC 

20 90.00% Hand Washing with Soap 36.00% --- --- 0.01 0.05 
20 90.00% Children Sleep Insecticide Treated Nets 100.00% --- --- 0.01 0.001 
21 80.00% hemoglobin 68.00% 300 148 --- --- 
22 85.00% Palm oil sale (STORAGE) 92.60% 80 79 --- --- 
22 85.00% Palm oil sale (IC) 94.10% 80 80 --- --- 
23 80.00% Irrigation costs (INR) 42.10% 100 98 0.04 0.1 
23 80.00% Agricultural revenues (INR) 62.90% 100 98 0.04 0.05 

Average 80.82%  75.90% 152 146 0.123 0.154 

 
NOTE: “/” represents the data is not available due to the original report does not mention this information. Green in the ex post represents the ex 
post power column implies the ex post power exceeds the ex ante power, otherwise it will be pink. 
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TABLE 6.2 Regression results in diffpower and diffclus 
 
 

 diffPower 

Predictors Estimates Robust standard error p 

(Intercept) -3.94 2.73 0.155 

diffclus 0.26 0.062 0.0001*** 

Observations 45 
R2 / R2 adjusted 0.246 / 0.229 

 
 
 
NOTE: A total of 49 items existed, but due to missing information on the diffclus of 4 
variables, the actual number of diffclus involved in the regression ended up being 45. 
Significant codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05. 
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TABLE 6.3 Regression results in diffpower and difficc 

 
 

 diffPower 

Predictors Estimates Robust standard error p 

(Intercept) -3.08 3.54 0.39 

Difficc -55.50     13.53 0.0002*** 

Observations 38 
R2 / R2 adjusted 0.1695 / 0.1464 

 
 
 
NOTE: A total of 49 items existed, but due to missing information on the difficc of 11 
variables, the actual number of diffclus involved in the regression ended up being 38. 
Significant codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05. 
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TABLE 6.4 Regression results in diffpower with diffclus and difficc together 

 
 

 diffPower 

Predictors Estimates Robust standard error p 

(Intercept) -3.27 3.12 0.303 

diffclus 0.25 0.08 0.004** 

difficc -41.68 14.73 0.008** 

Observations 32 
R2 / R2 adjusted 0.4205 / 0.3854 

 
 
 
NOTE: A total of 49 items existed, but due to missing information of 13 observations, the 
actual number of observations involved in the regression ended up being 32. Significant codes:  
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05. 
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FIGURE 6.1 Ex post power histogram 
 

 
Note: This histogram includes the ex post power of a total of 49 variables in all 3ie projects. 
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FIGURE 6.2 The comparison of ex ante power and ex post power for all outcome 

variables 
 

 

 
 

Note: The comparison of ex ante and ex post power for the 49 variables in the graph is arranged 
in descending order of ex post power, with the ex ante power corresponding to the variable 
next to the ex post power. Some ex ante powers exceed 80%, being 85% or 90%. 
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FIGURE 6.3 Scatter plot between diffpower and diffclus 

 
 

 

 
 

NOTE: Both diffpower and diffclus are expressed as a percentage. 
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FIGURE 6.4 Scatter plot between diffpower and difficc 

 

 
 

 
 

NOTE: diffpower is expressed as a percentage. 
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6.8 Code sources 
 

I will place the R language code for generating all graphs in the space below, I do this 

for two purposes, the first purpose being to allow the reader to refer directly to the code if they 

have questions about what I have done that are not covered in the text. The second purpose is 

to demonstrate that I will use replicable practices in my thesis research.  

For FIGURE 6.1 and FIGURE 6.2: 

rm(list=ls()) 
library(readxl) 
library("ggplot2") 
library(scales) 
 
################################## 
X3ie_all_projects_spreadsheet_with_power_2022 <- 
read_excel("Documents/5. Chapter 5/3ie all projects spreadsheet with power 2022.xlsx") 
 
hist(X3ie_all_projects_spreadsheet_with_power_2022$`Ex Post Power`) 
 
newdata<- 
data.frame(X3ie_all_projects_spreadsheet_with_power_2022$`Ex Post 
Power`*100,X3ie_all_projects_spreadsheet_with_power_2022$`Ex Ante 
Power`*100) 
attach(newdata) 
newdata2<- 
newdata[order(X3ie_all_projects_spreadsheet_with_power_2022$`Ex Post 
Power`),]  
newdata3<-t(newdata2) 
######### 
#FIGURE6.1# 
######### 
hist(X3ie_all_projects_spreadsheet_with_power_2022$`Ex Post 
Power`*100,col = "cyan1",main="Histogram", xlab = "Ex Post Power %" ,breaks = 
15) 
 
######### 
#FIGURE6.2# 
######### 
barplot(height=as.matrix(newdata3), main="Ex ante power & Ex post power 
comparison", ylab="Power %", beside=TRUE, 
        col=rainbow(2),xaxt='n',las=2) 
 
legend("bottomleft", c("Ex post power","Ex ante power"), cex=1.0, bty="n", xpd = 
TRUE,horiz = TRUE,inset = c(0.18, -0.15), 
       fill=rainbow(2)) 
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For TABLE 6.2, TABLE 6.3, TABLE 6.4, FIGURE 6.3 & FIGURE 6.4: 
rm(list=ls()) 
library(readxl) 
library(lmtest) 
library(multiwayvcov) 
library(plm) 
library(foreign) 
library(sandwich) 
library(sjPlot) 
library(sjmisc) 
library(sjlabelled) 
 
############################################## 
X3ie_all_projects_spreadsheet_low_power <- read_excel("Documents/5. 
Chapter 5/3ie all projects spreadsheet all info.xlsx") 
diffPower<-(X3ie_all_projects_spreadsheet_low_power$`Ex Post Power`-
X3ie_all_projects_spreadsheet_low_power$`Ex Ante Power`)*100 
diffclus<-(X3ie_all_projects_spreadsheet_low_power$`Ex post 
clusters`-X3ie_all_projects_spreadsheet_low_power$`Ex ante 
clusters`)/X3ie_all_projects_spreadsheet_low_power$`Ex ante 
clusters`*100 
mydataA<-data.frame(diffPower,diffclus) 
 
A<-lm(formula =diffPower~diffclus,data = mydataA) 
AR<-coeftest(A, vcov = vcovHC(A, type="HC1")) 
AR 
tab_model(A) 
#summary(A) 
newobs1<-data.frame(diffclus = 0) 
pred1 = predict(A, newobs1) 
pred1 
 
########### 
##FIGURE6.3## 
########### 
plot(diffclus, diffPower,ylab="diffpower %", xlab="diffclus %") 
abline(lm(diffPower~diffclus)) 
 
 
difficc<-X3ie_all_projects_spreadsheet_low_power$`Ex post ICC`-
X3ie_all_projects_spreadsheet_low_power$`Ex ante ICC` 
mydataB<-data.frame(diffPower,difficc) 
B<-lm(formula =diffPower~difficc,data = mydataB) 
summary(B) 
BR<-coeftest(B, vcov = vcovHC(B, type="HC1")) 
BR 
newobs2<-data.frame(difficc = 0) 
pred2 = predict(B, newobs2) 
pred2 
########### 
##FIGURE6.4## 
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########### 
plot(difficc, diffPower,ylab="diffpower %", xlab="difficc") 
abline(lm(diffPower~difficc)) 
########### 
 
mydataC<-data.frame(mydataA,difficc) 
C<-lm(formula =diffPower~diffclus+difficc,data = mydataC) 
summary(C) 
CR<-coeftest(C, vcov = vcovHC(C, type="HC1")) 
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Chapter 7. Conclusion 
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My thesis is structured around my attempts to find a method to calculate ex post power. 

In Chapter 2, I focus on what statistical power is and what factors determine it. The importance 

of statistical power is becoming increasingly recognized in empirical research. If statistical 

power is calculated before an experiment is conducted, it is called ex ante power. If it is 

obtained after the experiment, it is called ex post power. Ex ante statistical power is useful, 

among other things, for determining the necessary sample size to insure that the experiment 

will produce insightful results. Ex post statistical power has the potential to be useful for 

assessing estimated results, but to date there is no generally accepted approach. 

In Chapter 3, I explain why “Observed power”, a commonly but now largely discredited 

approach for estimating ex post statistical power, is flawed. I show that its problems primarily 

stem from using the estimated effect size as a substitute for the true effect size. Recently, 

scholars have proposed two new methods that can be used to calculate the ex post power, 

namely, the BLW1 and SE-ES methods. I investigate these two methods, while adding two 

variants of the BLW approach, producing a total of four methods for estimating ex post power.  

In Chapter 4, I replicate the original BLW method and demonstrate that I can 

successfully implement their procedure. In Chapter 5, I conduct Monte Carlo experiments to 

compare the BLW1, BLW2, BLW3 and SE-ES methods. I find that the SE-ES method has the 

smallest bias and greatest precision, making it the best method for calculating ex post power. 

A further advantage of the SE-ES method is its simplicity in application.   

In Chapter 6, I evaluated 23 completed projects funded by 3ie and used the SE-ES 

method to compare their ex post power to the ex ante powers claimed in the original grant 

applications. My primary interest was to determine whether researchers on average tended to 

over- or under-estimate the statistical power of their studies. Where I found differences, I 

further analyzed whether these were due to differences between planned clusters and actual 

clusters, or differences in assumed ICC and actual ICC. 
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But I need to make another point that power depends on both the effect size and the 

standard error. The thesis has focused on seeing whether the ex post standard error is close to 

the ex ante standard error, and the implications of this for ex post power. But here I am not 

discussing whether the size of the MDE is reasonable, but rather considering it as the correct 

size to take. 

It would be useful to acknowledge that a separate issue is whether the MDEs stated by 

researchers in their grant proposals are reasonable. For example, in the business training 

literature, it is common for researchers to say that they have power to detect a 0.2 S.D. or 

“small” effect. I might then find that the ex post power is close to the ex ante power. But if the 

sample is very heterogeneous, a 0.2 S.D. effect size might translate to a 30% or higher increase 

in profits, which far exceeds the average impact of most interventions. So I would still call such 

a study underpowered, even if the ex post power to detect a 0.2 S.D. effect size is 80%. 

 Overall, I find that my ex post power estimates are generally in line with the 

researchers’ ex ante claims. About half of the ex post power estimates exceeded the ex ante 

power values. Average ex post statistical power was close to ex ante claims. I interpret these 

results largely positively. The requirement to have researchers plan their experiments to 

achieve a given level of statistical power were, on average, generally successful. That is 

encouraging for funding organizations such as 3ie that impose this requirement on researchers.  

At the same time, my goal in the study was not only to calculate ex post power, but also to 

apply it to the interpretation of the actual findings. I have applied and exemplified ex post 

power to the analysis of significant and non-significant results in conjunction with BLW for 

Sullivan et al. (2004) and 23 3ie reports, the results of which are tabulated below. 
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 Significant Result Insignificant Result 

Sufficient Power 

A great chance of 
obtaining a significant 
result, also indicating 

that the significant result 
is reliable 

(i.e. ID= 2, 15) 

This indicates that despite the 
high power, a non-significant 
regression result is obtained, 
so the true effect is probably 

very small 
(i.e. Sullivan et al.’s report to 

Congress) 

Not sufficient Power 

The significant result is 
not reliable and that if the 
experiment is repeated, 

the likelihood of 
obtaining a repeat 

significant result is low 
(i.e. ID= 18, 23) 

The results of the experiment 
are neither significant nor 

reliable, and that there may be 
discrepancies between the 

final data and the experimental 
design, which also suggests 
that no reliable conclusions 

can be drawn  
(i.e. ID= 8) 

 

In relation to the table, I found that I had different interpretations of the final 

experimental results for different combinations of correspondence, which demonstrates the 

practical usefulness of calculating an accurate ex post power, which is more useful to the 

researcher in analysing the results of the experiment. 

I see my research as addressing a very practical problem: How best to calculate ex post 

power. This problem has led me to look for and explore the relevant theories and methods. This 

is a topic that deserves to be explored in depth, as the original way of calculating ex post power 

(“Observed power”) has been shown to be flawed. I believe my research makes two major 

contributions. It can be used to confirm whether ex ante statistical power claims were validated 

in the research that was actually carried out. And it can be a useful tool for distinguishing 

statistically insignificant estimates due to small effect sizes and statistically insignificant 

estimates due to insufficient statistical power. A direction for future research is to apply the 

SE-ES method to recent claims that statistical power is woefully low in the empirical 

economics literature (Ioannidis et al., 2019). 
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Do revolving funds generate self-employment and increase incomes 

for the poor? Experimental evidence from Uganda’s Youth 

Livelihood Programme  
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1. Introduction 

The Youth Livelihood Programme (YLP) is a Uganda Government programme for poor 

and unemployed youth aged 18-30 across the country. The YLP is implemented in all local 

governments and municipal councils in Uganda and is overseen by the Ministry of Gender, 

Labor and Social Development (MGLSD). This 3ie project presented the findings of an impact 

evaluation of the YLP conducted by researchers from Makerere University and UCLA between 

2017 and 2018, coordinated by the local NGO Uganda Youth Development Link (UYDEL). A 

randomised controlled trial (RCT) design was used to assess the direct impact of YLP - the 

one-year effect of programme implementation. The aim of the evaluation was to determine 

whether there were differences between the treatment group (youth who received YLP loans) 

and the comparison group in terms of income, employment and other key performance 

indicators that measure the impact of YLP. The final results showed that the differences 

between individuals randomised to the treatment group and those in the control group were not 

statistically significant on most of the variables of interest.  

2. Data 

The 3ie report uses data that were collected using both quantitative and qualitative 

methods. Quantitative data were obtained through individual interviews with youth about their 

socio-economic status prior to the YLP intervention. A comprehensive questionnaire was 

developed based on the instruments used in the recent impact evaluation of the Youth 

Opportunities Programme (YOP) in northern Uganda and the Uganda National Labour Force 

and Children's Activities Survey (UBOS, 2013). Some modifications were made to the final 

instrument based on feedback from various stakeholders and pre-testing. Quantitative baseline 

data were collected by appropriately trained research assistants using personal digital assistants 

(PDAs) or mobile devices. At the end point, 74 key informant interviews were conducted with 

local YLP stakeholders - community development officers, district officials and local leaders - 
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and 60 focus group discussions were conducted with beneficiaries to obtain qualitative 

information on outcomes such as group structure, cohesion, experience of collaboration, 

extension/training of others, experience with YLP officials and loan disbursement and debt 

recovery processes. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The main purpose of this 3ie report is to simulate the effect of YLP. To determine the 

causal relationship between the programme and changes in outcomes, a randomised 

comparative trial (RCT) was used in this study. The intervention and comparison groups were 

obtained from groups who applied for microcredit under the Uganda Government Youth 

Livelihoods Programme (YLP) and whose applications were eligible for funding. Random 

allocation of the intervention or comparison groups was done at MGLSD's YLP coordination 

centre in Kampala with the Technical Support Team (TST). To develop the experimental 

intervention and comparison groups, the team looked at the applicant pool in each district and 

used computer-generated random numbers to select a comparison group of loans now and loans 

received later. Therefore, the report uses the following difference-in-differences (DID) model 

to estimate outcome variables: 

 𝑌𝑌 = 𝛼𝛼0 + 𝛼𝛼1 ∙ 𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 + 𝛼𝛼2 ∙ 𝑌𝑌𝑒𝑒𝑝𝑝𝑟𝑟 + 𝛽𝛽 ∙ 𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 ∗ 𝑌𝑌𝑒𝑒𝑝𝑝𝑟𝑟 + 𝜀𝜀 (1) 

𝑌𝑌 : A given outcome (for example, the amount of weekly cash earned)  

𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 :  The treatment or control group dummy 

𝑌𝑌𝑒𝑒𝑝𝑝𝑟𝑟 : The endline or baseline indicator  

𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 ∗ 𝑌𝑌𝑒𝑒𝑝𝑝𝑟𝑟 : The interaction term 

𝛽𝛽 : The DID coefficient 

𝜀𝜀 : Error term  
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The researchers of this report show impact estimates for both intention-to-treat (ITT) 

and treatment-treatment (ToT) scenarios with and without covariates. Each ITT was calculated 

using a difference-in-difference (DID) approach with dependent variables: treated (treatment 

vs. control) and period (baseline vs. endline). In this analysis, I have chosen to use only ITT 

for this analysis, I have not chosen ToT because it only analyses the endline case. This does 

not reflect the entire study over time. 

Covariates include age of youth; rural residence; female dummy; youth is head of 

household; number of household members; number of dependent children; highest level of 

education; number of rooms slept in; distance to nearest water source; household owns a plot 

of land; youth is married; number of biological children; and number of substantial meals per 

day. 

 The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This 3ie report examines a large number of outcome variables, each of which has an ex 

ante power corresponding to it. The purpose of this analysis is to determine whether the ex post 

powers of the respective effects match their ex-ante calculations. As not all the effects are of 

interest, I focus on two variables that are central to the study’s analysis.  

The first variable is named “Total weekly cash as stated by the youth”. This is a 

numerical continuous variable. In the questionnaire for which data were obtained, this variable 

corresponds to the question Q88: About how much cash did you earn in total in the past 7 days? 

(Unit: Uganda shilling, 1 U.S. dollar ≈ 3000 Uganda shillings). 

I think this variable is at the heart of what 3ie is looking at in this report, and YLP 

certainly have an impact on young people’s lives in many ways. Including but not limited to 
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their income, employment status, health and lifestyle habits. But in the case of the 3ie report, 

changes in young people's income would be the main concern of the researchers. 

The second outcome variable is named “Number of assets owned”. This variable 

provides another perspective on the financial situation of the young people of Uganda involved 

in this project. The main reason I choose these two outcome variables for my analysis is that 

they represent the core of what this 3ie report is trying to study. Namely, whether YLP have 

brought about a shift in income and financial situation to young people in Uganda.  

5. Ex ante power and MDE 

In the 3ie report, the researchers set the ex ante power to 80% and determined the 

minimum detectable effect (MDE) based on this ex ante power. And how do they calculate the 

MDE? Here, the researchers introduced a concept: Cohen’s d.  

In the 3ie report, this is how the minimum detectable effect (MDE) was described: “We 

used effect sizes of small: d = 0.2; medium: d = 0.5; and large: d =0.8 (Cohen J. Statistical 

Power Analysis for the Behavioral Sciences: Lawrence Erlbaum; 1988) ...... We have enough 

power (80%) to detect small effects.” The implication of this quote is that the researchers were 

able to detect a small effect of Cohen's d = 0.2 at an ex ante power of 80%. That is, the 

researchers converted the MDE into a scale of small, medium or large effects like Cohen's d. 

Now I need to get, for each outcome variable I care about, the size of its specific MDE, 

that is, I need to translate the Cohen’s d=0.2 (Small effect) this rank back into the numerical 

size of the specific MDE. 

For Cohen’s d, the expression formula is 

 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 =
|𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|
𝐸𝐸pooled 

 (2) 

𝑒𝑒‾𝑁𝑁 : Mean of the treatment group 

𝑒𝑒‾𝐶𝐶 : Mean of the control group 

𝐸𝐸pooled : Pooled standard deviations for the two groups 
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From Equation (2), I can find a relationship between Cohen’s d and MDE. For an 

outcome variable with all its sample observations divided into the treatment group and the 

control group, the MDE of this outcome t variable is the absolute value of the difference 

between the mean of the treatment group and the mean of the control group. That is, MDE 

equals to |𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|. Here, the symbol absolute value is added because Cohen’s d is a measure 

of the magnitude of effect and cannot be negative. 

However, it is possible that the mean of the treatment group is smaller than the mean 

of the control group, and the absolute value sign has been added in order to keep Cohen’s d 

positive. This can be interpreted as a difference between the mean of the treatment group and 

the mean of the control group. Similarly, the MDE is set to be consistent with Cohen's d, which 

is positive, and is also understood as a difference between the two groups. 

Thus, I obtain Equation (3): 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 ×  𝐸𝐸pool  (3) 

If I know the size of Cohen's d and want to convert it to an MDE, I just need to know 

the size of Pooled standard deviations for the two groups (𝐸𝐸pool ). 𝐸𝐸pool  is what I need to get 

before I can get MDE. 

For a model, the dependent variable is the dummy variable of whether or not the treatment is 

received. 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 
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If I regress Equation (4), I will get residual values, and here I use e to denote the regressed 

residual values. After regression, the formula becomes Equation (5): 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

Then I can get 𝐸𝐸pool  by Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

𝐸𝐸pool : Pooled standard deviations for the two groups 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 : The standard deviation of residuals from the regression (e) 

N : The total observations number of two groups 

See the Appendix for a detailed proof from Equation (5) to Equation (6). If I know 𝐸𝐸pool , 

for different outcome variables, the MDE for that outcome variable is obtained with a Cohen's 

d of 0.2. Then I can use this MDE to calculate the ex post power for such an outcome variable. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 21, Table 5).  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors estimated the DID model. Standard errors were clustered at the 

level of randomization, specifically, at the service area level. To be consistent with the way the 

authors estimated their regressions, I also use cluster standard errors at the service area level. 

TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for outcome variable “Total weekly cash as stated by the youth”, after 

reproduction, the results match those in the original 3ie report. In Panel 1, I do not include the 

control variables. The standard error of the estimate is 7173.177. In Panel 2, if I add control 

variables, the standard error of the estimate is 7032.501. For outcome variable “Number of 

assets owned”, after reproduction, the results again match those in the original 3ie report. In 
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Panel 1, the standard error of the estimate is 0.385. In Panel 2, if I add control variables, the 

standard error of the estimate is 0.373. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method to calculate ex post power. Equation (7) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (7) 

 

MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error of minimum detectable effect size 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

By running the regression for different outcome variables, I know for the outcome 

variable “Total weekly cash as stated by the youth”, the standard deviation of residuals after 

regression (RMSE) is 106257.138 without covariates. So 𝑀𝑀𝑀𝑀𝐸𝐸 = 106257.138 × 0.2 =

21251.4. And the standard error of the estimate is 7173.18 without covariates. If I put MDE 

and the standard error of the estimate into Equation (7), then t
power，𝑣𝑣

= 21251.4
7173.18

− t1−α2 ,𝑣𝑣, here 

𝛼𝛼 = 0.05, and 𝑣𝑣 = 393 − 1 = 392. It is worth noting that in previous chapters I have shown 

that the estimator used in the SE-ES method must be consistent with the data environment. 

Therefore, the data environment is the existence of a clustering problem. Therefore, for 

consistency, clustered standard errors are used here for arithmetic purposes. The degrees of 
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freedom (v) are 𝑁𝑁 − 1 = 392. This is because there are N clusters in the dataset that the degrees 

of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

So, the ex post power of outcome variable “Total weekly cash as stated by the youth” 

of 84.0% at an effect size equal to the MDE set by the original authors. This is the result 

obtained without adding covariates (Panel 1). If covariates are added (Panel 2), the standard 

deviation of residuals after regression is 105514.238. So 𝑀𝑀𝑀𝑀𝐸𝐸 = 105514.238 × 0.2 =

21102.8. And the standard error of the estimate is 7032.501 with covariates. If I put MDE and 

the standard error of the estimate into Equation (7), then t
power，𝑣𝑣

= 21102.8
7032.501

− t1−α2 ,𝑣𝑣, here 

𝛼𝛼 = 0.05, and 𝑣𝑣 = 393 − 1 = 392. The ex post power is 84.9% (with covariates). 

For the other outcome variable, “Number of assets owned”, MDE is 5.889 × 0.2 = 1.1778 

without covariates. And the standard error of the estimate is 0.385 without covariates. If I put 

this MDE into Equation (7), then t
power，𝑣𝑣

= 1.1778
0.385

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 392. So, 

the ex post power is 86.3% without covariates. If covariates added, then MDE is 5.879 × 0.2 =

1.1758. And the standard error of the estimate is 0.373 with covariates.  If I put this MDE into 

Equation (7), then t
power，𝑣𝑣

= 1.1758
0.373

− t1−α2 ,𝑣𝑣. the ex post power of outcome variable “Number 

of assets owned” is 88.2% (with covariates).  

The above calculations have been programmed in R and are attached to the paper, which 

also gives a direct result of the calculations. 

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 1, the ex ante power is set to 80%. By focusing on 

the two most central variables, after analysis, the ex post powers of outcome variable “Total 

weekly cash as stated by the youth” are 84.0% (without covariates) and 85.0% (with covariates). 
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The ex post power of outcome variable “Number of assets owned” is 86.3% without covariates. 

If covariates are added, the ex post power of outcome variable Number of assets owned is 

88.2%. The ex post power for both of these main variables exceeded the target of 80%. 

Therefore, although none of the regression results for these outcome variables are significant, 

I can be confident that the empirical analysis that was actually conducted had sufficient power 

to identify the effect sizes represented by the MDE in the original study.  
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TABLE 1 
Intent-to-treat and treatment-on-treated estimates of programme impact on total 

earnings and durable assets 

 
 
 
NOTE: This table is in 3ie report (Page 21, Table5). Column 1 shows the outcome variable 
Total weekly cash as stated by the youth regression results. Column 3 shows the outcome 
variable Number of assets owned regression results.  
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TABLE 2 

Reproduction of Main Outcomes Results 
 

𝑽𝑽𝑩𝑩𝑷𝑷𝒊𝒊𝑩𝑩𝑽𝑽𝑽𝑽𝒆𝒆𝒔𝒔 Total weekly cash as 
stated by the youth Reproduction Number of 

assets owned Reproduction 

Panel 1 
(ITT without covariates) 

Treated 
coefficient -7709.1 -7709.1 0.455 0.455 

Standard Error \ 7173.177 \ 0.385 

p-value 0.283 0.283 0.238 0.238 

N 2991 2991 3431 3431 
Panel 2 

(ITT with covariates) 
Treated 

coefficient -10472.5 -10472.5 0.180 0.180 

Standard Error \ 7032.501 \ 0.373 

p-value 0.137 0.137 0.630 0.630 

N 2991 2991 3431 3431 
 
NOTE: “ \ ” represents a value that is not shown in the original 3ie report. 
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APPENDIX  

The purpose of this proof is to demonstrate the change from Equation (5) to Equation (6), and 

let me start with Equation (4). 

In Equation (4): 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

Let all observations divide into two groups, yt : treatment group and y𝑐𝑐  : control group, then 

let  

𝑁𝑁 =   𝑛𝑛𝑡𝑡 + 𝑛𝑛c 

 𝑛𝑛𝑡𝑡 : Number of observations in the treatment group 

 𝑛𝑛𝑐𝑐 ∶ Number of observations in the control group 

 𝑁𝑁 ∶ Total  observations number 

Because D is 0 or 1 for all observations, it is easy to know: 

1.  ∑𝑀𝑀𝑖𝑖2 =   𝑛𝑛𝑡𝑡    (The sum of all D observations squared equals to how many 1s in all 

observations) 

2.  ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤 = Σ(𝑡𝑡)𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤  =  Σ(t)𝑝𝑝(𝑡𝑡) =  𝑛𝑛𝑡𝑡
∑(𝑡𝑡)⋅𝑦𝑦𝑡𝑡
𝑛𝑛𝑡𝑡

=  𝑛𝑛𝑡𝑡 ⋅ 𝑝𝑝𝑡𝑡�    

3.𝑀𝑀� =  𝑛𝑛𝑡𝑡
𝑁𝑁

    (The mean of dummy variable D equals to number of observations in the treatment 

group divided by total  observations number) 

Based on the above three points: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) =  1
𝑁𝑁
𝛴𝛴𝑀𝑀𝑖𝑖2 − (𝑀𝑀�)2 
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                =  
1
𝑁𝑁

 𝑛𝑛𝑡𝑡 − �
𝑛𝑛𝑡𝑡
𝑁𝑁
�
2
 

                =   
𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  
𝑛𝑛𝑡𝑡
𝑁𝑁

 � 

=   
𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2  

        𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) =  1
𝑁𝑁

 ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑖𝑖   −  𝑀𝑀� × 𝑝𝑝� 

                                                    =  1
𝑁𝑁
𝑛𝑛𝑡𝑡𝑝𝑝𝑡𝑡�   −  𝑛𝑛𝑡𝑡

𝑁𝑁
( 𝑛𝑛𝑡𝑡
𝑁𝑁

 𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐
𝑁𝑁

 𝑝𝑝�𝑐𝑐 ) 

                                             =  𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  𝑛𝑛𝑡𝑡
𝑁𝑁
�  𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 𝑝𝑝�𝑐𝑐 

                       = 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

If 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) and 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) are known,  based on Wooldridge (2009), it is easy to know :  

                                                           𝛽𝛽 � =   𝐶𝐶𝑝𝑝𝑣𝑣( 𝑦𝑦 ,   𝑀𝑀)
𝑉𝑉𝑠𝑠𝑝𝑝 (𝑀𝑀)

          

= ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

In Equation (5), if I regress Equation (4), I get Equation (5):  

 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

e : The residuals 

�̂�𝛽 : The estimated coefficient 

Then root-mean-square error (RMSE) is �𝑉𝑉𝑝𝑝𝑟𝑟(𝑒𝑒): 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = �𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖) 

It is easy to prove that: 

𝑉𝑉𝑝𝑝𝑟𝑟 �𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖� = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 �̂�𝛽 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝𝑖𝑖 ,𝑀𝑀𝑤𝑤 ) + �̂�𝛽2 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀𝑤𝑤 ) 

                            = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 ( 𝑝𝑝𝑡𝑡� − 𝑝𝑝�𝑐𝑐)  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) + ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 

                            =  𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 
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𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  is what need to find out: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)   =  ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2

𝑁𝑁
  =  𝛴𝛴𝑡𝑡

(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

If I get 𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
 first: 

Σt
(yt−y�)2

N
  =  1

N
  Σt �yt −

nt
N

y�t −
nC
N

y�c�
2

 

      =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 −
𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  ) 2 

                          =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − �𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡� + (𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

 =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + (𝑛𝑛𝑐𝑐
𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐
𝑁𝑁

(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐)) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡)2 + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                                =    𝑛𝑛𝑡𝑡
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 (𝜎𝜎yt2  : the variance of 𝑝𝑝𝑡𝑡) 

The same I can get: 

𝛴𝛴𝑐𝑐
(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
  =    𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

So: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  =  𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

                                                              =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2  + 𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                         =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = � 1
𝑁𝑁
∑𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

                                             =  �𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  +  𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  +  𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

 =  �
𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 
𝑛𝑛𝑐𝑐
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑐𝑐2  

From the pool standard deviation formula, I know: 
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𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �
(𝑛𝑛𝑡𝑡 − 1)𝐸𝐸𝑦𝑦𝑡𝑡2 + (𝑛𝑛𝑐𝑐 − 1)𝐸𝐸𝑦𝑦𝑐𝑐2

𝑛𝑛𝑡𝑡 + 𝑛𝑛𝑐𝑐 − 2
 

𝜎𝜎𝑦𝑦𝑡𝑡
2  = 𝑉𝑉𝑝𝑝𝑟𝑟(𝑝𝑝𝑡𝑡) = ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡
 

𝐸𝐸𝑦𝑦𝑡𝑡
2  =  

∑�𝑝𝑝𝑡𝑡−𝑝𝑝�𝑡𝑡�
2

𝑛𝑛𝑡𝑡−2  

𝜎𝜎𝑦𝑦𝑡𝑡
2  =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡−1
 =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 𝐸𝐸𝑝𝑝𝑡𝑡

2  

The same 𝜎𝜎𝑦𝑦𝑐𝑐
2  =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 ∑(𝑦𝑦𝑐𝑐−𝑦𝑦�𝑐𝑐)2

𝑛𝑛𝑐𝑐−1
 =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 𝐸𝐸𝑝𝑝𝑐𝑐

2  

If I want to get the relationship between 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 and 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

By changing from Equation (5) to Equation (6), I establish the relationship between 𝐸𝐸pool  and 

the residuals. Using the regression model, I am able to obtain the residuals and thus the 𝐸𝐸pool . 
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CODE SOURCE 
 
1. Ex post power calculation for outcome variable “Total weekly cash as stated by the youth” 
(without covariates) : 
# Input values 
MDE = c(21251.4)  
DF  = (392) 
SE  = (7173.18) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 
2. Ex post power calculation for outcome variable “Total weekly cash as stated by the youth” 
(with covariates) : 
# Input values 
MDE = c(21102.8)  
DF  = (392) 
SE  = (7032.501) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 
3. Ex post power calculation for outcome variable “Number of assets owned” (without 
covariates): 
# Input values 
MDE = c(1.1778)  
DF  = (392) 
SE  = (0.385) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 
4. Ex post power calculation for outcome variable “Number of assets owned” (with covariates): 
# Input values 
MDE = c(1.1758)  
DF  = (392) 
SE  = (0.373) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 2 

Impacts of community stakeholder engagement interventions in 

Ugandan oil extractives 
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1. Introduction 

This project examined whether collaboration between oil and gas sector stakeholders 

can improve community development results. Extractive industry policy choices influence a 

wide range of players, including private corporations, governments at all levels, and people in 

the areas where enterprises operate. Community participation in decision-making in this sector 

is generally limited to one-time public meetings (IFC 2007), with business and government 

interests taking precedence. This project conducted an impact evaluation of the operations of 

Maendeleo ya Jamii (MYJ), a civil society organization (CSO) in Uganda, to determine the 

success of a strategy for widening stakeholder engagement and collaboration. It studied 

whether such participation enhanced business-community connections, decreased conflict, and 

mitigated difficulties encountered by affected communities.  

2. Data 

The importance and satisfaction with three concerns (land, social services, and local 

economic growth), as well as the blame and credit given to key decision makers in the oil 

development process, are the major emphasis of this survey study. This study focuses on the 

problems or entities that received the most number of votes from respondents. For each of the 

four questions, a qualitative coding system was developed and incorporated in the data 

collecting instrument that enumerators were instructed to use in the field.  

The enumerators classified qualitative replies to the relevance of the question, 

satisfaction with the question, blame, and credit using the qualitative data collecting tool. Site 

supervisors gathered their enumerators at the conclusion of each day to validate all coded 

replies for the day as a group. The data was then scanned and sent on WhatsApp to a data entry 

supervisor in Kampala, who acknowledged receipt and assigned the data to a team of 

professionals who wrote it into a Microsoft Excel spreadsheet. To evaluate the quantitative 

data, the coded replies were pooled and analysed. 
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The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The authors of this report used the Difference in Difference (DID) model to analyse the 

outcome variables. The DID model is Equation (1): 

 𝑝𝑝𝑖𝑖𝑗𝑗𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑖𝑖𝑗𝑗𝑡𝑡 + 𝛾𝛾 Endline 𝑖𝑖𝑗𝑗𝑡𝑡 + 𝜏𝜏𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑖𝑖𝑗𝑗𝑡𝑡 ×  Endline 𝑖𝑖𝑗𝑗𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑗𝑗𝑡𝑡 (1) 

𝑝𝑝𝑖𝑖𝑗𝑗𝑡𝑡 : A given outcome (for example, community engaging in civic activities)  

𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑖𝑖𝑗𝑗𝑡𝑡 :  Dummy variable, whether in the treatment group or control group, if in treatment 

group, then the value is 1, otherwise it is 0 

Endline 𝑖𝑖𝑗𝑗𝑡𝑡 : The endline or baseline indicator  

𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑖𝑖𝑗𝑗𝑡𝑡 ×  Endline 𝑖𝑖𝑗𝑗𝑡𝑡 : The interaction term 

𝜏𝜏: The DID coefficient 

𝜀𝜀𝑖𝑖𝑗𝑗𝑡𝑡 : Error term  

In this model, i refers to individuals, j refers to villages and t refers to time (baseline or 

endline). Estimates of DID are parameter 𝜏𝜏. The report adjusts all estimates in this report with 

robust standard errors, grouped by village, to adjust for group randomisation (all households in 

a village are assigned to either the treatment group or the control group). And the authors of 

the report state that, in principle, this model could be modified to allow for an additional set of 

covariates. 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This 3ie report examines two main outcome variables. The purpose of this analysis is 

to determine whether the ex post powers of the respective effects match their ex-ante 
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calculations. As not all the effects are of interest, I focus on two variables that are central to the 

study’s analysis.  

The first variable is named someone from their community engaging in civic activities 

(from household). According to the code in the report, I will write this variable as “hhaction”. 

This is a dummy variable. 0 means no engagement, 1 means engagement has taken place. I 

chose this variable because this report focuses on whether the general public has become more 

civic engaged in the oil and gas sector since the implementation of the reforms. 

The second outcome variable is named someone from their community engaging in 

civic activities (from community).  According to the code in the report, I will write this variable 

as “commaction”. This is another way of looking at the engagement of people with the project. 

However, the statistical perspective has changed from per household to per community. This 

is one of the main concerns of this report. 

The main reason I choose these two outcome variables for my analysis is that they 

represent the core of what this 3ie report is trying to study. Namely, whether MSF have brought 

about a shift in people’s engagement in the oil and gas sector. 

Therefore, I will perform the ex post power calculations for the two outcome variables 

of “hhaction” and “commaction”. 

5. Ex ante power and MDE 

In the 3ie report, the researchers set the ex ante power to 80% and determined the 

minimum detectable effect (MDE) based on this ex ante power. In the original report FIGURE 

1, the researchers gave a graph to illustrate their understanding of the ex ante power. 

Researchers use the software Optimal Design Plus2 for the power calculations. This software is 

specifically designed to calculate power in the presence of clustering problems. 

                                                 
2 See http://hlmsoft.net/od/   
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In FIGURE 1, with 108 communities and 30 home surveys per community, the 

relationship between statistical power (x-axis) and effect size (y-axis) gives the parameter 

assumptions mentioned. The pink shaded region denotes power more than 0.8, whereas the 

green shaded area denotes power greater than 0.9. The solid red line denotes a minimal effect 

size of 0.4, which is the smallest effect size found in the research examined. The solid blue 

curve depicts the link between power and effect size when the interclass correlation coefficient 

ρ is 0.5, while the dotted blue line depicts the relationship when it is 0.7. The intersection of 

the red solid line and the blue solid line represents the size of the MDE when Power is 80%, 

which is 0.4. This is what the authors believe to be the actual size of the effect size, and the 

authors have chosen this value as the expected value before the experiment. 

It is worth noting that the effect size here is a Cohen's d value of 0.4 Therefore, I need 

to translate the MDE of Cohen's d = 0.4 into a specific size.  

For Cohen’s d, the expression formula is 

 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 =
|𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|
𝐸𝐸pooled 

 (2) 

𝑒𝑒‾𝑁𝑁 : Mean of the treatment group 

𝑒𝑒‾𝐶𝐶 : Mean of the control group 

𝐸𝐸pooled : Pooled standard deviations for the two groups 

From Equation (2), I can find a relationship between Cohen’s d and MDE. For an 

outcome variable with all its sample observations divided into the treatment group and the 

control group, the MDE of this outcome t variable is the absolute value of the difference 

between the mean of the treatment group and the mean of the control group. That is, MDE 

equals to |𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|. Here, the symbol absolute value is added because Cohen’s d is a measure 

of the magnitude of effect and cannot be negative. 



247 
 

However, it is possible that the mean of the treatment group is smaller than the mean 

of the control group, and the absolute value sign has been added in order to keep Cohen’s d 

positive. This can be interpreted as a difference between the mean of the treatment group and 

the mean of the control group. Similarly, the MDE is set to be consistent with Cohen's d, which 

is positive, and is also understood as a difference between the two groups. 

Thus, I obtain Equation (3): 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 ×  𝐸𝐸pool  (3) 

If I know the size of Cohen's d and want to convert it to an MDE, I just need to know 

the size of Pooled standard deviations for the different treated and control groups (𝐸𝐸pool ). 𝐸𝐸pool  

is what I need to get before I can get MDE. 

For a model, the dependent variable is the dummy variable of whether or not the 

treatment is received. 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

If I regress Equation (4), I will get residual values, and here I use e to denote the 

regressed residual values. After regression, the formula becomes Equation (5): 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

Then I can get 𝐸𝐸pool  by Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

𝐸𝐸pool : Pooled standard deviations for the two groups 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 : Root mean square error (The standard deviation of the residuals) 
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N : The total observations number of two groups 

See the Appendix for a detailed proof from Equation (5) to Equation (6).  

Then I have Equation (7) to calculate MDE: 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐸𝐸pool = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (7) 

If I know 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸, for different outcome variables, the MDE for that outcome variable 

is obtained with a Cohen's d of 0.4. Then I can use this MDE to calculate the ex post power for 

such an outcome variable.  

Next I will follow the method used by the authors of the original report to obtain the 

RMSE of these two outcome variables by regression. In TABLE 1 Panel A, there is the 

regression result for “hhaction”. I can see that the size of the RMSE obtained by regression is 

around 0.28 (Red box shows). If I use the Cohen’s d value of 0.4, from Equation (7), I will get 

MDE equals to 0.4*0.28= 0.112 for outcome variable “hhaction”. In TABLE 1 Panel B, I can 

see that the size of the RMSE obtained by regression for outcome variable “commaction” is 

around 0.39 (Red box shows). Still I use the Cohen’s d value of 0.4, from Equation (7), I will 

get MDE equals to 0.4*0.39= 0.156 for outcome variable “commaction”. This gives me the 

exact size of the MDE for the two outcome variables. 

Therefore, I decided to use these specific sizes for two outcome variables as my 

parameter for calculating the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 36, Table 4). As shown in TABLE 2, 

two red boxes are the results that I need to reproduce. Both columns are the results of the 

regression with the addition of control variables, representing “hhaction” and “commaction” 

respectively. 
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Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used DID model. Standard errors were clustered at the level of 

randomization, specifically, at the village level. To be consistent with the way the authors 

estimated their regressions, I also use cluster standard errors at the level of the village. TABLE 

3 reports my reproduction of the 3ie report. 

In TABLE 3, for outcome variable “hhaction”, after reproduction, the results match 

those in the original 3ie report. The standard error of DID is 0.02. For outcome variable 

“commaction”, after reproduction, the results also match those in the original 3ie report. The 

standard error of DID is 0.03. 

These are the variables I need to calculate the ex post power, so it is important to make sure 

they are accurate. 

7. Ex post power calculation 

I use the SE-ES method to calculate ex post power. Equation (8) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (8) 

 

MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error of minimum detectable effect size 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error of DID from “hhaction” regression is 0.02. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 0.112 and the cluster robust standard error of DID into Equation (8), then t
power，𝑣𝑣

=
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0.112
0.02

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 107 − 1 = 106. It is worth noting that in previous 

chapters I have shown that the estimator used in the ES-SE method must be consistent with the 

data environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 107 − 1 = 106. This is because there are J=107 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 100% for outcome variable 

“hhaction”. 

For the other outcome variable, “commaction”, the cluster robust standard error of DID 

from  regression with control variable is 0.04.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.156 into Equation (8), 

then t
power，𝑣𝑣

= 0.156
0.03

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 106. So, the ex post power is 100% 

for “commaction”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 2, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post powers for treatment effects in the 

“hhaction” regressions is 100%. The ex post powers for the treatment effects in the 

“commaction” is 100%. The ex post power for both of these main variables all exceed to the 

target of 80%. Therefore, I can be confident that the empirical analysis that was actually 

conducted had sufficient power to identify the effect sizes represented by the MDE in the 

original study.  
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FIGURE 1 
Relationship between statistical Power and Minimum Detectable Effect Size 

 

 
NOTE: This table is in 3ie report power calculation section (Page 10, Figure 4).  
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TABLE 1 
The RMSE result of two outcome variables 

Panel A: hhaction 
 

 
 

Panel B: commaction 
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TABLE 2 
Mean values and differences of outcomes across time and treatment group 

 

 
 
 

NOTE: The table is taken from Table 4 of the original report (Page 36). The authors have 
divided the results into 3 columns, the first column shows the baseline data difference results, 
the second column shows the endline data difference results, and the third column shows the 
DID results. 
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TABLE 3 
Reproduction of Main Outcomes Results 

 

Variables hhaction Reproduction commaction Reproduction 

Baseline Mean 
Control 

0.059 
[n=1518] 

0.059 
[n=1518] 

0.096 
[n=1314] 

0.096 
[n=1314] 

Baseline Mean 
Treatment 

0.055 
[n=1499] 

0.055 
[n=1499] 

0.091 
[n=1314] 

0.091 
[n=1314] 

Baseline 
Difference 

-0.004 
(s.e.=0.01) 

-0.004 
(s.e.=0.01) 

-0.005 
(s.e.=0.02) 

-0.005 
(s.e.=0.02) 

Endline Mean 
Control 

0.052 
[n=1579] 

0.052 
[n=1579] 

0.112 
[n=1426] 

0.112 
[n=1426] 

Endline Mean 
Treatment 

0.126 
[n=1579] 

0.126 
[n=1579] 

0.275 
[n=1427] 

0.275 
[n=1427] 

Endline Difference 0.074 
(s.e.=0.02) 

0.074 
(s.e.=0.02) 

0.164 
(s.e.=0.03) 

0.164 
(s.e.=0.03) 

DID 0.078 
(s.e.=0.02) 

0.078 
(s.e.=0.02) 

0.169 
(s.e.=0.03) 

0.169 
(s.e.=0.03) 

 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “hhaction”: 

# Input values 
MDE = c(0.112)  
DF  = (106) 
SE  = (0.02) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “commaction”: 

# Input values 

MDE = c(0.156)  
DF  = (106) 
SE  = (0.03) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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APPENDIX  

The purpose of this proof is to demonstrate the change from Equation (5) to Equation (6), and 

let me start with Equation (4). 

In Equation (4): 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

Let all observations divide into two groups, yt : treatment group and y𝑐𝑐  : control group, then 

let  

𝑁𝑁 =   𝑛𝑛𝑡𝑡 + 𝑛𝑛c 

 𝑛𝑛𝑡𝑡 : Number of observations in the treatment group 

 𝑛𝑛𝑐𝑐 ∶ Number of observations in the control group 

 𝑁𝑁 ∶ Total  observations number 

Because D is 0 or 1 for all observations, it is easy to know: 

1.  ∑𝑀𝑀𝑖𝑖2 =   𝑛𝑛𝑡𝑡    (The sum of all D observations squared equals to how many 1s in all 

observations) 

2.  ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤 = Σ(𝑡𝑡)𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤  =  Σ(t)𝑝𝑝(𝑡𝑡) =  𝑛𝑛𝑡𝑡
∑(𝑡𝑡)⋅𝑦𝑦𝑡𝑡
𝑛𝑛𝑡𝑡

=  𝑛𝑛𝑡𝑡 ⋅ 𝑝𝑝𝑡𝑡�    

3.𝑀𝑀� =  𝑛𝑛𝑡𝑡
𝑁𝑁

    (The mean of dummy variable D equals to number of observations in the treatment 

group divided by total  observations number) 

Based on the above three points: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) =  1
𝑁𝑁
𝛴𝛴𝑀𝑀𝑖𝑖2 − (𝑀𝑀�)2 
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                =  
1
𝑁𝑁

 𝑛𝑛𝑡𝑡 − �
𝑛𝑛𝑡𝑡
𝑁𝑁
�
2
 

                =   
𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  
𝑛𝑛𝑡𝑡
𝑁𝑁

 � 

=   
𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2  

        𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) =  1
𝑁𝑁

 ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑖𝑖   −  𝑀𝑀� × 𝑝𝑝� 

                                                    =  1
𝑁𝑁
𝑛𝑛𝑡𝑡𝑝𝑝𝑡𝑡�   −  𝑛𝑛𝑡𝑡

𝑁𝑁
( 𝑛𝑛𝑡𝑡
𝑁𝑁

 𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐
𝑁𝑁

 𝑝𝑝�𝑐𝑐 ) 

                                             =  𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  𝑛𝑛𝑡𝑡
𝑁𝑁
�  𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 𝑝𝑝�𝑐𝑐 

                       = 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

If 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) and 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) are known,  based on Wooldridge (2009), it is easy to know :  

                                                           𝛽𝛽 � =   𝐶𝐶𝑝𝑝𝑣𝑣( 𝑦𝑦 ,   𝑀𝑀)
𝑉𝑉𝑠𝑠𝑝𝑝 (𝑀𝑀)

          

= ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

In Equation (5), if I regress Equation (4), I get Equation (5):  

 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

e : The residuals 

�̂�𝛽 : The estimated coefficient 

Then root-mean-square error (RMSE) is �𝑉𝑉𝑝𝑝𝑟𝑟(𝑒𝑒): 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = �𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖) 

It is easy to prove that: 

𝑉𝑉𝑝𝑝𝑟𝑟 �𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖� = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 �̂�𝛽 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝𝑖𝑖 ,𝑀𝑀𝑤𝑤 ) + �̂�𝛽2 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀𝑤𝑤 ) 

                            = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 ( 𝑝𝑝𝑡𝑡� − 𝑝𝑝�𝑐𝑐)  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) + ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 

                            =  𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 
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𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  is what need to find out: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)   =  ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2

𝑁𝑁
  =  𝛴𝛴𝑡𝑡

(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

If I get 𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
 first: 

Σt
(yt−y�)2

N
  =  1

N
  Σt �yt −

nt
N

y�t −
nC
N

y�c�
2

 

      =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 −
𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  ) 2 

                          =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − �𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡� + (𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

 =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + (𝑛𝑛𝑐𝑐
𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐
𝑁𝑁

(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐)) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡)2 + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                                =    𝑛𝑛𝑡𝑡
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 (𝜎𝜎yt2  : the variance of 𝑝𝑝𝑡𝑡) 

The same I can get: 

𝛴𝛴𝑐𝑐
(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
  =    𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

So: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  =  𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

                                                              =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2  + 𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                         =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = � 1
𝑁𝑁
∑𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

                                             =  �𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  +  𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  +  𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

 =  �
𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 
𝑛𝑛𝑐𝑐
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑐𝑐2  

From the pool standard deviation formula, I know: 
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𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �
(𝑛𝑛𝑡𝑡 − 1)𝐸𝐸𝑦𝑦𝑡𝑡2 + (𝑛𝑛𝑐𝑐 − 1)𝐸𝐸𝑦𝑦𝑐𝑐2

𝑛𝑛𝑡𝑡 + 𝑛𝑛𝑐𝑐 − 2
 

𝜎𝜎𝑦𝑦𝑡𝑡
2  = 𝑉𝑉𝑝𝑝𝑟𝑟(𝑝𝑝𝑡𝑡) = ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡
 

𝐸𝐸𝑦𝑦𝑡𝑡
2  =  

∑�𝑝𝑝𝑡𝑡−𝑝𝑝�𝑡𝑡�
2

𝑛𝑛𝑡𝑡−2  

𝜎𝜎𝑦𝑦𝑡𝑡
2  =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡−1
 =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 𝐸𝐸𝑝𝑝𝑡𝑡

2  

The same 𝜎𝜎𝑦𝑦𝑐𝑐
2  =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 ∑(𝑦𝑦𝑐𝑐−𝑦𝑦�𝑐𝑐)2

𝑛𝑛𝑐𝑐−1
 =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 𝐸𝐸𝑝𝑝𝑐𝑐

2  

If I want to get the relationship between 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 and 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

By changing from Equation (5) to Equation (6), I establish the relationship between 

𝐸𝐸pool  and the residuals. Using the regression model, I am able to obtain the residuals and thus 

the 𝐸𝐸pool . 
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Impact of the school facilities grant on access and learning 
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1. Introduction 

This project studied the impact of the School Facilities Grant (SFG) on equitable access 

and learning outcomes in government-funded primary schools in Uganda. The importance of 

school infrastructure for learning stems from the global need to provide basic facilities for 

students to access and stay in school to expand their opportunities. The impact from SFG 

support showed that schools receiving grants in the 2017/18 financial year scored 1.28 and 1.05 

percentage points more on numeracy and literacy tests than control schools. A possible 

explanation for the relatively small estimated effects is the short duration of the study.  

2. Data 

The study’s estimating approaches directed the collection of primary and secondary 

data, as well as quantitative and qualitative data. Schools, students, teachers, and school 

management committees provided primary data. Each respondent was given a unique 

instrument. Enrolment, student/teacher attendance, and staffing statistics were collected using 

a school-level questionnaire. It also gathered information on the school’s location and whether 

or not the school had ever received funding from an NGO. The demographics, experiences, 

and views of the school infrastructure in connection to learning were the primary data acquired 

from the teacher and school board surveys. The demographic features of the students, their 

living conditions at home and at school, and their learning and learning environment 

experiences were all included in the student questionnaires. In addition, pupils’ numeracy and 

literacy examinations were another important primary source of information. The qualitative 

information gathered from key informants and Focus Group Discussion (FGD) detailed in the 

previous section are also important data and sources. Other sources of data on school enrolment, 

infrastructure, and funding for school facilities include the Education Management Information 

System (EMIS) and official reports from the Department of Economic and Social Affairs and 

the districts. 
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The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The assessment study used the difference-in-difference (DID) technique to estimate the 

short-term impact of SFG, comparing changes in access and learning outcomes in treated and 

control schools using Intention to Treat (ITT) effects. Clustered robust standard errors are used 

to create the estimations. In this situation, the DID was utilised to account for fixed effects at 

the baseline. The researchers also used a t-test to compare the means of variables in the control 

and treatment groups. The DID model is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 = 𝜙𝜙𝑡𝑡 + 𝜙𝜙𝑗𝑗 ∙ 𝑃𝑃 + 𝛿𝛿𝑡𝑡 ∙ 𝑇𝑇 + 𝛿𝛿𝑗𝑗 ∙ 𝑃𝑃 ∗ 𝑇𝑇 + 𝑋𝑋𝑖𝑖𝑗𝑗𝑡𝑡′ ∙ 𝛽𝛽 + 𝜇𝜇𝑖𝑖𝑗𝑗𝑡𝑡 (1) 

𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 : The schooling outcome (enrolment, attendance and academic performance) for pupil i in 

school j and cohort period t. 

𝜙𝜙𝑡𝑡 :  The mean outcome for the control group on the baseline. 

𝜙𝜙𝑗𝑗 :  A locality fixed-effect equal to 1 for treatment and 0 otherwise, for example, 𝑃𝑃 = 0/1. 

𝛿𝛿𝑡𝑡 : The average mean outcome between the treated (T=1) and control (T=0). 

𝛿𝛿𝑗𝑗 : The measure of the impact attributable to SFG intervention, that is equal to 1 for schools 

that received SFG in FY2016/17 and FY2017/18, and 0 for schools that will receive SFG after 

2019. 

𝑋𝑋𝑖𝑖𝑗𝑗𝑡𝑡′  : A vector of school and pupil covariates including pupil sex, school location, whether the 

school provides meals, whether the school ever received NGO. 

𝜇𝜇𝑖𝑖𝑗𝑗𝑡𝑡 : Error term  

 The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 
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This 3ie report examines three main outcome variables. Specifically, the report 

examines the impact of the availability of school facilities (for example, classrooms, teachers’ 

quarters and sanitation facilities) on enrolment, attendance rates and learning outcomes (for 

example, test scores) in primary education in Uganda. Each outcome variable has an ex ante 

power corresponding to it. The purpose of this analysis is to determine whether the ex post 

power of the respective effects match their ex-ante calculations. As not all the effects are of 

interest, I focus on learning outcomes (test scores) that are central to the study’s analysis.  

The authors of this 3ie study discuss only this outcome variable in their ex ante power 

and MDE calculations. As a result, I only looked at one outcome variable to see if the authors' 

ex ante power was met. 

The precise measurement of the outcome variable of test scores is divided into 

measurements of “numeracy” and “literacy” in this 3ie report. The theory of change of the 

School Facilities Grant (SFG) assessment, which focuses on strengthening the creation of 

evidence on the impact of SFG on the enrolment and academic performance of primary school 

students in Uganda, justifies the “literacy” and “numeracy” measurements. ‘Linking pictures 

to written names’, ‘completing words with missing letters’, ‘describing activities in pictures’, 

‘reading comprehension’ and a ‘fill-in-the-blank test’ were among the literacy skills assessed.  

‘Counting by ones or tens’, ‘Relating number symbols to their written names’, 

‘Identifying place value’, ‘Statistics using pictogram interpretation’, ‘Completing sequences’, 

‘Identifying fractions’, and ‘Measurement’ were among the numeracy skills tested. Each 

subject’s overall level of accomplishment is stated in terms of mean scores and the percentage 

of students who achieve the appropriate level of proficiency. Following that, the percentage of 

students attaining the minimum acceptable score, which corresponds to the minimal expected 

level of student mastery, is referred to as the percentage of proficiency. 
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Therefore, I will perform the ex post power calculations for the two outcome variables 

of “Numeracy” and “Literacy”. 

5. Ex ante power and MDE 

In the 3ie report, the researchers set the ex ante power to 80% and determined the 

minimum detectable effect (MDE) based on this ex ante power. The power calculations of 

MDE largely followed Djimeu and Houndolo (2016). They use Equation (2) to calculate MDE: 

 𝛿𝛿 =
𝑡𝑡1 + 𝑡𝑡2

�𝑃𝑃(1 − 𝑃𝑃)𝐽𝐽
𝜎𝜎𝑦𝑦�𝜌𝜌 +

1 − 𝜌𝜌
𝑛𝑛

 (2) 

𝛿𝛿 : Minimum detectable effect (MDE) 

𝑡𝑡1 : The t-value corresponding to the desired significance level of the test. Because the desired 

significance level is 5%, 𝑡𝑡1 = 1.96. 

𝑡𝑡2 : The t-value corresponding to the desired power of the design. Because the desired ex ante 

power is 80%, 𝑡𝑡2 = 0.84. 

𝜎𝜎𝑦𝑦 : Standard deviation of outcome variable. 

P : Proportion of individuals assigned to the treatment group. 

J : Number of total clusters. 

𝜌𝜌 : Intra-cluster correlation coefficient. 

n : Number of individuals per cluster. 

 Based on Equation (2), the authors of this 3ie report used statistics from the National 

Assessment of Educational Progress (NAPE), conducted in 2014 for third and sixth graders, to 

calculate these estimates. The within-school correlation for “Numeracy” and “Literacy” test 

scores (hence 𝜌𝜌 : Intra-cluster correlation coefficient) are 0.43 for “Numeracy” and 0.46 for 

“Literacy”, respectively. They used higher one, so 𝜌𝜌 = 0.46. Similarly, the standard deviation 

of test score is 20.1, so 𝜎𝜎𝑦𝑦 = 20.1. When they designed the experiment, the authors of this 3ie 

report decided the proportion of individuals assigned to the treatment group is 0.5. This means 
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that half receive treatment and the other half are controls. At the same time, the researchers of 

this report estimated the size of the sample.  

 Here, I must point out an error made by the authors of this 3ie report. According to 

Djimeu and Houndolo (2016), in Equation (2), J should be the number of all clusters. Here the 

authors incorrectly assume that J is the number of treated clusters. This leads them to calculate 

the MDE incorrectly. In total, 300 clusters (schools) were included. So J should be 300, not 

half treated of all clusters number 150. And the number of individuals per cluster is estimated 

to be 15 (students), so 𝑛𝑛 = 15. 

 The 3ie report researchers calculated the size of the required MDE to be 6.4726. They 

estimated 𝑀𝑀𝑀𝑀𝐸𝐸 =  6.5. If I put in the correct size of 𝐽𝐽 = 300, the size of the MDE is 4.58. 

Therefore, I decided to use this correct 𝑀𝑀𝑀𝑀𝐸𝐸 = 4.58 as my parameter for calculating the ex 

post power. 

The next step would be to re-run the author’s regression to determine eestimated 

standard error of minimum detectable effect size. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 25, Table 17). As shown in TABLE 1. 

The third and sixth columns, circled in red, are the results that I need to reproduce. Both 

columns are the results of the regression with the addition of control variables, representing 

“Numeracy” and “Literacy” respectively. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors estimated the DID model. Standard errors should be clustered 

at the level of randomization, specifically, at the school level. However, in TABLE 1, the 

authors use only OLS regression. The results were not tested for robustness according to the 
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clustering problem. Because of the clustering problem in the data, I will use robust standard 

errors for the replication. 

TABLE 2 reports my reproduction of the 3ie report. In TABLE 2, Column (1) (2) and 

(3) are results for outcome variable “Numeracy”. Column (1) are original OLS regression 

results, Column (2) are results of reproduction. I use the data and do-file provided by 3ie. 

Compared with Column (1), Column (2) shows coefficients and standard errors are some 

differences, but they are within acceptable limits. Column (3) shows the results I obtained after 

using cluster robustness check. Compared to Column (2), the coefficients of the individual 

items are the same, but the standard errors have changed substantially. Because of the 

clustering problem in the data, the results of the cluster robustness check will be more accurate 

and I will also use the standard error results of the cluster robustness test to calculate the ex 

post power. 

Similarly, Column (4) (5) and (6) are results for outcome variable “Literacy”. Column 

(4) are original OLS regression results, Column (5) are results of reproduction. I use the data 

and do-file provided by 3ie. Compared to Column (4), the coefficients and standard errors for 

each item in Column (5) differ but are within reasonable limits. Column (6) shows the results 

I obtained after using cluster robustness check. Compared to Column (5), the coefficients of 

the individual items are the same, but the standard errors have changed substantially. 

After reproduction, there are two important values I choose to use in the calculation of 

ex post power. One is the cluster robust standard error of “Treated 2*Time” in Column (3), the 

value is 1.694. In fact, this 3ie report divides the treatment into a period from 2016 to 2017, 

called Treatment 1, and from 2017 to 2018, called Treatment 2. The same schools received 

both treatments, but the measurement is divided into two phases. For the sake of simplicity, I 

used the more recent time period of 2017-2018, Treatment 2, to calculate the ex post power. 

Therefore, “Treated 2*Time” also represents the interaction term between treatment and time, 
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and also represents the DID effect. The robust standard error is 1.694 for the outcome variable 

“Numeracy”. The other one is the cluster robust standard error of “Treated 2*Time” in Column 

(6), the value is 1.733. The robust standard error is 1.733 for the outcome variable “Literacy”. 

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (3) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (3) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error of minimum detectable effect size 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from the “Numeracy” regression with control variable 

is 1.694. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 4.58 and the standard error of the estimate into Equation (3), then 

t
power，𝑣𝑣

= 4.58
1.694

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 302 − 1 = 301. It is worth noting that in 

previous chapters I have shown that the estimator used in the ES-SE method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 302 − 1 = 301. This is because there are 

J=302 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 
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Based on the above, I calculate an ex post power of 76.8% for outcome variable 

“Numeracy”. 

For the other outcome variable, “Literacy”, the cluster robust standard error from  

regression with control variable is 1.733.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 4.58 into Equation (3), then 

t
power，𝑣𝑣

= 4.58
1.733

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 301. So, the ex post power is 75.0% for 

“Literacy”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex-ante power calculated before the final 

results were determined. In this project, ID: 3, the ex-ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post powers for treatment effects in the 

“Numeracy” regressions are 76.8% (with control variables). The ex post powers for the 

treatment effects in the “Literacy” is 75.0% (with control variables). The ex post power for 

both of these main variables gets close to the target of 80%. Therefore, I can be confident that 

the empirical analysis that was actually conducted had sufficient power to identify the effect 

sizes represented by the MDE in the original study. The number of clusters originally designed 

by the authors was 300, but the total number of clusters after the experiment was actually 301. 

Therefore, it is possible that the reason why the ex post power was slightly lower than the ex 

ante power was due to the insufficient number of clusters. The possible reason is that the 

predicted ICC is smaller than the actual ICC. 
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TABLE 1 

Impact of SFG on academic achievement (test scores) in Numeracy and Literacy 
 

  

NOTE: This table is in 3ie report (Page 25, Table 17). Column 3 shows the outcome variable 
“Numeracy” DID regression results (with control variables). Column 6 shows the outcome 
variable “Literacy” DID regression results (with control variables).  
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TABLE 2 
Reproduction of Main Outcomes Results  

 

 (1) (2) (3) (4) (5) (6) 

𝑽𝑽𝑩𝑩𝑷𝑷𝒊𝒊𝑩𝑩𝑽𝑽𝑽𝑽𝒆𝒆𝒔𝒔 Numeracy 
(Original) Reproduction 

Cluster 
Robust 
Check 

Literacy 
(Original) Reproduction 

Cluster 
Robust 
Check 

Treated 1 -
2016/2017 

(0/1) 

-2.11 
(0.609) 

-2.13 
(0.609) 

-2.13 
(1.789) 

-1.406 
(0.573) 

-1.374 
(0.561) 

-1.374 
(1.600) 

Treated 1 -
2017/2018 

(0/1) 

1.22 
(0.542) 

1.22 
(0.543) 

1.22 
(1.566) 

-0.343 
(0.510) 

-0.297 
(0.499) 

-0.297 
(1.423) 

Time (0/1) 14.43 
(0.539) 

14.42 
(0.539) 

14.41 
(1.298) 

6.67 
(0.507) 

6.50 
(0.496) 

6.50 
(1.268) 

Treated 
1*Time 

-0.51 
(0.875) 

-0.48 
(0.875) 

-0.48 
(2.275) 

-0.800 
(0.823) 

-0.769 
(0.805) 

-0.769 
(1.924) 

Treated 
2*Time 

-0.275 
(0.777) 

-0.254 
(0.777) 

-0.254 
(1.694) 

2.10 
(0.731) 

2.06 
(0.715) 

2.06 
(1.733) 

NGO-fund 
(Yes=1) 

-1.84 
(0.490) 

-1.82 
(0.490) 

-1.82 
(1.422) 

-1.495 
(0.461) 

-1.455 
(0.451) 

-1.455 
(1.411) 

Pupil meals 
(Yes=1) 

0.686 
(0.376) 

0.687 
(0.376) 

.687 
(1.035) 

2.945 
(0.354) 

2.907 
(0.346) 

2.906 
(1.038) 

Rural (=1) -4.09 
(0.767) 

-4.09 
(0.767) 

-4.09 
(2.653) 

-5.46 
(0.721) 

-5.32 
(0.705) 

-5.32 
(2.888) 

Pupil sex 
(Male=1) 

1.29 
(0.337) 

1.29 
(0.337) 

1.29 
(0.400) 

-1.25 
(0.317) 

-1.21 
(0.310) 

-1.21 
(0.386) 

N 11733 11733 11733 11733 11733 11733 

R2 0.131 0.131 0.131 0.056 0.057 0.057 
 
NOTE: The numbers in brackets indicate the size of the standard error. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Numeracy”: 

# Input values 
MDE = c(4.58)  
DF  = (301) 
SE  = (1.694) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Literacy”: 

# Input values 
MDE = c(4.58)  
DF  = (301) 
SE  = (1.733) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 4 

The GoBifo project evaluation report: Assessing the impacts of 

community-driven development in Sierra Leone 
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1. Introduction 

This report assessed the impact of community-driven development (CDD) in Sierra 

Leone. The community-driven development (CDD) approach has received significant funding 

from international donors, government and NGOs. CDD projects have received over 9% of 

overall World Bank lending and billions of dollars of investment. CDD is aimed at creating 

public benefits through the empowerment of local communities. However, some are concerned 

that the advantages of CDD could be easily captured by local elites. This 3ie project is the first 

study to critically evaluate its effectiveness.  

2. Data 

The research team collaborated to choose 12 villages within each constituency through 

a two-stage approach. First, the project team whittled down the list of all communities in the 

2004 Population and Housing Census to those that were in their target regions and were large 

enough for the GoBifo project: between 20 and 200 homes in Bombali and between 10 and 100 

households in Bonthe. The study team then used a computer programme to allocate six 

communities in each constituency to the treatment group and six to the control group based on 

the restricted list and data on the distance to the nearest paved road. This approach was designed 

to be completely random, with each village in each constituency having an equal chance of 

being chosen. Please keep in mind that these communities do not reflect the entire country, or 

even Bombali and Bonthe. Instead, they plot the location of all 236 localities that participated 

in the study inside the selected constituency, representing all communities of a similar size. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The authors of this report explicitly state in the Appendix C (Page 46) that the analysis 

in this report uses the Difference-in-difference (DID) model. The DID model is Equation (1): 
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For the subset of outcome variables that were collected in both the baseline 2005 survey 

and the 2009 follow-up surveys, the analysis exploits the panel data structure: 

 𝑌𝑌𝑐𝑐𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1(𝑇𝑇𝑐𝑐 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2𝑇𝑇𝑐𝑐 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + 𝑋𝑋𝑐𝑐′Γ + 𝑊𝑊𝑐𝑐
′Π + 𝜀𝜀𝑐𝑐𝑡𝑡 (1) 

𝑌𝑌𝑐𝑐𝑡𝑡 : A given outcome (for example, whether trust a community member to buy at market) 

𝛽𝛽0 : Constant term 

𝑇𝑇𝑐𝑐 :  Dummy variable, the GoBifo treatment indicator, if treated, equals to 1, otherwise equals 

to 0 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline (2005 survey) or endline (2009 survey) indicator  

𝑇𝑇𝑐𝑐 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The interaction term 

𝑋𝑋𝑐𝑐 : a vector of the community-level controls, including those used to assess treatment versus 

control group balance in the original computer randomisations, 𝑋𝑋𝑐𝑐′  is Matrix transpose. 

𝑊𝑊𝑐𝑐 : a fixed effect for geographic ward, the administrative level on which the randomisation 

was stratified, 𝑊𝑊𝑐𝑐
′ is Matrix transpose. 

𝛽𝛽1 : The DID coefficient, represent the average treatment effect between endline and baseline 

𝜀𝜀𝑐𝑐𝑡𝑡 : Error term  

Elements of 𝑋𝑋𝑐𝑐 include the distance from a road, the total number of households, an 

index of violence experienced during the recent civil war and a measure capturing the historical 

extent of domestic slavery. The methodology and the variables used for the above estimates 

are clearly reflected in the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables. The authors of the report grouped 

these outcome variables into four categories, the first of which the authors called “GoBifo 

creates functional local institutions”, including whether community has a village development 

plan (VDP); community has a bank account; community visited by a ward development 

committee (WDC) member; community visited by a local councilor etc. The second category 
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is called “Community has functional local public goods”, and public goods include water well, 

dry floor, grain store, community center, market, latrine, seed bank, football field and uniforms 

etc. The third category is called “GoBifo enhances trust”. This category also includes a number 

of outcome variables, among which are “average respondent” would give money to a neighbor 

to buy something on their behalf in the market (and has actually done so); average respondent 

feels that if he/she left money at a community meeting it would still be there an hour later; 

community has a communal agricultural marketing group etc.”. The final category outcome 

variables the authors call them “GoBifo increases access to information about local 

governance”, including “Respondents voted in 2008 local elections; a community member 

stood for paramount chief, section chief, local council and WDC; respondents have met a local 

councilor etc.”. 

With such a wide range of outcome variables, how do I make a choice? It is important 

to return to the purpose of calculating the ex post power, which requires reporting the 

magnitude of the MDE provided before the experiment. But the authors of the report only 

mention some information about the MDE, and this is how they describe the size of the MDE: 

“We can detect a change of 0.75 in the number of public goods available in a community due 

to the GoBifo project. We can detect a 5% change in the number of people who would trust a 

community member to buy something for them at market, and a 6% change in the number of 

people who vote in Local Council elections”. The authors refer to the size of the MDE for three 

outcome variables, the first of which is the number of public goods available in a community 

due to the GoBifo project. This should fall under category 2 outcome variables “Community 

has functional local public goods”. However, this poses a problem as there are many items of 

specific outcome variables within category 2 outcome variables, for example, water well, dry 

floor, and grain store etc. The size of the MDE of 0.75 does not specify which public good 
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MDE it is, but is a very general statement of the public good MDE. Therefore, this MDE cannot 

be chosen for the ex post power calculation. 

I chose two outcome variables for the ex post power calculation. The first is called 

“hmarket”. This outcome variable should fall under category 3 “GoBifo enhances trust”. It 

represents such a question “Tomorrow, if you needed to buy something from town or the 

market but were unable to travel there, would you give your money to someone from the 

community (not a household member) to buy the item for you?”. The only answer to this 

question is yes or no. The authors of the report calculated the percentage of respondents in one 

cluster who answered yes as a percentage result of such a cluster. The outcome variable 

“hmarket” corresponds exactly to this MDE mentioned by the authors of the report in “We can 

detect a 5% change in the number of people who would trust a community member to buy 

something for them at market”. 

The second outcome variable is “vote local”. This outcome variable should fall under 

category 4 “GoBifo increases access to information about local governance”. It represents such 

a question “Did you vote in the local government election (2008)?”. The only answer to this 

question is yes or no. The authors of the report calculated the percentage of respondents in one 

cluster who answered yes as a percentage result of such a cluster. The outcome variable “vote 

local” corresponds exactly to this MDE mentioned by the authors of the report in “…and a 6% 

change in the number of people who vote in Local Council elections”. 

Therefore, although many outcome variables are covered in this report, I will perform 

the ex post power calculations for the two outcome variables of “hmarket” and “vote local”. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. For 

the two selected outcome variables “hmarket” and “vote local”, the authors of the report also 

provide details of their MDE sizes in the proposal, which are 5% and 6% respectively. 
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 It is worth noting that since both outcome variables are percentage points, they are both 

calculated as a percentage of the number of people who answered “yes” within a cluster. 

Therefore, 5% and 6% should be used as MDEs directly as percentage points. This can be 

interpreted as meaning that in the treatment group, the percentage of people who answered 

“yes” was 5% to 6% higher than the percentage of people who answered "yes" in the control 

group. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables.  

The authors of the report do not report the regression results for “hmarket”, possibly 

because the authors have placed the output variable within a broad category and only report 

the sum of the effects of all output variables within a broad category, without specific results 

for this item. However, since the size of the cluster robust standard error obtained in the 

regression is used to calculate the ex-post power, I will reproduce the regression results for this 

outcome variable using the data and Stata do-file provided by 3ie for the original report.  

As for the other outcome variable, “vote local”, the authors of their regression results 

report it in Table 9 (Original report, Page 34). I have placed the regression results in TABLE 

1, and I have marked the results for the output variable “vote local” with a red box. In TABLE 

1, the cluster robust standard error is 0.04. 

In TABLE 3, I make a reproduction for these 2 outcome variables regression results. 

For outcome variable “hmarket”, after reproduction, the cluster robust standard error is 0.02. 

For outcome variable “vote local”, after reproduction, the results match those in the original 

3ie report. The cluster robust standard error is 0.04. 

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 



278 
 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “hmarket” is 0.02. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 0.05 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

= 0.05
0.02

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 236 − 1 = 235. It is worth noting that in previous chapters I 

have shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 236 − 1 = 235. This is because there are J=236 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 70.2% for outcome variable 

“hmarket”. 

For the other outcome variable, “vote local”, the cluster robust standard error from  

regression is 0.04.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.06 into Equation (2), then t
power，𝑣𝑣

= 0.06
0.04

− t1−α2 ,𝑣𝑣, 

here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 235. So, the ex post power is 31.9% for “vote local”. 
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The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 4, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post powers for treatment effects in the 

“hmarket” regressions is 70.2%. The ex post powers for the treatment effects in the “vote local” 

is 31.9%. The ex post power of both of these main variables is below 80%. However, for the 

first outcome variable, the difference is not significant. The ex post power of the second 

variable differs considerably from the originally designed ex ante power.  

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-

life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 

 In this report, the researchers had 234 clusters in the pre-experimental design and 236 

clusters in the post-experimental regression, so the number of clusters was not the reason for 

the low ex post power. Since the authors of the report do not provide information about the 

process of estimating the standard error before the experiment, and about the estimation of the 

ICC size. I assume that the reason for the large standard error after the experiment is the 
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underestimation of the ICC before the experiment. Or it may be due to some other experiment 

where the actual environment differs from the pre-defined environmental parameters. 
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TABLE 1 
Main regression result for outcome variable “vote local”

 
 

NOTE: The table is taken from Table 9 of the original report (Page 34). In this table titles, 
Treatment effect means the DID coefficient, Standard error is cluster robust standard error, N 
represents total clusters number, not total observations number. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



282 
 

TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables hmarket Reproduction vote local Reproduction 

Coeffecient / 0.02 0.07 0.07 
Cluster Robust 
Standard Error / 0.02 0.04 0.04 

N / 236 236 236 
 
NOTE: “ /” represents a value that is not shown in the original 3ie report. All coefficients in 
the table are saved to two decimal places. The methodology and the variables used for the 
above estimates are clearly reflected in the Stata programme file provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “hmarket”: 

# Input values 
MDE = c(0.05)  
DF  = (235) 
SE  = (0.02) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “vote local”: 

# Input values 
MDE = c(0.06)  
DF  = (235) 
SE  = (0.04) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



284 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
ID: 5 

Impacts of key provisions in Ghana’s Petroleum Revenue 

Management Act 
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1. Introduction 

This report examined the impact of two key elements of the Petroleum Revenue 

Management Act (PRMA) on promoting transparency and accountability in the management 

of petroleum revenues in Ghana. The two key elements were the establishment of the Public 

Interest Accountability Committee (PIAC) and the Annual Budget Funding Amount (ABFA). 

Researchers measured information retention, attitudinal and behavioral changes in the treated 

population and compared them with a control group using baseline and endpoint survey data. 

Researchers measured these effects at three levels: among District Assembly members (DAMs) 

as representatives of regional authorities (Level 1); among unit committee members as the most 

direct intermediaries between citizens and higher authorities (Level 2); and among the general 

population (Level 3). 

2. Data 

The baseline and endline surveys are the key data sources for this study. The report's 

writers created structured questions for both surveys and collected data using computerised 

data collecting techniques. The Open Data Kit was utilised for the baseline survey, and 

SurveyToGo, a comparable but more customizable computer-assisted interviewing platform, 

was used for the endline survey. A three-day baseline training and a two-day endpoint training, 

both guided by the Kumasi Institute of Technology and Environment (KITE) research team, 

were included in the programme. For each wave of data collecting, a pilot survey was 

undertaken. Data was collected by KITE employees and research assistants from Kwame 

Nkrumah University of Science and Technology's Department of Planning. For their labour in 

Ghana cedi, the researchers were paid the equivalent of $20 each day. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 
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This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 = α + 𝛽𝛽1(𝑇𝑇𝑖𝑖 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2𝑇𝑇𝑖𝑖 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖 (1) 

𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 : A given outcome for respondent 𝑤𝑤 (with 𝑤𝑤 = 1, …, 30) in district 𝑘𝑘 (with 𝑘𝑘 = 1, …, 120) 

at baseline or endline time (t=0 or 1) 

α : Constant term 

𝑇𝑇𝑖𝑖 :  Dummy variable, whether district 𝑘𝑘 get treated. 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline  or endline  indicator  

𝑇𝑇𝑖𝑖 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The interaction term 

𝜀𝜀𝑐𝑐𝑡𝑡 : Error term, the usual disturbance term clustered at the district level 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables. The authors of the report grouped 

these outcome variables into four categories, the first of which the authors called “Knowledge”, 

including whether “received info on oil & gas or mining revenue use in Ghana or in my area 

in past year”; “How would you characterise your knowledge about what happens to revenues 

from oil and gas production?”; “Has heard about PRMA, ABFA, or PIAC?” etc. The second 

category is called “Attitudes”, including “Satisfaction with oil & gas revenue management?” 

and “Satisfaction with mining revenue management?” etc. The third category is called 

“Behaviour of district leaders and citizens”. This category also includes a number of outcome 

variables, among which are “You have right to benefit from the oil and gas revenues Ghana 

receives”, “You have right to demand information about oil, gas or mining revenues from 

responsible national officials and leaders”, and “Discussed usage of revenues from oil, gas and 

mining with family, friends or colleagues in past year” etc.  
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However, although the authors of the report provided a number of outcome variables 

after the experiment, the pre-experimental MDE magnitudes were required to calculate the ex 

post power. These pre-experimental variables should correspond to the post-experimental 

outcome variables and be identical. 

As TABLE 1 (TABLE 1 is from original report Table 7, Page 27) shows, the authors 

of the report performed an ex ante power analysis of 10 pre-experimental possible outcome 

variables. After comparing this with the many outcome variables obtained by the authors after 

the experiment, I found that only the two variables marked in the red box were found to be the 

same in the post-experimental outcome variables. The authors of the report do not provide the 

names and codes for calculating these 10 ex ante outcome variables. It is possible that the other 

outcome variables only changed in the post-experimental narrative, but in order to prevent the 

possibility of two different variables, I have chosen to analyse only those variables that are 

identical.  

I chose two outcome variables for the ex post power calculation. The first is called 

“How would you characterise your knowledge about what happens to revenues from oil and 

gas production? Scale: 0 to 3”. This outcome variable should fall under category 1 

“Knowledge”. This variable corresponds to the code "S7Q1" in the Stata do-file provided by 

3ie. This is an ordinal variable. The scale gradually increases from 0 to 3 on a scale of 4, from 

people who think they have very little knowledge to those who have very complete knowledge. 

This is a subjective assessment of respondents' knowledge in the relevant areas. 

The second outcome variable represents such a question “You have right to demand 

information about oil, gas or mining revenues from responsible national officials and leaders. 

Scale: 0 to 4.”. This outcome variable should fall under category 3 “Behaviour of district 

leaders and citizens”. This is also an ordinal variable. Respondents rated their own level of 

authority on a scale of 5, ranging from 0, where they considered themselves to have no authority, 
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to 4, where they considered themselves to have a high level of authority. This variable 

corresponds to the code " S8Q1c" in the Stata do-file provided by 3ie. 

Therefore, although many outcome variables are covered in this report, I will perform 

the ex post power calculations for the two outcome variables of “S7Q1” and “S8Q1c”. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. For 

the two selected outcome variables “S7Q1” and “S8Q1c”, the authors of the report also provide 

details of their MDE sizes in the proposal, shown in TABLE 1 red boxes, which are all at 0.08. 

 It is important to note that the 0.08 is the actual MDE size. This is because this is how 

the authors of the report describe the process of calculating the MDE size: “…we used 

STATA’s ‘clustersampsi’ command, using 80 per cent power and 0.05 per cent significance 

level. We used two-sided tests, although an argument could be made for a one-sided test – it 

was very unlikely that our variables of interest would decrease as a consequence of our 

treatments. We used an equal-allocation design, as our cluster size (for example, the district) 

varied only very little – on average, we had 29.5 participants per cluster, with a standard 

deviation (SD) of 2.2. For decision makers, we had 5 DAMs, 5 UCMs (Unit Committee 

member) and, on average, 3 chiefs per cluster (the number of chiefs varied between 0 and 10). 

Mean, SD and intra-cluster correlation were derived from the baseline for each outcome 

variable…”. It can be seen that the authors have set the size of the parameters by, for example, 

“we had 29.5 participants per cluster, with a standard deviation (SD) of 2.2” and then directly 

using the Stata ‘clustersampsi’ command to calculate MDE. The MDE of 0.08 means that the 

difference between the average scale size of the treatment and control groups in the endline 

and baseline is 0.08. 
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6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables.  

The authors of the report do not report the regression results for “S7Q1”, possibly 

because the authors have placed the outcome variable within a broad category and only report 

the sum of the effects of all outcome variables within a broad category, without specific results 

for this item. For example, the regression results for all “knowledge” outcome variables are 

grouped together. This makes it impossible to distinguish specifically the effect size of “S7Q1”, 

since “knowledge” includes not only “S7Q1”, but also many other output variables. The same 

is true for “S8Q1c”, whose results are placed in a whole category. However, since the size of 

the cluster robust standard error obtained in the regression is used to calculate the ex post 

power, I will reproduce the regression results for this outcome variable using the data and Stata 

do-file provided by 3ie for the original report.  

In TABLE 2, I make a reproduction for these 2 outcome variables regression results. 

For outcome variable “S7Q1”, I use such a Stata Command to get cluster robust regression 

result : reg S7Q1 T2  Endline interaction, vce(cluster S0Q5). In this command, S7Q1 is the 

independent variable, T2 means whether get treatment or not, Endline is the dummy variable  

for the time indicator. Because the report uses a DID model, so interaction is T2*Endine. Code 

S0Q5 is the name of village and the indicator for the cluster. After reproduction, the cluster 

robust standard error is 0.032 (the red box shows). For the other outcome variable “S8Q1c”, 

the Stata Command changes to reg S8Q1c T2 Endline interaction, vce(cluster S0Q5). After 

reproduction, the cluster robust standard error is 0.029.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 
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7. Ex post power calculation 

In previous chapters I compared different methods for calculating ex post power. My 

recommendation is to use the SE-ES method to calculate the ex post power. This is because 

SE-ES is much easier to computer, it also produces substantially smaller confidence intervals. 

Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “S7Q1” is 0.032. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 0.08 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

= 0.08
0.032

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 120 − 1 = 119. It is worth noting that in previous chapters I 

have shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 120 − 1 = 119. This is because there are J=120 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 69.8% for outcome variable “S7Q1”. 
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For the other outcome variable, “S8Q1c”, the cluster robust standard error from  

regression is 0.029.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.08 into Equation (2), then t
power，𝑣𝑣

= 0.08
0.029

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 119. So, the ex post power is 78.1% for “S8Q1c”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 5, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post power for treatment effects in the 

“S7Q1” regressions is 69.8%. The ex post power for the treatment effects in the “S8Q1c” is 

78.1%.  

Both of these ex post powers are very close to 80%, which means that the authors 

achieved the expected power. The number of clusters designed by the authors is 80, but there 

are actually 120 clusters, so the number of clusters is not the reason for the lower ex post power 

than ex ante power. I used the Stata command  kappaetc S7Q1/ S8Q1c S0Q11_FULL , icc 

(random) i( S0Q5 ) on both variables and I found that ICC for first variable “S7Q1” is 0.25 

and ICC for second variable “S8Q1c” is 0.20. The ICC sizes designed by the authors for these 

two variables can be found in TABLE 1, and are 0.031 and 0.03. So the fact that the ICC size 

obtained exceeds the design value is the reason for the slightly lower power of these two 

variables ex post. 
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TABLE 1 
Analysis of the 10 possible outcome variables in the report proposal 

 
 

NOTE: This table is from the original report Page 27, Table 7. The red boxes represent the two 
outcome variables for the ex post power analysis, which was performed in the pre-experimental 
phase. After the experiment, I find only the outcome variables associated with these two 
variables. Correlation means that the descriptions of the variables are consistent, while the 
remaining eight variables were not described in the post-experimental period as expected in the 
pre-experimental period. 
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TABLE 2 
Main regression result for outcome variable “S7Q1” and “S8Q1c” 

 
 

Panel A : “S7Q1” 

 
 
 

Panel B : “S8Q1c” 

 
 

 
NOTE: All coefficients in the table are saved to three decimal places in this paper. The 
methodology and the variables used for the above estimates are clearly reflected in the Stata 
programme file provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “S7Q1”: 

# Input values 
MDE = c(0.09)  
DF  = (119) 
SE  = (0.032) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “S8Q1c”: 

# Input values 
MDE = c(0.08)  
DF  = (119) 
SE  = (0.029) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 6 

Evaluating the economic impacts of rural banking: Experimental 

evidence from southern India 
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1. Introduction 

This project studied the impact of Kshetriya Gramin Financial Services (KGFS). KGFS 

provides access to financial services in remote rural India. It began opening branches in 2010. 

The report sampled households in each new service area as they accessed services.  The 3ie 

project concluded that expanding rural households' access to formal financial products and 

services, while crowding out informal borrowing, had a positive impact on savings, people's 

business activities, and their ability to cope financially with health shocks. The report also 

found a positive treatment effect on wages. The main lesson from this report was that increased 

access to formal financial services appeared to have had a positive impact on poor households 

through income stabilization and increased financial security. 

2. Data 

The 3ie report uses data from two different survey components: 

• Household survey: Several members of each randomly selected household are 

interviewed in each study village. Data collected include: sources and uses of income, including 

business and cultivation activities; financial literacy and activity in loans, savings and insurance 

(formal and informal); health; well-being; social capital; female empowerment; and household 

structure. Importantly, data collected at the household level are aggregated at the village level 

to address the impact of financial access along dimensions such as wage rates. 

• Social network mapping survey: The full social network mapping survey was 

administered in a subset of villages from control and treatment service areas. The sample was 

composed of 102 treatment villages and 102 control villages. Within a selected village, we 

asked all households to name their contacts inside and outside their village. The exhaustive 

census we collected at the village level prior to surveying enables us to map social connections 

within each village. Information on outside contacts cannot be mapped since households can 

name households living in villages not included in our sample. The households were surveyed 
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at baseline (prior to the opening of the bank branch) and at endline (18 to 24 months after the 

opening of the branch). 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The main purpose of this 3ie report is to simulate the effect of increasing access to 

formal finance by opening KGFS bank branches in the service area. Given the use of pairwise 

matching in assigning randomisation as described earlier, the report controls for pairwise fixed 

effects. Therefore, the report uses the following difference-in-differences (DID) model to 

estimate outcome variables: 

 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼0𝑖𝑖 + 𝛼𝛼1𝑇𝑇𝑖𝑖 + 𝛼𝛼2𝐸𝐸𝑖𝑖 + 𝛼𝛼3𝜃𝜃𝑖𝑖 + 𝛽𝛽𝜃𝜃𝑖𝑖 ∗ 𝑇𝑇𝑖𝑖 + 𝛿𝛿𝑝𝑝𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 (1) 

In the regression above, i indexes the individual or household and k indexes the service 

area. 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 : A given outcome (for example, the amount of formal savings) for individual or household 

i in service area k for endline or baseline 𝜃𝜃. 

𝑇𝑇𝑖𝑖 :  The service area treatment dummy 

𝛼𝛼1 : The intent-to-treat effect 

𝐸𝐸𝑖𝑖 : Survey round dummies 

𝜃𝜃𝑖𝑖 : The endline or baseline indicator in service area k 

𝜃𝜃𝑖𝑖 ∗ 𝑇𝑇𝑖𝑖 : The interaction term 

𝛽𝛽 : The DID coefficient 

𝛿𝛿𝑝𝑝𝑖𝑖 : Paired fixed effect 

𝜀𝜀𝑖𝑖𝑖𝑖 : Error term  

Standard errors will be clustered at the level of randomization, for example, at the 

service area level. 
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In the 3ie report, in order to improve the precision of the estimation, the authors divide 

the estimation into those that do not include control variables and those that do. And in the 

same table, they compare the difference between adding control variables and not adding 

control variables. 

The basic set of control variables are: 

Basic demographic controls: {age, education, land ownership, caste, religion}  

Basic village level controls: {village size, distance to branch village} 

To explain heterogeneity in treatment results, the authors employ an extended set of 

controls, namely: 

Extended demographic controls: {risk aversion, experience of income shocks or health 

shocks, business ownership, number of children, gender of respondent} 

Extended village level controls: {road connectivity, distance to next factory, cost of 

travel to next city, number of financiers, number of moneylenders, average (agricultural and 

non- agricultural) wage level, share of land irrigated in village} 

 The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This 3ie report examines a large number of outcome variables, each of which has an ex 

ante power corresponding to it. The purpose of this analysis is to determine whether the ex post 

powers of the respective effects match their ex-ante calculations. As not all the effects are of 

interest, I focus on two variables that are central to the study’s analysis.  

The first variable is named Has Outstanding Formal Loan. This is a dummy variable. It 

equals 0 if households report having no loans or if household has loans but no formal loans. A 

loan is defined as “formal” if it is taken from a: Private Bank, NGO/MFI, Nationalized Bank, 
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PAC/Co-operative Bank, Self Help Group (SHG), Non-Banking Financial Corporation 

(NBFC). This variable equal 1 otherwise. 

The second variable is named Amount of Outstanding Formal Loan. It presents total 

borrowed amount of all formal loans taken by all households in the last 24 months. It is equal 

to 0 if no loans or no formal loans. 

The main reason I choose these two outcome variables for my analysis is that they 

represent the core of what this 3ie report is trying to study. Namely, whether KGFS have 

brought about a shift in borrowing patterns from informal to formal for these households in 

India.  

Another very important reason why I choose these two outcome variables is that when 

the authors give this 3ie report, there is an appendix for how to calculate the ex ante power of 

the experiment. In the section on how to calculate the ex ante power, the authors give the ex 

ante power for these two variables. As shown in TABLE 1, in the red box, the authors 

calculated the MDE and the ex ante power for these two variables.  

At the same time, the authors estimated regressions for these two variables in TABLE 

2 of the report. See TABLE 2, Column 1 and Column 5 (called Table 1 in the original study). 

I can calculate the ex post power from these regression results and compare them with the ex 

ante power reported in TABLE 1. 

5. MDE and ex ante power 

Researchers usually set the ex ante power before conducting an experiment and use this 

ex ante power to determine the minimum detectable effect (MDE). In this 3ie report, the 

researchers' estimates of MDE for different outcomes (in standard deviations) were calculated 

from the following Equation (2): 
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𝑀𝑀𝑀𝑀𝐸𝐸𝐸𝐸 ≈ 𝑀𝑀𝐽𝐽−𝐾𝐾(�𝜌𝜌𝑠𝑠𝑠𝑠(1 − 𝑟𝑟𝐶𝐶2)/𝑃𝑃(1 − 𝑃𝑃)𝐽𝐽 + (1 − 𝜌𝜌𝑠𝑠𝑠𝑠)(1 − 𝑟𝑟𝐼𝐼2)/𝑃𝑃(1 − 𝑃𝑃)𝑛𝑛𝐽𝐽)

∗ (1/(𝑐𝑐 − 𝑠𝑠)) 

(2) 

This equation come from Bloom (1995), Kremer (2007), Black (2005), and related 

publications. The first term, 𝑀𝑀𝐽𝐽−𝐾𝐾  is a multiplier determined by the chosen ex ante power, 

significance, and degrees of freedom for the hypothesis test. It is worth noting that the authors 

use the term “kappa” to denote the ex ante power.  

The authors of the 3ie study did not specify the exact size of the kappa in the report or 

its annexes. Based on the size of the M value of 2.85, I determined that kappa should be exactly 

80% at a significance level of 𝛼𝛼 = 0.05 if the degrees of freedom are calculated as 𝐽𝐽 − 𝐾𝐾 =

115. In other words, the ex ante power was set to 80% by the authors. 80% is the standard that 

researchers often set for ex ante power. 

The second term is the standard error of the estimator. This is a very long section 

because the actual situation the authors wanted to study included a situation where the 

experimental participants had a cluster situation, and the authors wanted to “describe” the real 

situation more closely before the experiment when the experimental and control groups were 

not equal in size, so many variables were added, which also made the formula very complex. 

And the third term accounts for imperfect compliance with the treatment assignments. The 

values or ranges for each parameter are presented below, with descriptions, where applicable, 

of how these values were estimated. The below values are estimated based on an updated 

sample size of 120 randomization units. 

 As there are too many parameters in the Equation (2), I will only select some important 

ones here to illustrate them. The following is an example extract from the report's ex ante power 

proposal: “ M=2.85,  𝑀𝑀𝐽𝐽−𝐾𝐾 is equal to the sum of the (two-tailed) critical values for a) a t-

distribution with probability of alpha and J-b-v-1 degrees of freedom, and b) a t-distribution 

with probability of kappa and J-b-v-1 degrees of freedom. The 2.85 value is calculated based 
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on 120 randomization units. J = 120, J is the number of randomization units (in this case, 

financial access service areas). K = 5, K is the number of village-level covariates to be included 

in regressions. N = 44, N is the number of individuals sampled per service area.  

Each survey area has a targeted population of roughly 10,000, from which a random 

sample of roughly 44 households was drawn. This resulted in an average of 44 sampled 

households per service area. We assume that we will typically include five covariates…𝜌𝜌 = [0, 

.023], mean = .002.  𝜌𝜌 is the intra-class correlation at the service area level. This parameter was 

estimated for a set of outcome variables based on the baseline and midline surveys. For each 

outcome, the authors ran ANOVA on pair-demeaned individual level economic and 

demographic variables from the baseline and midline survey. This method of generating 𝜌𝜌 

takes into account the correlation that is captured by the pairwise matching design used in the 

final analysis. 

From this example I can see that it is not easy to set and predict the parameters of an 

experiment. This also illustrates the potential unreliability of ex ante power. A large number of 

numbers and data structures need to be considered before the experiment. It requires very 

specific knowledge of the distribution of observations and the distribution of the error term, 

which is impossible to have without access to the data. Therefore, it will be of interest to see 

how these ex ante calculations with the actual, ex post power.  

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables on loans in their report (Page 17, Table 1).  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effects to estimate the DID model. Standard errors 

were clustered at the level of randomization, specifically, at the service area level. To be 
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consistent with the way the authors estimated their regressions, I also use fixed effects for 

estimation and cluster standard errors at the level of randomization. TABLE 3 reports my 

reproduction of the 3ie report. 

In TABLE 3, for outcome variable Has Outstanding Formal Loan, after reproduction, 

the results match those in the original 3ie report. In Panel A, I do not include the control 

variables. The standard error of the estimate is 0.01, and the mean value of control group is 

0.67. In Panel B, if I add control variables, the standard error of the estimate is still 0.01, and 

the mean value of control group is still 0.67. For outcome variable Amount of Outstanding 

Formal Loan, after reproduction, the results again match those in the original 3ie report. In 

Panel A, the standard error of the estimate is 2262.3, and the mean value of control group is 

56443.38. In Panel B, if I add control variables, the standard error of the estimate is 2238.9, 

and the mean value of control group is still 56443.38. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

In the previous chapter, I presented evidence that the SE-ES method is best method to 

use for calculating ex post power. This is because SE-ES is not only more concise and requires 

less computational time than the other methods (BLW1, BLW2, and Wild Cluster), but is also 

more effective. Equation (3) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (3) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error of minimum detectable effect size 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 
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t
power，𝑣𝑣

 : The critical t-value for ex post power 

From TABLE 2, I know the MDE for the outcome variable Has Outstanding Formal 

Loan (dummy) is 6.94% of the mean value of control group. I note that the reason why the 

MDE of 120 groups was chosen instead of 160 groups is that the authors, in the description of 

the statistical power calculation, indicated they present these estimates for both the original 

proposed size of 160 service areas, and for a reduced sample size of 120 service areas, based 

on empirical data from their own study. In fact, after obtaining the data for analysis, the number 

of clusters is 101. Therefore, the MDE obtained using 120 groups is closer to the true number 

of clusters. Therefore, I choose MDE as 6.94% of the mean value of the control group for my 

subsequent analysis. 

The MDE for the outcome variable Has Outstanding Formal Loan (dummy) 

is 6.94% × 0.67 = 0.046498. If I put this MDE into equation (3), then t
power，𝑣𝑣

= 0.046498
0.01

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 101 − 1 = 100. It is worth noting that in previous chapters I 

have shown that the estimator used in the ES-SE method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 100. This is because there are N clusters in the dataset that 

the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

So, the ex post power of outcome variable Has Outstanding Formal Loan (dummy) of 

99.5% at an effect size equal to the MDE set by the original authors. This is the result obtained 

without adding control variables (Panel A). If control variables are added (Panel B), the ex post 

power of outcome variable Has Outstanding Formal Loan (dummy) is still 99.5% because in 

Panel B the values are all the same to Panel A. 
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The MDE for outcome variable Amount of Outstanding Formal Loans (Rs.) 

is 13.89% × 56443.38 = 7839.98. If I put this MDE into equation (3), then t
power，𝑣𝑣

=

7839.98
2262.3

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 101 − 1 = 100. So, the ex post power of outcome 

variable Amount of Outstanding Formal Loans (Rs.) is 92.9%. This is the result obtained 

without adding control variables (Panel A). If control variables added (Panel B), then  

t
power，𝑣𝑣

= 7839.98
2238.9

− t1−α2 ,𝑣𝑣. the ex post power of outcome variable Amount of Outstanding 

Formal Loans (Rs.) is 93.4%.  

The above calculations have been programmed in R and are attached to the paper, which 

also gives a direct result of the calculations. 

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 6, the ex ante power is set to 80%. By focusing on 

the two most central variables, after analysis, the ex post power of outcome variable Has 

Outstanding Formal Loan is 99.5% (whether add control variables or not). The ex post power 

of outcome variable Amount of Outstanding Formal Loans is 92.9% without control variables. 

If the control variables are added, the ex post power of outcome variable Amount of 

Outstanding Formal Loans is 93.4%. The ex post power for both of these main variables 

exceeded the target of 80%. Therefore, we can be confident that the empirical analysis that was 

actually conducted had sufficient power to identify the effect sizes represented by the MDE in 

the original study.  
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TABLE 1 
Minimum detectable effect (MDE) in percentage of control group mean 

 

 

NOTE: This table is in 3ie report Power Calculation Appendix (Table1). There are two main 
outcome variables: Has Outstanding Formal Loan regression and Amount of Outstanding 
Formal Loan regression results.  
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TABLE 2 
First-stage effects on formal and informal loans 

 

 

NOTE: This table is in 3ie report (Page 17, Table1). Column 1 shows the outcome variable 
Has Outstanding Formal Loan regression results. Column 5 shows the outcome variable 
Amount of Outstanding Formal Loan regression results.  
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TABLE 3 
Reproduction of Main Outcomes Results  

 

𝑽𝑽𝑩𝑩𝑷𝑷𝒊𝒊𝑩𝑩𝑽𝑽𝑽𝑽𝒆𝒆𝒔𝒔 
P(Formal 

Loan 
Outstanding) 

Reproduction 
Formal 

Borrowed 
Amount 

Reproduction 

Panel A 
(Without Household Controls) 

Treated 
coefficient 0.05 0.05 7038.7 7038.7 

Standard Error 0.01 0.01 2262.3 2262.3 
The mean value of 

Control Group 0.67 0.67 56443.38 56443.38 

N 4158 4158 4156 4156 
Panel B 

(With Household Controls) 
Treated 

coefficient 0.05 0.05 7206.5 7206.5 

Standard Error 0.01 0.01 2238.9 2238.9 
The mean value of 

Control Group 0.67 0.67 56443.38 56443.38 

N 4158 4158 4156 4156 
 
NOTE: In the 3ie report, the authors report outcome variables on loans in their report (Page 17, 
Table 1).  
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CODE SOURCE 
 

1. Ex post power calculation for outcome variable Has Outstanding Formal Loan: 

# Input values 
MDE = c(0.0694*0.67)  
DF  = (100) 
SE  = (0.01) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable Amount of Outstanding Formal Loan: 

# Input values 
MDE = c(0.1389*56443.38)  
DF  = (100) 
SE  = (2262.3)##SE  = (2238.9) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 7 

The 5 Star Toilet Campaign——Improving toilet use in rural 

Gujarat 
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1. Introduction 

Over the last four decades, the Indian government has worked to improve toilet 

coverage. 2014 saw the launch of the Swachh Bharat Mission (SBM), a nation-wide program 

to promote toilet construction in rural areas and encourage households to use them. A major 

initiative of the SBM was the Five Star Toilet Campaign, which was aimed at modifying 

household toilet behavior. This 3ie project studied the impact of the Five Star Toilet Campaign 

in Bhavnagar, Gujarat. 

2. Data 

The study was a cluster randomised trial with 94 blocks in the designated blocks 

(Mahuva, Talaja, and Palitana) in Bhavnagar, Gujarat (47 blocks each in the treatment and 

control groups). The home served as the trial's primary unit of analysis. The proportion of 

households reporting toilet usage by all household members was the outcome of interest (30 

households in each group were assessed). This was assessed using self-reported or proxy-

reported questionnaires, as well as a physical activity survey six weeks after the intervention 

was adopted to hide open defecation difficulties. 

The endline study included (1) a physical activity survey in 30 households in 94 

communities with two members per household, (2) a questionnaire in 30 households in 94 

communities to capture toilet use, and (3) process data collection from four communities (2 per 

study group) during and after intervention delivery to evaluate campaign implementation. 

The dataset is in the form of a Stata dataset, which contains all the experimental data 

used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡𝑠𝑠 = 𝛽𝛽0 + 𝛽𝛽1 Treat 𝑗𝑗 + 𝛽𝛽2 Post 𝑡𝑡 + 𝛽𝛽3� Post 𝑡𝑡 ∗  Treat 𝑗𝑗� + 𝛽𝛽4𝑋𝑋𝑖𝑖 + 𝛽𝛽5 Strata 𝑠𝑠 + 𝑒𝑒ℎ𝑗𝑗𝑡𝑡 (1) 
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𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡𝑠𝑠 : The outcome of interest for household i at time t in village j and  Strata 𝑠𝑠 

Treat 𝑗𝑗  :  The dummy variable captures the differences between the treatment and control 

groups, equalling ‘1’ if households belong to a treatment group 

 Post 𝑡𝑡 : The endline or baseline indicator. It equals ‘1’ if the time period is endline, or it equals 

to ‘0’ 

 Post 𝑡𝑡 ∗  Treat 𝑗𝑗  : The interaction term, it represents the observations that received the 

intervention (i.e. treatment group) by the end of the intervention; this is the difference-in-

differences estimator 

𝛽𝛽3 : The DID coefficient 

𝑋𝑋𝑖𝑖 : A vector of household- and individual-level characteristics, which include: the education 

level, religion, caste and sex of the household head; the household’s poverty line status; the 

share of individuals within the household who work in agriculture, and the share of disabled 

members within the household; and water availability, as well as indices capturing toilet 

infrastructure, use and barriers to use 

Strata 𝑠𝑠  : It refers to district-specific fixed effects 

𝑒𝑒ℎ𝑗𝑗𝑡𝑡 : Error term  

To account for cluster randomisation at the village level, the authors have used the 

cluster robust standard error. The methodology and the variables used for the above estimates 

are clearly reflected in the Stata programme file provided by 3ie. 

4. Outcomes 

This report examines many outcome variables. The outcomes of interest are, for 

example, toilet use, receipt of information on pit-filling rates, correct knowledge of pit-filling 

rates, aversion to pit emptying, expenditure on maintenance and repair of latrines, clogging of 

squatting pan, and availability of water container etc. 

However, the authors explicitly state that the outcome variable of primary interest is 
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“Use of toilet by all household members in households where latrine is in apparent use”. For 

ease of presentation, this is referred to as “Use of toilet”. Therefore, based on the accounts of 

the authors of the report, I chose this variable to calculate the ex post power. 

5. Ex ante power and MDE 

In this report, the researchers set the ex ante power to 80% and determined the minimum 

detectable effect (MDE) based on this ex ante power. In the Proposal of the original report, the 

authors write: “Based on STATA’s sampsi command: sampsi 0.82 0.89, p(0.8) to obtain the 

sample size needed to detect a 7 percent detect a difference of 7% between intervention and 

control arm”. 

 This command is one of the more commonly used Stata functions to calculate sample 

size for the experiment. It contains several parameters, which I will explain in detail. In this 

command, 0.82 and 0.89 represent the mean values for control group and treatment group are 

82% and 89% It also represents the increase should be 7%. And p(0.8) represents the ex ante 

power is set to 80%. 

It is worth noting that since the outcome variable is percentage points, it is calculated 

as a percentage of the number of people who answered “used toilet” within a cluster. Therefore, 

7% increase should be used as MDE directly as percentage points. This can be interpreted as 

meaning that in the treatment group, the percentage of people who answered “used toilet” was 

7% higher than the percentage of people who answered " used toilet" in the control group. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 

authors report the main outcome variable in the report (Page 41, Table 13). As shown in 

TABLE 1, the third row, circled in red, are the results that I need to reproduce.  
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The authors used the DID model, for which the PD (prevalence difference) was found 

to be 7% by regression, and this result can be seen as the coefficient of the DID model for the 

outcome variable of 0.07. However, the authors did not mention the cluster robust standard 

error in their report. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used DID model. Standard errors were clustered at the level of 

randomization, specifically, at the village level. To be consistent with the way the authors 

estimated their regressions, I also use cluster standard errors at the level of village. TABLE 2 

reports my reproduction of the 3ie report. 

In TABLE 2, for the main outcome variable “Use of toilet”, after reproduction, the 

regression coefficient of the interaction term of time and treatment matches the coefficient 0.07 

in the original 3ie report. It is worth noting that this is a regression of 7% and the size of the 

MDE is also 7% - they are just about equal in size, but they express completely different 

meanings. The cluster robust standard error of DID is 0.028 from my reproduction.  And there 

are totally 94 clusters in the regression. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error in DID regression 
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t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error of DID from “Use of toilet” regression is 0.028. If I 

put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.07 and the standard error of DID into Equation (2), then t
power，𝑣𝑣

= 0.07
0.028

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 94 − 1 = 93. It is worth noting that in previous chapters I have 

shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 94 − 1 = 93. This is because there are J=94 clusters in 

the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. Based on the above, I calculate 

an ex post power of 69.6% for outcome variable “Use of toilet”.  

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 7, the ex ante power was set to 80%. By focusing 

on the most important variable, after analysis, the ex post powers for treatment effects in the 

“Use of toilet” regression is 69.6%. This ex post power is less than 80% of the set ex ante 

power, but the difference is not substantial.  

The number of clusters designed by the authors was 45 clusters each for the treatment 

group and the control group, with a total of 90 clusters. After the experiment, the total number 

of clusters was 94, so the number of clusters was not the reason for the lack of power. I use the 
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Stata command  kappaetc toilet UID , icc (random) i( villname ) to get ICC of outcome 

variable “Use of toilet”. The ICC is 0.2. The ICC size designed by the authors is 0.07. Therefore, 

I assume that the actual ICC is large after the experiment is the reason why the ex post power 

is lower than the ex ante power. 
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TABLE 1 
Mean results of the regression for outcome variable “Use of toilet” 

 
 
 

NOTE: The table is taken from Table 13 of the original report (Page 41). The authors used 
Generalized Estimating Equations, or GEE to run the DID regression with function: 
Gaussian, link: identity, and clustering at the village level.  
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables Use of toilet Reproduction 

Interaction of time and 
treatment 

0.07 
/ 

0.07 
[se=0.028] 

Sample Size (Clusters) 94 94 
 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 

Ex post power calculation for outcome variable “Use of toilet”: 

# Input values 
MDE = c(0.07)  
DF  = (93) 
SE  = (0.028) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 8 

Improving households’ attitudes and behaviors to increase toilet 

use in Bihar, India 
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1. Introduction 

This 3ie project studied the impact of an intervention designed to change attitudes and 

behavior towards toilet use in rural Bihar, India. The broader context of the study was the 

Swachh Bharat Mission's attempt to promote latrine construction and its associated lobbying 

activities to encourage latrine use. The study was conducted between November 2016 and May 

2017. While physical barriers like inadequate toilet design and water scarcity are important 

factors impeding latrine use, the treatments studied were aimed at changing behaviors. The 

study identified barriers to latrine use such as misconceptions about the speed of filling the 

latrine (which discouraged use) and aversion to emptying the contents of the latrine. Other 

factors inhibiting latrine use are social customs associated with open defecation and lack of 

appreciation of the benefits of latrine use.  

2. Data 

Data were gathered from roughly 1100 families at the beginning and end of the study. 

An study of difference in differences (DID) was performed to estimate the impact. A process 

evaluation at the midpoint and a qualitative assessment at the endpoint were also carried out. 

These assessments gave a thorough picture of the treatments' success, as well as reasons for 

change (or lack thereof) and significant implementation lessons. 

To establish a representative sample of interviewed homes, a three-stage sampling 

process was adopted.  

1. Village selection: Using simple random sampling, treatment and control villages 

were chosen from a list of all villages with World Vision India (WVI). For both the 

baseline and endline surveys, 44 treatment villages and 44 control villages were 

chosen as panel data collecting locations. 

2. Ward selection: 45 treatment wards and 45 control wards were chosen at random 

from a list of all wards in randomly selected treatment (and control) villages, using 



321 
 

a probability proportional to size sampling approach. The relatively large 

constituency were divided into smaller parts prior to sampling. Smaller wards 

within the selected wards were joined with neighbouring unselected wards to ensure 

that each survey group had about 30 eligible homes. In the absence of relevant 

constituencies, two treatment areas with less than 30 eligible households and two 

control areas with fewer than 30 eligible households were merged. This procedure 

yielded 44 treatment villages and 44 control villages. In the instance of combined 

treatment regions, WVI executed the intervention in the larger combined area.  

3. Household selection: Eligible households in the designated districts were identified 

using a complete household list. Simple random selection was used to identify and 

interview twelve homes (plus a replacement sample of five households) from each 

cohort. 

The dataset is in the form of a Stata dataset, which contains all the experimental data 

used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡𝑠𝑠 = 𝛽𝛽0 + 𝛽𝛽1 Treat 𝑗𝑗 + 𝛽𝛽2 Post 𝑡𝑡 + 𝛽𝛽3� Post 𝑡𝑡 ∗  Treat 𝑗𝑗� + 𝛽𝛽4𝑋𝑋𝑖𝑖 + 𝛽𝛽5 Strata 𝑠𝑠 + 𝑒𝑒ℎ𝑗𝑗𝑡𝑡 (1) 

𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡𝑠𝑠 : The outcome of interest for household i at time t in village j and  Strata 𝑠𝑠 

Treat 𝑗𝑗  :  The dummy variable captures the differences between the treatment and control 

groups, equalling ‘1’ if households belong to a treatment group 

Post 𝑡𝑡 : The endline or baseline indicator. It equals ‘1’ if the time period is endline, or it equals 

to ‘0’ 
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 Post 𝑡𝑡 ∗  Treat 𝑗𝑗  : The interaction term, it represents the observations that received the 

intervention (for example,  treatment group) by the end of the intervention; this is the 

difference-in-differences estimator 

𝛽𝛽3 : The DID coefficient 

𝑋𝑋𝑖𝑖 : A vector of household- and individual-level characteristics, which include: the education 

level, religion, caste and sex of the household head; the household’s poverty line status; the 

share of individuals within the household who work in agriculture, and the share of disabled 

members within the household; and water availability, as well as indices capturing toilet 

infrastructure, use and barriers to use 

Strata 𝑠𝑠  : It refers to district-specific fixed effects 

𝑒𝑒ℎ𝑗𝑗𝑡𝑡 : Error term  

To account for cluster randomisation at the village level, the authors have used the 

cluster robust standard error. The methodology and the variables used for the above estimates 

are clearly reflected in the Stata programme file provided by 3ie. 

4. Outcomes 

The following were the outcomes of concern: toilet usage, receipt of information on 

the rate of landfill of toilets, correct understanding of the rate of landfill of toilets, aversion to 

emptying toilets, and expenditure on toilet maintenance and repair. This report's five major 

areas of concern are as follows. The use of toilets is the most significant factor. 

For the main aspect of toilet use, the authors describe three different outcome 

variables in the report and analyse these three different outcome variables. Therefore, I will 

choose these three variables for the ex post power calculation at the same time. The three 

outcome variables are: “ Latrines used usually”, “Latrine used the last time for defecation” 

and “Latrine used the last 3 times for defecation”.  

5. Ex ante power and MDE 
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In this report, the researchers set the ex ante power to 80% and determined the minimum 

detectable effect (MDE) based on this ex ante power.  

For the MDE of the outcome variable, the authors of the report describe it in the 

proposal as follows: “Latrine use is difficult to measure. Most existing measures are likely 

biased upwards. However, since the Minimum Detectable Effect (MDE) is directly 

proportional related to the baseline level of the relevant outcome (a smaller proportion of 

people who use latrines at baseline will imply a smaller MDE), the current estimate is 10%”. 

It is worth noting that since the outcome variable is percentage points, it is calculated 

as a percentage of the number of people who answered “used toilet” within treatment or control 

groups. Therefore, 10% increase should be used as MDE directly as percentage points. This 

can be interpreted as meaning that in the treatment group, the percentage of people who 

answered “used toilet” was 10% higher than the percentage of people who answered "used 

toilet" in the control group. For the three different outcome variables “Latrines used usually”, 

“Latrine used the last time for defecation” and “Latrine used the last 3 times for defecation”, 

the authors of the report do not distinguish between their different MDEs, so I will choose an 

MDE equal to 10% for these three outcome variables. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 

authors report the main outcome variables in the report (Page 39, Table 12). As shown in 

TABLE 1, the column, circled in red, are the results that I need to reproduce.  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

at the village level. To be consistent with the way the authors estimated their regressions, I also 
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use cluster standard errors at the level of the village. TABLE 2 reports my reproduction of the 

3ie report. 

In TABLE 2, for outcome variable “Latrines used usually”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 0.0486. For 

outcome variable “Latrine used the last time for defecation”, after reproduction, the results also 

match those in the original 3ie report. The cluster robust standard error is 0.0371. For outcome 

variable “Latrine used the last 3 times for defecation”, after reproduction, the results also match 

those in the original 3ie report. The cluster robust standard error is 0.0411. 

It is worth noting that the description of the MDE in the report authors' proposal is 

closer to the individual effect, and here I have also chosen Column 2 in TABLE 1 for the 

reproduction. The results in Column 2 are the results of the individual effect. It is defined as 

the proportion of members aged five years and over within each household who use toilets.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 
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The cluster robust standard error from outcome variable “Latrines used usually” is 

0.0486. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 and the cluster robust standard error into Equation (2), then 

t
power，𝑣𝑣

= 0.1
0.0486

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 48 − 1 = 47. It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 48 − 1 = 47. This is because there are 

J=48 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. In addition, 

the 48 clusters are the result of regression, which is different from the 44 clusters stated in the 

author's design, but I still use the number of clusters obtained in the regression. 

Based on the above, I calculate an ex post power of 51.8% for outcome variable 

“Latrines used usually”. 

For the other outcome variable, “Latrine used the last time for defecation”, the cluster 

robust standard error from  regression is 0.0371.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 into Equation (2), 

then t
power，𝑣𝑣

= 0.1
0.0371

− t1−α2,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 47. So, the ex post power is 75.1% 

for “Latrine used the last time for defecation”. 

For the third outcome variable, “Latrine used the last 3 times for defecation”, the cluster 

robust standard error from  regression is 0.0411.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 into Equation (2), 

then t
power，𝑣𝑣

= 0.1
0.0411

− t1−α2,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 47. So, the ex post power is 66.2% 

for “Latrine used the last 3 times for defecation”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  
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8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 8, the ex ante power was set to 80%. By focusing 

on the three most central variables, after analysis, the ex post powers for treatment effects in 

the “Latrines used usually” regressions are 51.8%. The ex post powers for the treatment effects 

in the “Latrine used the last time for defecation” is 75.1%. The ex post powers for the treatment 

effects in the “Latrine used the last 3 times for defecation” is 66.2%. I can say that the ex post 

power of the three outcome variables on the main aspect of toilet use is close to 80% of the ex 

ante power, but there is a difference. 

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-

life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 

 In the proposal of the report, the researchers stated a predicted ICC of 0.2. After the 

experiment, I used the Stata command kappaetc new_usual_od_hh/ 

new_lasttime_latrine_hh/ new_last3times_latrine_hh , icc (random) i( vill ) to test ICCs on 

each of these variables. As a result, I found that for variable “Latrines used usually”, the ICC 

is 0.50, and for variable “Latrine used the last time for defecation”, the ICC is 0.41. And for 

variable “Latrine used the last 3 times for defecation”, the ICC is 0.39. The ICCs obtained after 
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the experiments are large than designed ICC 0.2, which is part of the reason why the ex post 

power is lower than the ex ante power. In addition, the authors of the report designed the 

experiment with 40 clusters in each arm, which means that a total of 80 clusters were needed 

for the treatment and control groups. However, there were only 48 clusters in total after the 

experiment, so the insufficient number of clusters was also partly responsible for the low ex 

post power. 
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TABLE 1 
 Results of the regression for 3 main outcome variables  

  
 
 

NOTE: The table is taken from Table 12 of the original report (Page 39). ITT = intention-to-
treat. In fact, this is the DID result reported by the authors. Standard errors clustered at the 
village level reported in parentheses. The results in Column 2 are the results of the individual 
effect. It is defined as the proportion of members aged five years and over within each 
household who use toilets. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables 
Latrines 

used 
usually 

Reproduct
ion 

Latrine 
used the 

last time for 
defecation 

Reproduct
ion 

Latrine 
used the 

last 3 
times for 

defecation 

Reproduc
tion 

Coefficient -0.0262 -0.0262 0.00145 0.00145 -0.00191 -0.00191 

Standard error 0.0486 0.0486 0.0371 0.0371 0.0411 0.0411 

Observations 2131 2131 2131 2131 2131 2131 
 
NOTE: All coefficients in the table are saved to five decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Latrines used usually”: 

# Input values 
MDE = c(0.1)  
DF  = (47) 
SE  = (0.0486) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Latrine used the last time for defecation”: 

# Input values 
MDE = c(0.1)  
DF  = (47) 
SE  = (0.0371) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

3. Ex post power calculation for outcome variable “Latrine used the last 3 times for defecation”: 

# Input values 
MDE = c(0.1)  
DF  = (47) 
SE  = (0.0411) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 9 

Impacts of low-cost interventions to improve latrine use and safe 

disposal of child faeces in rural Odisha, India 

 

 

 

 

 

 

 

 

 

 



332 
 

1. Introduction 

Over the last several decades, the Indian government has undertaken a number 

initiatives aimed at improving sanitation in rural areas of the country. In 1986, the government 

launched the Central Rural Sanitation Programme (CRSP), India's first large-scale national 

sanitation programme. CRSP provided subsidies to rural households below the poverty line to 

install latrines. In 1999, the CRSP expanded into a full-fledged sanitation campaign with a new 

focus on community mobilization and information, education and communication efforts. This 

3ie project reports the results of a randomised controlled trial designed to evaluate this 

intervention. The results of the study showed that interventions aimed at changing behavior 

can have an impact. Importantly, the project estimated that the intervention resulted in an 

increase of over 20% in safe fecal disposal for children. Prior to the intervention, safe fecal 

disposal practices were not common in rural India. 

2. Data 

All families that had a toilet (regardless of operation) were eligible to participate. Data 

on the most recent defection event for all permanent household members were sought within 

homes. This resulted in the enrolment of 3,972 homes with latrines (control = 2,045, 

intervention = 1,927) and a total baseline sample of 16,880 persons aged five and above 

(control = 8,654, intervention = 8,226). 

Six villages were purposefully chosen from among the 72 eligible villages. They are 

three pairs of communities from three separate blocks that are only one kilometre apart. 

Because of their close proximity, they were deemed unsuitable for the main experiment due to 

probable spillover effects. The experiment was carried out in the remaining 66 villages.  

Within each pair, one village was designated as the intervention village and the other 

as the control village. Although the closeness was not optimal for the overall trial activities, it 

did allow for a qualitative assessment of whether or not spillover effects occurred in the control 
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villages. Because one of the chosen villages got mistakenly involved in the pilot programme, 

a new village had to be chosen. 

The dataset is in the form of a Stata dataset, which contains all the experimental data 

used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model is 

Equation (1): 

 
post − intervention latrine use = 𝛽𝛽0 + 𝛽𝛽1(treatment  assignment � + 𝛽𝛽2( time ) + 𝛽𝛽3( time 
∗ treatment ) + 𝛽𝛽4( age ) + 𝛽𝛽5( sex ) + 𝛽𝛽6( male educational attainment ) + 𝛽𝛽7 (female 
educational attainment) + 𝛽𝛽8 (household size) +𝛽𝛽9 (household socio-economic status) 

(1) 

- post − intervention latrine use : The outcome of interest  

-treatment𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖𝑎𝑎𝑛𝑛𝑚𝑚𝑒𝑒𝑛𝑛𝑡𝑡 :  The dummy variable captures the differences between the treatment 

and control groups, equaling ‘1’ if households belong to a treatment group 

-time : The endline or baseline indicator. It equals ‘1’ if the time period is endline, or it equals 

to ‘0’  

- time ∗ treatment : The interaction term, it represents the observations that received the 

intervention (for example,  treatment group) by the end of the intervention;  

- 𝛽𝛽3 : The DID coefficient 

- age, sex, male educational attainment, female educational attainment, household size , 

and household socio-economic status : All of these are control variables 

To account for cluster randomisation at the village level, the authors have used the 

cluster robust standard error. The methodology and the variables used for the above estimates 

are clearly reflected in the Stata programme file provided by 3ie. 

4. Outcomes 

In this report, the authors state directly in the regression model that the variable of 

greatest interest is “latrine use”. This is a dummy variable, where all respondents, only answer, 
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yes or no. The authors of the report calculated the proportion of respondents who answered yes 

in the treatment and control groups. 

I will choose this outcome variable for the calculation of the ex post power. 

5. Ex ante power and MDE 

In this report, the researchers set the ex ante power to 80% and determined the minimum 

detectable effect (MDE) based on this ex ante power.  

In TABLE 1, the authors of the report present a table of the MDE results and in the red 

box of the table I can clearly see that the authors have set an ex ante power beta of 80% and 

have determined the size of the MDE to be 10%. 

It is worth noting that since the outcome variable is percentage points, it is calculated 

as a percentage of the number of people who answered “YES” for the latrine use within the 

treatment group or the control group. Therefore, 10% increase should be used as MDE directly 

as percentage points. This can be interpreted as meaning that in the treatment group, the 

percentage of people who answered “YES” was 10 percentage points higher than the 

percentage of people who answered "YES" in the control group.  

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 

authors report the main outcome variable in the report (Page 46, Table 16). As shown in 

TABLE 2, the column, circled in red, are the results that I need to reproduce.  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

at the village level. To be consistent with the way the authors estimated their regressions, I also 

use cluster standard errors at the level of the village. TABLE 3 reports my reproduction of the 

3ie report. 
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In TABLE 3, for outcome variable “latrine use”, after reproduction, the results match 

those in the original 3ie report. The cluster robust standard error is 0.02.  These is the value I 

need to calculate the ex post power, so it is important to make sure it is accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “latrine use” is 0.02. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

= 0.1
0.02

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 66 − 1 = 65. It is worth noting that in previous chapters I have 

shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 66 − 1 = 65. This is because there are J=66 clusters in 

the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1.  

Based on the above, I calculate an ex post power of 99.8% for outcome variable “latrine 

use”. 
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The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 9, the ex ante power was set to 80%. By focusing 

on the three most central variables, after analysis, the ex post power for treatment effects in the 

“latrine use” regressions are 99.8%. This ex post power exceeds the ex ante power and meets 

the author's design. I think this is a relatively high power . The authors of the report designed 

the number of clusters in the report proposal to be 31 for each of the treatment and control 

groups. In the actual data, there were total 66 clusters. 
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TABLE 1 
The settings of Ex ante power and MDE 
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TABLE 2 
Result of the regression for the main outcome variable  

  

 
 

NOTE: The table is taken from Table 16 of the original report (Page 46).  
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TABLE 3 
Reproduction of Main Outcomes Results  

 

Variables Latrine use Reproduction 

Coefficient 0.06 0.06 

Standard Error 0.02 0.02 
 
NOTE: All coefficients in the table are saved to five decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “latrine use”: 

# Input values 
MDE = c(0.1)  
DF  = (65) 
SE  = (0.02) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 10 

Promoting latrine use in rural Karnataka using the risks, attitudes, 

norms, abilities and self-regulation (RANAS) approach 
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1. Introduction 

This project reports the result of an intervention to encourage latrine use in Raichur 

district, Karnataka, India. The researchers used the Risk, Attitude, Norms, Ability and Self-

Regulation (RANAS) approach to design strategies to change behaviors associated with toilet 

use among the target population. To evaluate the campaign, the researchers used a cluster 

randomised experiment consisting of an intervention group and a control group. The study 

found that the treatment resulted in a statistically significant increase in latrine use of 

approximately 5%. On the other hand, the study reported an insignificant effect on the safe 

disposal of children's feces.  

2. Data 

The census survey had 32,172 households on the list. Of these homes, 21% (6,868) had 

access to latrines and were thus eligible for the research. Following the baseline, ten villages 

were eliminated from the research because self-reported latrine usage was 99 percent or above. 

As a result, the total sample size for the impact evaluation was 2,169 people from 110 villages.  

Participants in homes were chosen as follows: 

- Choose all members of the family who are 18 or older 

- Using Microsoft Excel's RAND function, each household member was issued a 

random number between 0 and 1 

- Within each home, sort the members by random number and choose the first member 

as the primary respondent for the household visit 

- choose the next family member in the random sequence as the backup member 

The qualitative research sample (conducted after the intervention) served as a sub-

sample of participants for the endpoint. Three and two villages from the control and treatment 

groups, respectively, were chosen because the endpoints revealed a significant increase in toilet 

usage. In addition, a control community with a significant decrease in toilet usage was chosen. 
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The dataset is in the form of a Stata dataset, which contains all the experimental data 

used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗 = �𝑝𝑝0 + 𝑐𝑐0𝑗𝑗� + 𝑝𝑝1𝑋𝑋𝑖𝑖𝑗𝑗 + 𝑝𝑝2𝑍𝑍𝑖𝑖𝑗𝑗 + 𝑝𝑝3𝑍𝑍𝑖𝑖𝑗𝑗  ∗𝑋𝑋𝑖𝑖𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑗𝑗 (1) 

 

𝑌𝑌𝑖𝑖𝑗𝑗 : change in outcome for household i, in village j 

𝑝𝑝0 : fixed intercept 

𝑐𝑐0𝑗𝑗 ∶ deviation from fixed intercept in village j 

𝑋𝑋𝑖𝑖𝑗𝑗 :  The dummy variable captures the differences between the treatment and control groups, 

equaling ‘1’ if households belong to a treatment group 

𝑍𝑍𝑖𝑖𝑗𝑗 : The endline or baseline indicator. It equals ‘1’ if the time period is endline, or it equals to 

‘0’ 

 𝑍𝑍𝑖𝑖𝑗𝑗  ∗𝑋𝑋𝑖𝑖𝑗𝑗 : The interaction term, it represents the observations that received the intervention (for 

example,  treatment group) by the end of the intervention; this is the difference-in-differences 

estimator 

𝑝𝑝3 : The DID coefficient 

𝜀𝜀𝑖𝑖𝑗𝑗 : Error term for household i, in village j 

To account for cluster randomisation at the village level, the authors have used the 

cluster robust standard error.  

The methodology and the variables used for the above estimates are clearly reflected in 

the SPSS programme file provided by 3ie. 

4. Outcomes 

This report examines a number of outcome variables, for example, Latrine use 
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household , Safe child faeces, Handwashing facility , Health Knowledge , Attitudes to health, 

Others behaviour  etc. 

For the main aspect of Latrine use, the authors describe two different outcome 

variables in the report and analyse these two different outcome variables. Therefore, I will 

choose these two variables for the ex post power calculation at the same time. The three 

outcome variables are: “ Latrine use household” and “Safe child faeces”. Both outcome 

variables are presented as percentages.  

5. Ex ante power and MDE 

In this report, the researchers set the ex ante power to 80% and determined the minimum 

detectable effect (MDE) based on this ex ante power.  

For the ex ante power and MDE of the outcome variable, the authors of the report 

describe them in the proposal as follows: “ Level of beta: 0.8: Statistical power greater than .8 

is generally recommended in social science experiments; Intra-cluster correlation coefficient: 

0.25; Expected effect size or minimum detectable effect: 10%; This yielded  a sample size of 

2400 households across 120 villages”. 

It is worth noting that the two outcome variables are measured in percentage points. 

They are calculated as a percentage of the number of people who answered “yes to use latrine 

or have safe child faeces” within treatment or control groups. Therefore, 10% increase should 

be used as MDE directly as percentage points. This can be interpreted as meaning that in the 

treatment group, the percentage of people who answered “yes to use latrine or have safe child 

faeces” was 10 percentage points higher than the percentage of people who answered "yes to 

use latrine or have safe child faeces" in the control group. I will choose an MDE equal to 10% 

for these two outcome variables. 
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6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 

authors report the main outcome variables in the report (Page 27, Table 11). As shown in 

TABLE 1, the column, circled in red, are the results that I need to reproduce. The authors 

reported only the coefficients of the DID, but not the standard error of the DID. Also, the 

coefficient in the table reported by the authors, for example 4.55, should be interpreted as 

4.55%. 

Since 3ie provides all the data used, I was able to reproduce the results exactly. To be 

consistent with the way the authors estimated their regressions, I also use cluster standard errors 

at the level of the village. It is worth noting that the authors used SPSS to conduct the analysis. 

I converted their SPSS files into Stata data and the corresponding Stata commands for the 

analysis. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for outcome variable “Latrine use household”, after reproduction, the 

coefficient matches it in the original 3ie report. The cluster robust standard error is 0.0408 

(4.08%). For outcome variable “Safe child faeces”, after reproduction, the results also match 

those in the original 3ie report. The cluster robust standard error is 0.0330 (3.30%).  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  



346 
 

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Latrine use household” is 

0.0408. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 and the cluster robust standard error into Equation (2), then 

t
power，𝑣𝑣

= 0.1
0.0408

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 110 − 1 = 109. It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 110 − 1 = 109. This is because there are 

J=110 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1.  

Based on the above, I calculate an ex post power of 68% for outcome variable “Latrine 

use household”. 

For the other outcome variable, “Safe child faeces”, the cluster robust standard error 

from  regression is 0.0330.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 into Equation (2), then t
power，𝑣𝑣

=

0.1
0.0330

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 109. So, the ex post power is 85.1% for “Safe child 

faeces”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 10, the ex ante power was set to 80%. By focusing 
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on the two most central variables, after analysis, the ex post powers for treatment effects in the 

“Latrine use household” regressions are 68%. The ex post powers for the treatment effects in 

the “Safe child faeces” is 85.1%.  

For the first variable, the ex post power is less than 80%, but it is very close. The reason 

why it is slightly lower than 80% may be due to the fact that the number of clusters was 

designed to be 120 and the actual number of regressions was 110. Another possible reason is 

ICC. The authors of the report have a pre-experimental design of 0.202 for ICC in their proposal. 

After the experiment, I used the Stata command kappaetc X_HH_LU , icc (random) i( C1_2) 

to test ICC on variable “Latrine use household”. The ICC is 0.355. This also exceeds the ICC 

designed by the authors. Therefore, I believe that the combination of the low number of clusters 

and the high ICC is responsible for the low ex post power of variable “Latrine use household”. 

In contrast, the ex post power of “Safe child faeces” exceeded 80%.  
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TABLE 1 
 Results of the regression for 2 main outcome variables  

  
 
 

NOTE: The table is taken from Table 11 of the original report (Page 27). The authors 
reported only the coefficients of the DID, but not the standard error of the DID. Also, the 
coefficient in the table reported by the authors, for example 4.55, should be interpreted as 
4.55%. There are 110 clusters in the regression. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables Latrine use 
household 

Reproduction Safe child 
faeces Reproduction 

Coefficient 0.0455 0.0455 -0.0377 -0.0377 
Standard 

error 0.0408 0.0408 0.0330 0.0330 
 
NOTE: All coefficients in the table are saved to 4 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Latrine use household”: 

# Input values 
MDE = c(0.1)  
DF  = (109) 
SE  = (0.0408) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Safe child faeces”: 

# Input values 
MDE = c(0.1)  
DF  = (109) 
SE  = (0.0330) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 11 

A youth wage subsidy experiment for South Africa 
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1. Introduction 

Youth unemployment in South Africa is high, with an unemployment rate for South 

Africans aged 20 to 24 at around 60%. This project reported the results of a wage subsidy 

programme by which employers were incentivized to hire young people. The subsidy was 

designed to be temporary. Researchers found that one year after being on the programme, 

people with vouchers were more likely to be in paid work than those without vouchers. The 

effect persisted even after the vouchers lapsed. Two years later, the effect was of similar 

magnitude. Furthermore, those in the voucher group spent more than a month longer in paid 

employment than those without vouchers. This suggests that the majority of those who entered 

paid employment as a result of vouchers were able to remain employed, highlighting the 

positive impact of the temporary wage subsidy programme.  

2. Data 

A baseline sample of 4,009 young people was questioned in 2009. These people, who 

were between the ages of 20 and 24 at the time of the interview, were chosen at random from 

a sample of clusters, with probability weights depending on the fraction of young Africans 

residing in these clusters according to the 2001 Census. This is known as the enumeration area 

(EA) sample by the researchers. In addition, the researchers questioned a second group of 

young people who had enrolled with one of the Ministry of Labour's labour centres. These were 

chosen at random from a database of persons who visited the centres and individual centres. 

The labour centres considered were those located in or near to the EA cluster. The EA sample 

included around 2,500 young individuals, with the remainder coming from labour centres.  

Matching was used to identify the treatment and control groups, which was done 

confidentially by the researchers. Initially, respondents were assigned to buckets. Respondents 

in the EA sample were assigned based on gender and enumeration region - Alexandra or 

Hillbrow; Soweto; Thembisa or Ivory Park; East Rand; Durban Central; Other Durban; Dikgale; 
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Lebowak Gomo; Seshego; Makado; and Tohoyando etc. The Mahalanobis matching algorithm 

was then used to identify matches based on their age, whether the respondent had a matric 

(South African school leaving certificate), a degree or diploma, the number of earners in the 

household, and the respondent's self-reported activity at the time of the interview in 2009. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 = α + 𝛽𝛽1(voucher ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2voucher + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖 (1) 

𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 : A given outcome for respondent 𝑤𝑤  in district 𝑘𝑘 at baseline or endline time (t=0 or 1) 

α : Constant term 

voucher :  Dummy variable, whether district 𝑘𝑘 get voucher (treated) 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline  or endline  indicator , the baseline is 2009, the endline is 2011 

voucher ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The interaction term 

𝛽𝛽1 : DID coefficient 

𝜀𝜀𝑖𝑖𝑖𝑖 : Error term, the usual disturbance term clustered at the district level 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables, for example, Labor force 

participation, Wage employment, Monthly earnings, Employment length, Working hours etc. 

However, the authors of the report believe that the two most important variables are “Labor 

force participation” and “Wage employment”. Therefore, although many outcome variables 
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are covered in this report, I will perform the ex post power calculations for the these two 

outcome variables. 

It is worth noting that both variables are in the form of percentage points and the authors 

obtained the estimates of the DID model by controlling the change in percentage points in the 

baseline and endline for the treatment and control groups. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. The 

authors describe it as follows:“ In 2011, 2,355 individuals were interviewed. Based on the delta 

required for a power of 0.8, this provides an actual minimum detectable effect of 0.044. OLS 

estimates using the 2011 sample provide a coefficient estimate of 0.048 (significant at the 5 

per cent level) on the treatment coefficient”.  

 From this statement, I can get three useful pieces of information, the first being that the 

authors set the ex ante power. The second is that the authors obtained the size of the minimum 

detectable effect (MDE) by estimating it to be 0.044. Although there is no specific estimation 

process, the authors consider such a value to be actual. In other words, since both outcome 

variables are in the form of percentages, 0.044 represents what the authors consider minimum 

detectable effect to be a 4.4 percentage points increase. The third point is that the authors used 

an OLS regression when estimating the power, so that the standard error of the estimated value 

produces an ex ante power. In contrast, the authors used OLS and fixed effect (FE) estimation 

for the DID model in their experiments. Therefore, in order to keep the estimator consistent 

between the ex post power and ex ante power, I should choose the value obtained from the 

OLS regression for the ex post power calculation. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 
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the authors report the main outcome variables in the report (Page 57, Table E1). As shown in 

TABLE 1, two boxes, circled in red, are the results that I need to reproduce. It is worth noting 

that since the authors of the report used OLS for the ex ante power setting in their proposal, I 

have chosen only OLS regressions rather than fixed effect (FE) regressions. In addition, the 

standard error in parentheses in TABLE 1 is the cluster robust standard error. Standard errors 

were clustered at the at the district level. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for outcome variable “Labor force participation”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 0.0173. For 

outcome variable “Wage employment”, after reproduction, the results also match those in the 

original 3ie report. The cluster robust standard error is 0.0187.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 
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The cluster robust standard error from outcome variable “Labor force participation” is 

0.0173. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.044 and the cluster robust standard error into Equation (2), then 

t
power，𝑣𝑣

= 0.044
0.0173

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 63 − 1 = 62. It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 63 − 1 = 62. This is because there are 

J=63 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 70.6% for outcome variable “Labor 

force participation”. 

For the other outcome variable, “Wage employment”, the cluster robust standard error 

from  regression is 0.0187.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.044 into Equation (2), then t
power，𝑣𝑣

=

0.044
0.0187

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 62 . So, the ex post power is 63.8% for “Wage 

employment”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 11, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post power for treatment effects in the 

“Labor force participation” regressions are 70.6%. The ex post power for the treatment effects 

in the “Wage employment” is 63.8%. The ex post power results for both variables were lower 

than the ex-ante power by 80%. But very close to 80%. Basically, they meet the author's 
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expected power. Since the authors of the report do not provide information on the number of 

clusters and ICC settings in the proposal, I cannot assume the reason for the lower ex post 

power than ex ante power. However, I expect that there is a high probability that this is due to 

these two factors (the number of clusters and ICC). 
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TABLE 1 

Main regression results for outcome variables  
 
 

 
NOTE: The table is taken from Table E1 of the original report (Page 57). Since the authors of 
the report used OLS for the ex ante power setting in their proposal, I have chosen only OLS 
regressions rather than fixed effect (FE) regressions. In addition, the standard errors in 
parentheses in TABLE 1 column 1&3  are the cluster robust standard errors.   
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables Labour force 
participation 

Reproduction Wage 
employment Reproduction 

Coefficient -0.0101 -0.0101 0.0538 0.0538 

Standard error 0.0173 0.0173 0.0187 0.0187 

Observations 2358 2358 2358 2358 
 
NOTE: All coefficients in the table are saved to 4 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Labor force participation”: 

# Input values 
MDE = c(0.044)  
DF  = (62) 
SE  = (0.0173) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Wage employment”: 

# Input values 
MDE = c(0.044)  
DF  = (62) 
SE  = (0.0187) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 12 

Micro entrepreneurship support programme in Chile 
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1. Introduction 

This project investigated the impact of a large-scale, government-run micro-

entrepreneurship programme in Chile. Business training and asset transfers were given to 

disadvantaged groups over a 46-month period. The researchers found that the programme 

promoted employment in both the short term (mainly through self-employment) and the 

medium term (mainly through wage work). This was in line with the hypothesis that the skills 

taught in the training programme were beneficial and increased the value of an employment 

match.  

2. Data 

The purpose of this report is to evaluate the present implementation of the Micro 

Entrepreneurship Support Program (MESP) and to calculate the return on capital for various 

asset transfers following commercial training. Because separating the training and capital 

components to test the impact of each individual intervention was not politically feasible, the 

researchers modified the asset transfer to an extension. The MESP intervention was introduced 

in the Santiago metropolitan region to provide for improved project monitoring and control. 

The government agency needed continuing supervision from the study team to conduct the 

intervention because it was the first randomised controlled trial of a public initiative in Chile. 

The report compiles data from a total of three survey periods, the base period in 2010, 

the interim period in 2011, and the final period in 2013. The authors of the report refer to the 

2011 survey as T1 and the intervention as MESP, and the 2013 survey as T2 and the 

intervention as Micro Entrepreneurship Support Program with additional funding (MESP+). In 

my analysis, in order to investigate a long-term effect of this program MESP+ and to calculate 

the ex post power, I choose the survey data at time point T2 as the endline data. Baseline data 

is the 2010 base period survey. 
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The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖 = α + 𝛽𝛽1(MESP ∗ 𝑇𝑇2) + 𝛽𝛽2MESP + 𝛽𝛽3𝑇𝑇2 + 𝜀𝜀𝑖𝑖 (1) 

𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡 : A given outcome for respondent 𝑤𝑤   

α : Constant term 

MESP:  Dummy variable, whether respondent i treated 

𝑇𝑇2 : The baseline  or endline  indicator , the baseline is 2010, the endline is 2013 

MESP ∗ 𝑇𝑇2 : The interaction term 

𝛽𝛽1 : DID coefficient 

𝜀𝜀𝑖𝑖 : Error term, the term clustered at the municipality level 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables, for example, employment status, 

business practices include marketing, inventory management, cost and record keeping, and 

asset status etc. However, the most important purpose of the authors' report is to investigate 

whether the MESP program has improved the employment situation. The authors used three 

variables to describe the employment situation, namely “Self-employment”, “Wage 

employment” and “total employment”. Therefore, although many outcome variables are 

covered in this report, I will perform the ex post power calculations for these three outcome 

variables. 
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It is worth noting that all variables are in the form of percentage points and the authors 

obtained the estimates of the DID model by controlling the change in percentage points in the 

baseline and endline for the treatment and control groups. 

5. Ex ante power and MDE 

In the original report proposal, the authors clearly state that the ex ante power is set to 

80%. For MDE, the authors set the minimum detectable effect to 0.2 of the dependent variable 

control group mean. In TABLE 1 red boxes (from original report Table E1, page 29), I labeled 

three outcome variables for the 2013 control group mean. The reason for choosing the 2013 

results is that I wanted to study the ex post power of a long-term effect of the MESP program, 

so I chose the data at time point T2 for the analysis. I verified that the three values were accurate 

using the Stata data used by the authors of the original report. 

 For outcome variable “Self-employment”, the mean of control group is 0.415, then 

MDE for “Self-employment” should be 0.2*0.415=0.083. This result can be interpreted as the 

authors consider the size of the MDE of self-employment as an increase of 8.3 percentage 

points. For outcome variable “Self-employment”, the mean of control group is 0.331, then 

MDE for “Wage employment” should be 0.2*0.331=0.0662. For outcome variable “Self-

employment”, the mean of control group is 0.698, then MDE for “total employment” should 

be 0.2*0.698=0.1396. I will use the size of these MDEs to calculate the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 

the authors report the main outcome variables in the report (Page 29, Table E1). As shown in 

TABLE 2, three boxes, circled in red, are the results that I need to reproduce. It is worth noting 

that the 2013 results were chosen because I wanted to examine the ex post power of the long-
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term impact of the MESP program. In addition, the standard error in parentheses in TABLE 2 

is the cluster robust standard error. Standard errors were clustered at the municipality level. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. TABLE 3 reports my reproduction of the 3ie report. 

In TABLE 3, for outcome variable “Self-employment”, after reproduction, the results 

match those in the original 3ie report. The cluster robust standard error is 0.023. For outcome 

variable “Wage employment”, after reproduction, the results match those in the original 3ie 

report. The cluster robust standard error is 0.021. For outcome variable “total employment”, 

after reproduction, the results also match those in the original 3ie report. The cluster robust 

standard error is 0.022.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Self-employment” is 0.023. 

If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.083 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

=

0.083
0.023

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 68 − 1 = 67 . It is worth noting that in previous 
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chapters I have shown that the estimator used in the SE-ES method must be consistent with the 

data environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 68 − 1 = 67. This is because there are J=68 clusters in 

the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 94.4% for outcome variable “Self-

employment”. 

For the second outcome variable, “Wage employment”, the cluster robust standard error 

from  regression is 0.021.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.0662 into Equation (2), then t
power，𝑣𝑣

=

0.0662
0.021

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 67 . So, the ex post power is 87.4% for “Wage 

employment”. 

For the third outcome variable, “total employment”, the cluster robust standard error 

from  regression is 0.022.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1396 into Equation (2), then t
power，𝑣𝑣

=

0.1396
0.022

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 67 . So, the ex post power is 100% for “Wage 

employment”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 12, the ex ante power was set to 80%. By focusing 

on the three most central variables, after analysis, the ex post power for treatment effects in the 

“Self-employment” regressions is 94.4%. The ex post power for the treatment effects in the 

“Wage employment” is 87.4%. The ex post power for the treatment effects in the “total 
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employment” is 100%. The ex post power of all three outcome variables exceeded the ex ante 

power, indicating that the authors' prior experimental design was achieved. 
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TABLE 1 
Dependent variable control group mean of three outcome variables 

 

 

NOTE: The table is taken from Table E1 of the original report (Page 29). The 2013 results 
were chosen because I wanted to examine the ex post power of the long-term impact of the 
MESP program. 
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TABLE 2 

Main regression results for outcome variables  
 
 

 
NOTE: The table is taken from Table E1 of the original report (Page 29). The 2013 results 
were chosen because I wanted to examine the ex post power of the long-term impact of the 
MESP program. The standard error in parentheses is the cluster robust standard error. Standard 
errors were clustered at the municipality level. 
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TABLE 3 
Reproduction of Main Outcomes Results  

 

Variable
s 

Self-
employ
ment 

Reproduct
ion 

Wage 
employment 

Reproduct
ion 

total 
employment Reproduction 

Coefficie
nt 0.057 0.057 0.048 0.048 0.068 0.068 

Standard 
error 0.023 0.023 0.021 0.021 0.022 0.022 

Observat
ions 1347 1347 1347 1347 1347 1347 
 
NOTE: All coefficients in the table are saved to 3 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Self-employment”: 

# Input values 
MDE = c(0.083)  
DF  = (67) 
SE  = (0.023) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Wage employment”: 

# Input values 
MDE = c(0.0662)  
DF  = (67) 
SE  = (0.021) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

3. Ex post power calculation for outcome variable “total employment”: 

# Input values 
MDE = c(0.1396)  
DF  = (67) 
SE  = (0.022) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 13 

Impact evaluation of youth-friendly family planning services in 

Uganda 
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1. Introduction 

This project assessed the impact of a Government of Uganda's (GoU) family planning 

programme. The ultimate goal of the programme was to encourage condom use and discourage 

the transmission of HIV and other sexually transmitted diseases among young people aged 15-

24. This was done through a variety of outreach initiatives. These included services provided 

via Youth Corners, along with Youth Friendly Services (YFS) and Sexual Reproductive 

Services (SRH) provided through outreach visits to communities and health camps. Some of 

the associated initiatives included the provision of information and messaging designed to 

change sexual behaviors, counselling, Family Planning (FP) product distribution, and testing 

and treatment of HIV and other sexually transmitted infections (STI). 

2. Data 

This study used a structured questionnaire with young people (male and female) aged 

15-24 years through personal interviews to obtain quantitative data. Using the questionnaires, 

the survey collected information on socio-demographic characteristics, fertility history, current 

reproductive health and sexual behaviour, knowledge and attitudes about family planning, 

acceptance of current family planning practices, barriers and enabling factors to family 

planning use, future family planning intentions, and education and employment status. 

All officially completed questionnaires were confirmed, compiled and coded for open-

ended responses and then entered into the computer. All completed survey questionnaires were 

edited on site immediately after the interviews. Data input was done using Epidata computer 

software, which is an open source software with extensive data validation testing features to 

control for data input errors. Once entered, the data was exported to Stata. The data replicated 

and used in this report are all from 3ie. The dataset is in the form of a Stata dataset, which 

contains all the experimental data used by the authors of the report. 

3. Estimation procedure 



374 
 

To find evidence of any significant effect on contraceptive use on key variables, 

Difference-in-difference (DID) specification model is estimated. The DID model included two 

dummy variables representing whether the young person received treatment (Treatment) and 

was interviewed from baseline or endline (Post). In addition the model includes an interaction 

term between these two, named  𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 ∗ 𝑃𝑃𝑝𝑝𝑠𝑠𝑡𝑡. The DID model is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 = 𝛼𝛼0 + 𝛽𝛽1 ∙ 𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 + 𝛽𝛽2 ∙ 𝑃𝑃𝑝𝑝𝑠𝑠𝑡𝑡 + 𝛽𝛽3 ∙ 𝑇𝑇𝑟𝑟𝑒𝑒𝑝𝑝𝑡𝑡𝑦𝑦𝑒𝑒𝑛𝑛𝑡𝑡 ∗ 𝑃𝑃𝑝𝑝𝑠𝑠𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑗𝑗𝑡𝑡𝑡𝑡 (1) 

The parameter 𝛽𝛽3  represents the DID estimation coefficient. It could show the 

difference in average outcome (for example, the utilization of youth-friendly services) in the 

treatment group before and after treatment minus the difference in average outcome in the 

control group before and after treatment. This also demonstrates whether the family planning 

(FP) programme has resulted in differences in outcomes over time in the treatment and control 

groups.  

To account for cluster randomisation, The authors have used the cluster robust standard 

error and placed this error in the regression results table. The methodology and the variables 

used for the above estimates are clearly reflected in the Stata programme file provided by 3ie. 

4. Outcomes 

This report examines many outcome variables. For example, percentage of youth who 

have used youth-friendly FP and SHRH services, percentage of youth who used a condom at 

last intercourse, percentage of youth who have used any other modern FP method in the last 

three months, etc. 

However, I will focus on one main outcome variable: “Utilization of youth-friendly 

services”. Of course, many other variables are examined in the report, such as abstinence and 

fertility, or knowledge and self-efficacy. However, the authors of the report state directly that 

the variable they are most concerned about is access to facilities. Therefore, I will perform the 

ex post power calculations for outcome variable “Utilization of youth-friendly services”. 
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5. Ex ante power and MDE 

In this report, the researchers set the ex ante power to 80% and determined the minimum 

detectable effect (MDE) based on this ex ante power. The author's method of calculating the 

ex ante power is to enter the command in Stata: clustersampsi, binomial detectabledifference 

p1(.5) k(118) rho(.07) m(20).  

 This command is one of the more commonly used Stata functions to calculate ex ante 

power. It contains several parameters, which I will explain in detail. In this command, p1(.5) 

represents treatment and control groups each account for 50% of the overall sample. k(118) 

and m(20) represent the sample size is designed to be a total of 118 clusters, each consisting of 

20 individuals. Based on previous surveys, such as those conducted in 2000, 2006 and 2011 

prior to the current survey, the authors of the report assume a default inter-cluster correlation 

(rho) of 0.07.  

Based on this command, Stata performed an ex ante power calculation and generated a 

report, which is shown in FIGURE 1. In the figure, I care about these two results, which I have 

marked with red boxes. One is where the author of the original report set the ex ante power to 

80%, and the other, where the minimum detectable effect (MDE) value obtained by setting the 

variables and the ex ante power, is 0.06.  

It is worth noting that 0.06 is obtained by Stata considering the presence of a cluster, 

while 0.04 is obtained by Stata without considering the presence of a cluster, and the sample is 

randomly distributed, so the MDE should be chosen as 0.06. This is because, in subsequent 

experiments, the authors used the cluster robust standard error, where the authors considered 

the presence of a cluster. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 
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authors report the main outcome variable in the report (Page 24, Table 4). As shown in TABLE 

1. The first column, circled in red, are the results that I need to reproduce.  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used DID model. Standard errors were clustered at the level of 

randomization, specifically, at the village level. To be consistent with the way the authors 

estimated their regressions, I also use cluster standard errors at the level of village. TABLE 2 

reports my reproduction of the 3ie report. 

In TABLE 2, for the main outcome variable “Utilization of youth-friendly services”, 

after reproduction, the results match those in the original 3ie report. The cluster robust standard 

error of DID is 0.051.  

It is worth noting that in the Stata do file used by the author of the report, the authors 

did use cluster robust standard error for this purpose. The specific command is reg q734 

treatment post posttreatmentint, cl(q103coded). where q103coded is the area code. This can 

be interpreted as the author of the report treating each region as a cluster, to obtain the cluster 

robust standard error. In the final regression results in Table 4, the authors concluded that N, 

the sample size, was 9897. This is the size of the overall sample. In fact, the sample consists of 

63 districts, for example, there are 63 clusters, which I obtained by actually running the authors' 

program and data in the original report. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (3) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (3) 

 
MDE : The minimum detectable effect size  



377 
 

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error in DID regression 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error of DID from “Utilization of youth-friendly services” 

regression is 0.051. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.06 and the standard error of DID into Equation (3), then 

t
power，𝑣𝑣

= 0.06
0.051

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 63 − 1 = 62. It is worth noting that in 

previous chapters I have shown that the estimator used in the ES-SE method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 63 − 1 = 62. This is because there are 

J=63 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 13, the ex ante power was set to 80%. By focusing 

on the most important variable, after analysis, the ex post powers for treatment effects in the 

“Utilization of youth-friendly services” regressions is 20.7%. Ex post power of this variable is 

less than 80%.  

I argue that the reason for the low ex post power in this report is that the number of 

clusters in the final data of the experiment is lower than the number of clusters in the design of 

the experiment. The authors did not follow the designed sample size very closely and the final 
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sample size of the experiment was different from the estimated sample size. I will first look at 

the sample size designed by the authors. In order to achieve a useful MDE of 0.06, which is 

roughly 6% higher in the treatment group than in the control group, the authors designed a 

sample size of 118 clusters of 20 people each. This gives a total sample size of approximately 

2360, taking into account sample attrition. However, the actual sample size after the experiment 

is approximately 10,000, which is far more than 2360, but the number of clusters is only 63, 

far less than the 118 designed. This means that although the number of clusters has increased, 

the overall number of clusters is much smaller than the designed number of clusters. 

I use Stata command kappaetc q734 id, icc (random) i( q103coded ) to get the ICC 

of the outcome variable “Utilization of youth-friendly services” is 0.2. In fact, the size of ICC 

designed by the authors is 0.07. Therefore, I assume that the ICC obtained after the experiment 

is larger than the designed value is also a reason for the lower ex post power than ex ante power. 
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FIGURE 1 
Stata ex ante power calculation report 

 

 

NOTE: This table is in 3ie report power calculation section (Page 10, Figure 4).  
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TABLE 1 
Mean results of the regression for outcome variable “Utilization of youth-friendly 

services” 
 

 
 
 

NOTE: The table is taken from Table 4 of the original report (Page 24). The authors concluded 
that N, the sample size, was 9897. This is the size of the overall sample. In fact, the sample 
consists of 63 districts, for example, there are 63 clusters, 
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TABLE 3 
Reproduction of Main Outcomes Results  

 

Variables Utilization of youth-friendly 
services 

Reproduction 

Treatment 0.003 
[se=0.050] 

0.003 
[se=0.050] 

Post 0.215 
[se=0.039] 

0.215 
[se=0.039] 

Post*Treatment 0.077 
[se=0.051] 

0.077 
[se=0.051] 

Constant 0.233 
[se=0.033] 

0.233 
[se=0.033] 

N 9897 9897 

R2 0.067 0.067 
 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 

Ex post power calculation for outcome variable “Utilization of youth-friendly services”: 

# Input values 
MDE = c(0.06)  
DF  = (62) 
SE  = (0.051) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 14 

Impacts, maintenance and sustainability of irrigation in Rwanda 
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1. Introduction 

This study reported the results of the Land Husbandry, Water Harvesting and Hillside 

Irrigation (LWH) project, sponsored by the Ministry of Agriculture and Animal Resources of 

Rwanda (MINAGRI) and the World Bank. The project investigated the results of introducing 

hillside irrigation in rural areas of Rwanda between 2014 and 2019. It reported that smaller 

households were less likely to irrigate multiple plots of land than larger households. 

2. Data 

In five districts of Rwanda, the irrigation research environment includes four LWH 

hillside irrigation facilities and their associated terraces. The analysis was based on the 

collecting of four primary data sets within four years after the building of irrigation 

infrastructure. To assess the impact of irrigation, researchers employed spatial regression 

discontinuity analysis. The researchers discovered a balance of household characteristics and 

a small link between irrigation and agricultural practises in the reported baseline survey, when 

only a restricted percentage of the study sites had access to water. The key finding of the 

researchers was based on the discontinuity of water availability in the follow-up study. The 

researchers discovered that irrigation had a considerable positive impact on smallholder 

farmers’ wellbeing over the three years of full access to irrigation in the follow-up study. 

However, due to limits imposed by labour market failures, irrigation adoption was inefficient. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

an R dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖𝑠𝑠𝑡𝑡 = α + 𝛽𝛽1(CA ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2CA + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑠𝑠 (1) 

𝑌𝑌𝑖𝑖𝑠𝑠𝑡𝑡 : outcome y of household i located in group s in season t 
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α : Constant term 

CA :  Dummy variable, whether group s get treated 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline  or endline  indicator  

CA ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The interaction term 

𝛽𝛽1 : DID coefficient 

𝜀𝜀𝑖𝑖𝑠𝑠 : Error term, clustered at the water user group level 

The methodology and the variables used for the above estimates are clearly reflected in 

the R file provided by 3ie. 

4. Outcomes 

This report examines many categories of outcome variables, for example, Gross 

Agricultural Yield, Net Agricultural Yield , Household expenditures in the past month 

(frequent) and year (infrequent) , Primary employment  etc. However, the authors of the report 

believe that the two most important agriculture variables are “Yield”  and “Sales”. These 2 

variables are important because they are reflected in the final regression results table. The 

authors chose these 2 outcome variables as the primary outcomes because they were most 

concerned with the impact of the LWH program on people's agriculture outputs. Therefore, 

although many outcome variables are covered in this report, I will perform the ex post power 

calculations for the these 2 outcome variables. 

It is worth noting that the unit of measurement for these 2 variables is agricultural yields  

measured in Rwandan Francs per hectare. Therefore, these 2 variables are all numerical 

variables. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. And 

the authors used the sampi command in Stata to calculate the size of the MDE. 

First the authors of the report assumed two cases, one with high autocorrelation, for 
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example, rho of 0.75, and the other with medium autocorrelation, rho of 0.5. The Stata 

commands to calculate the MDE for these two cases are: sampsi 12761 15930, sd1(24233) 

method(change) pre(1) post(2) n1(359) n2(331) r1(.75) and sampsi 12761 17240, sd1(24233) 

method(change) pre(1) post(2) n1(359) n2(331) r1(.5). These two cases yielded MDEs of 

0.13 (in standard deviation of outcome) and 0.18 (in standard deviation of outcome), 

respectively. However, after consideration by the authors of the report, they believe that the 

presence of medium autocorrelation is more likely to occur, so I will choose an MDE of 0.18 

(in standard deviation of outcome) to calculate the ex post power. In Stata command sampsi 

12761 17240, sd1(24233) method(change) pre(1) post(2) n1(359) n2(331) r1(.5), 12761 and 

17240 represent Pooled mean of outcome variable (yield in RWF/ha: measured in Rwandan 

Francs per hectare) of treatment and control group. sd1(24233) represents Pooled standard 

deviation of outcome variable (yield in RWF/ha). And r1(.5) represents rho is 0.5. 

For the first outcome variable, “Yield”, I use R command sd (hps$yield) to get the 

standard deviation of the outcome variable is 450. hps is the dataset name defined by authors. 

The actual MDE size of “Yield” should be 0.18*450=81. The size of this MDE can be 

interpreted as the authors believe that yield increased by 81 RWF/ha, if treated by the LWH. 

For the second outcome variable, “Sales”, I use R command sd (hps$salesha) to get 

the standard deviation of the outcome variable is 260. The actual MDE size of “Sales” should 

be 0.18*260=46.8. The size of this MDE can be interpreted as the authors believe that sales of 

agriculture products increased by 46.8 RWF/ha, if treated by the LWH. 

I will use these MDEs to calculate the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 

the authors report the main outcome variables in the report (Appendix A Page 28, Table A26). 
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As shown in TABLE 1, two boxes, circled in red, are the results that I need to reproduce. The 

standard errors in parentheses in TABLE 1 are the cluster robust standard errors. Standard 

errors were clustered at the at the water user group level. DID model is regressed, so the results 

are from CA*Post. 

Since 3ie provides all the data used and the associated R files, I am able to reproduce 

the results exactly. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for the first outcome variable “Yield”, after reproduction, the results 

match those in the original 3ie report. The cluster robust standard error is 21.3. For the second 

outcome variable “Sales”, after reproduction, the results also match those in the original 3ie 

report. The cluster robust standard error is 14.3.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Yield” is 21.3. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 81 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

= 81
21.3

−
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t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 246 − 1 = 245. It is worth noting that in previous chapters I 

have shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 246 − 1 = 245. This is because there are J=246 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 96.6% for outcome variable “Yield”. 

For the second outcome variable, “Sales”, the cluster robust standard error from  

regression is 14.3.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 46.8 into Equation (2), then t
power，𝑣𝑣

= 46.8
 14.3

− t1−α2 ,𝑣𝑣, 

here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 245. So, the ex post power is 90.3% for “Sales”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 14, the ex ante power was set to 80%. By focusing 

on 2 most central variables, after analysis, the ex post power for treatment effect in the “Yield” 

regression is 96.6%. And the ex post power for the treatment effects in the “Sales” is 90.3%. 

The ex post power of both outcome variables exceeded the ex ante power, indicating that the 

authors' prior experimental design was achieved. 
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TABLE 1 
Main regression results for outcome variables  

 
 

 
NOTE: The table is taken from Table A26 of the original report (Appendix A, Page 28). 
Standard errors clustered at the household’s sample plot’s nearest Water User Group are in 
parentheses, and p-values are in brackets. Here the regression results of DID should be selected 
CA*Post. 
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TABLE 2 

Reproduction of Main Outcomes Results  
 

Variables Yield Reproduction Sales Reproduction 

Coefficient 70.5 70.5 35.6 35.6 

Standard error 21.3 21.3 14.3 14.3 

p-value 0.001 0.001 0.013 0.013 

Observations 4017 4017 4191 4191 

Clusters 246 246 246 246 
 
NOTE: Standard errors in the table are saved to 1 decimal place. The methodology and the 
variables used for the above estimates are clearly reflected in the R programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Yield”: 

# Input values 
MDE = c(81)  
DF  = (245) 
SE  = (21.3) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Sales”: 

# Input values 
MDE = c(46.8)  
DF  = (245) 
SE  = (14.3) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 15 

Graduation from ultra poverty in Ghana 
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1. Introduction 

Graduation from Ultra Poverty (GUP) program was designed to help extremely poor 

households in Ghana escape poverty.  The GUP programme first identified the severely poor 

in the community and then worked extensively with those families to improve business-related 

capacity. The GUP families were given productive assets (such as cows or goats) to help them 

start their own businesses. Overall, the programme tried to raise the incomes of the extremely 

poor and hoped to see improvements in school attendance, food security, health and asset 

accumulation. The effectiveness of the intervention was assessed at several levels, including 

whether the programme was successful in raising incomes and social well-being during the 

intervention and in the year after it ended. 

2. Data 

The impact of a two-year comprehensive livelihoods programme ("graduation 

approach") on the lives of the severely poor in northern Ghana was tested using a randomised 

assessment. BRAC, a Bangladeshi NGO, pioneered the concept in 2002, and it has 

subsequently been emulated in a number of countries. The Graduation Program is made up of 

six complementing components, each of which is designed to meet the unique challenges 

encountered by extremely poor households.  

In Ghana, researchers initially allocated communities with a total of 2,606 families to 

one of two groups at random. One group was used solely as a comparison group and was not 

provided the programme. In the other group, 666 houses were assigned to receive the 

programme at random. The other half of the families in this group did not get the programme 

and acted as a separate comparison group to assess the  effect on surrounding non-participating 

households. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 
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3. Estimation procedure 

This report uses the Difference-in-difference (DID) model to estimate. The DID model 

is Equation (1): 

 𝑌𝑌𝑖𝑖 = α + 𝛽𝛽1(GUP ∗ endline) + 𝛽𝛽2GUP + 𝛽𝛽3endline + 𝜀𝜀𝑖𝑖 (1) 

𝑌𝑌𝑖𝑖 : A given outcome for respondent 𝑤𝑤   

α : Constant term 

GUP :  Dummy variable, whether respondent 𝑤𝑤 got GUP treatment 

endline: The baseline  or endline  indicator  

GUP ∗ endline : The interaction term 

𝛽𝛽1 : DID coefficient 

𝜀𝜀𝑖𝑖 : Error term, the term clustered at the village level 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables in social and economic, for example, 

income, assets, school attendance of children, health, and food security etc. However, the 

question of primary interest to the authors is whether GUP improves respondents' income, so I 

will choose the outcome variable of the income category for the ex post power analysis. The 

category income contains four outcome variables, namely: “livestock revenue”, “agricultural 

income”, “Non-farm Micro-enterprise Income” and “Income from Paid Labor”. Therefore, 

although many outcome variables are covered in this report, I will perform the ex post power 

calculations for the these 4 outcome variables. 

It is worth noting that all four variables are numerical variables in terms of the amount 

of money in every month, and in the report the authors have converted the local currency units 

to 2004 US dollar prices, Purchasing Power Parity (PPP) terms. 



395 
 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. The 

authors describe the size of the MDE as follows: “…households yield a lower bound minimal 

detectable effect size of 0.127 standard deviations of outcome at the individual level (for 

example, using the fact that we randomized at the individual level within treatment groups) and 

an upper bound minimal detectable effect size of 0.204 standard deviations of outcome at the 

village level”. 

From this statement, I can get two useful pieces of information. The first point is that 

the authors use the standard deviation of the outcome variable when measuring the size of the 

MDE. It is worth noting that here the standard deviation of the outcome variable refers to the 

pooled standard deviation of the outcome. The second point is that the authors find the two 

MDE bounds at the individual level and the village level. Since the authors used cluster robust 

standard error in the later regression, the regression was conducted at the village level, so the 

village level should also be selected when choosing the MDE size. 

For the first outcome variable, “livestock revenue”, I use Stata command egen SD1 = 

sd(ranimals_month) to get the standard deviation of the outcome variable is 19.8. The actual 

MDE size of “livestock revenue” should be 0.204*19.8=4.0392. The size of this MDE can be 

interpreted as the authors believe that the respondents livestock revenue increased by $4 per 

month, if treated by the GUP. 

For the second outcome variable, “agricultural income”, I use Stata command egen SD2 

= sd(iagri_month) to get the standard deviation of the outcome variable is 9.2. The actual 

MDE size of “agricultural income” should be 0.204*9.2=1.9176. 

For the third outcome variable, “Non-farm Micro-enterprise Income”, I use Stata 

command egen SD3 = sd(ibusiness_month) to get the standard deviation of the outcome 
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variable is 30.3. The actual MDE size of “Non-farm Micro-enterprise Income” should be 

0.204*30.3=6.1812. 

For the fourth outcome variable, “Income from Paid Labor”, I use Stata command egen 

SD4 = sd(ipaidlabor_month) to get the standard deviation of the outcome variable is 7.5. The 

actual MDE size of “Income from Paid Labor” should be 0.204*7.5=1.53. 

I will use these MDEs to calculate the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 

the authors report the main outcome variables in the report (Page 39, Table 12). As shown in 

TABLE 1, 4 boxes, circled in red, are the results that I need to reproduce. The standard errors 

in parentheses in TABLE 1 are the cluster robust standard errors. Standard errors were clustered 

at the at the village level. 

Since 3ie provides all the data used and the associated do files, I am able to reproduce 

the results exactly. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for the first outcome variable “livestock revenue”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 1.23. For the 

second outcome variable ““agricultural income”, after reproduction, the results match those in 

the original 3ie report. The cluster robust standard error is 0.62. For the third outcome variable 

“Non-farm Micro-enterprise Income”, after reproduction, the results match those in the original 

3ie report. The cluster robust standard error is 1.82. For the fourth outcome variable 

““agricultural income”, after reproduction, the results also match those in the original 3ie report. 

The cluster robust standard error is 0.48.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 
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7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “livestock revenue” is 1.23. If 

I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 4.0392 and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

=

4.0392
1.23

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 154 − 1 = 153. It is worth noting that in previous 

chapters I have shown that the estimator used in the SE-ES method must be consistent with the 

data environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 154 − 1 = 153. This is because there are J=154 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 90.4% for outcome variable 

“livestock revenue”. 

For the second outcome variable, “agricultural income”, the cluster robust standard 

error from  regression is 0.62.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 1.9176 into Equation (2), then t
power，𝑣𝑣

=

1.9176
 0.62

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 153. So, the ex post power is 86.7% for “agricultural 

income”. 
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For the third outcome variable, “Non-farm Micro-enterprise Income”, the cluster robust 

standard error from  regression is 1.82.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 6.1812 into Equation (2), then 

t
power，𝑣𝑣

= 6.1812
 1.82

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 153. So, the ex post power is 92.1% for 

“Non-farm Micro-enterprise Income”. 

And for the fourth outcome variable, “Income from Paid Labor”, the cluster robust 

standard error from  regression is 0.48.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 1.53 into Equation (2), then 

t
power，𝑣𝑣

= 1.53
 0.48

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 153. So, the ex post power is 88.6% for 

“Income from Paid Labor”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 15, the ex ante power was set to 80%. By focusing 

on four most central variables, after analysis, the ex post power for treatment effect in the 

“livestock revenue” regression is 90.4%. The ex post power for the treatment effects in the 

“agricultural income” is 86.7%. The ex post power for the treatment effects in the “Non-farm 

Micro-enterprise Income” is 92.1%. And the ex post power for the treatment effects in the 

“Income from Paid Labor” is 88.6%. The ex post power of all four outcome variables is 

consistent with the researchers’ ex ante power. 
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TABLE 1 
Main regression results for outcome variables  

 
 

 
NOTE: The table is taken from Table 12 of the original report (Page 39). Columns (1) to (4) 
are reported in 2014 USD, Purchasing Power Parity (PPP) terms. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables Livestock 
revenue 

Reproduction Agriculture 
income Reproduction 

Non-farm 
Micro-

enterprise 
income 

Reproduction 

Income 
from 
Paid 

Labour 

Reproduction 

Coefficient 1.31 1.31 0.61 0.61 5.32 5.32 0.84 0.84 
Standard 

error 1.23 1.23 0.62 0.62 1.82 1.82 0.48 0.48 

Observations 2519 2519 2531 2531 2522 2522 2525 2525 
 
NOTE: All coefficients in the table are saved to 2 decimal places. The methodology and the variables used for the above estimates are clearly 
reflected in the Stata programme file provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “livestock revenue”: 

# Input values 
MDE = c(4.0392)  
DF  = (153) 
SE  = (1.23) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “agricultural income”: 

# Input values 
MDE = c(1.9176)  
DF  = (153) 
SE  = (0.62) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

3. Ex post power calculation for outcome variable “Non-farm Micro-enterprise Income”: 

# Input values 
MDE = c(6.1812)  
DF  = (153) 
SE  = (1.82) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

4. Ex post power calculation for outcome variable “Income from Paid Labor”: 

# Input values 
MDE = c(1.53)  
DF  = (153) 
SE  = (0.48) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 16 

Using information to break the political resource curse in natural 

gas management in Mozambique 
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1. Introduction 

This report focused on the situation in Mozambique, where large quantities of natural 

gas were recently discovered in the Rovuma Basin. The area is located on the country's northern 

coast, in the northern province of Cabo Delgado. The province is characterized by a large 

number of natural resources and shares some demographic and political characteristics not only 

with the rest of Mozambique, but also with other countries that are still predominantly rural. 

There is concern that the discovery of abundant natural resources will result in the well-known 

“resource curse.” The treatment consisted primarily of information campaigns, with the intent 

of changing citizen’s awareness about the natural resource curse, attitudes against corruption, 

and local leaders’ degree of rent-seeking etc.  

2. Data 

The tested settlements were divided into two urban regions (Pemba and Montepuez), 

semi-urban communities (the major administrative area of each district), and rural villages. 

Because the researchers wanted to sample 200 communities, they chose eight polling locations 

in Pemba and four in Montepuez in the urban stratum; two polling sites in each town (or one if 

there was only one) in the semi-urban stratum; and the remaining 165 polling places from all 

other polling places. The researchers then created blocks of four communities using m-

distances (Mahalanobis). The researchers used the extensive baseline information they 

possessed, such as family, leader, and community traits, to generate the m-distances.  

The researchers chose 50 communities for Treatment 1, 51 for Treatment 2, 50 for 

Treatment 3, and 55 for the control group.  

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 
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Since this report analyses the impact of three different treatments on people's lives, the 

experimental model also includes three DID models in Equation (1), (2) and (3): 

 𝑌𝑌𝑖𝑖𝑗𝑗 = α + 𝛽𝛽1(T1 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2T1 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + covariates + 𝜀𝜀𝑖𝑖𝑗𝑗 (1) 

 

 𝑌𝑌𝑖𝑖𝑗𝑗 = α + 𝛽𝛽1(T2 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2T2 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + covariates + 𝜀𝜀𝑖𝑖𝑗𝑗 (2) 

 

 𝑌𝑌𝑖𝑖𝑗𝑗 = α + 𝛽𝛽1(T3 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2T3 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + covariates + 𝜀𝜀𝑖𝑖𝑗𝑗 (3) 

 

𝑌𝑌𝑖𝑖𝑗𝑗 : A given outcome for respondent   in community j  

α : Constant term 

T1 :  Dummy variable, whether community j get Treatment 1 (Information to Leaders) 

T2 :  Dummy variable, whether community j get Treatment 2 (Information to leaders and 

citizens) 

T3 :  Dummy variable, whether community j get Treatment 3 (Information to leaders and 

residents plus deliberation) 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline  or endline  indicator 

T1 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 , T2 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡, T3 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡: The interaction terms 

𝛽𝛽1 : DID coefficient 

covariates: Control variables, including strata dummies and community characteristics 

𝜀𝜀𝑖𝑖𝑗𝑗 : Error term, the usual disturbance term clustered at the community level 

It is worth noting that the three treatments and the corresponding samples are 

independent of each other, and only the control group is common. In the final regression results, 

Treatment 1 had 50 communities, Treatment 2 had 51 communities, Treatment 3 had 50 

communities, and the control group had 55 communities. 
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The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables, for example, whether the campaigns 

changed citizen’s awareness and knowledge about the natural resource curse, attitudes against 

corruption, whether the campaigns changed local leaders’ degree of rent-seeking etc. 

Since an important topic of study in this report is whether the awareness and knowledge 

of the citizenry about the resource curse has improved as a result of the campaign. Of course, 

the attitude of the leaders is also very important, but in order to avoid too many variables 

involved in the calculation of the ex post power, I mainly choose the citizen’s awareness to 

calculate the ex post power. For each of the three different treatments, I calculate the ex post 

power of the citizen’s awareness, so that the three outcome variables are “Awareness (T1)”, 

“Awareness (T2)” and “Awareness (T3)”. 

It is worth noting that the 3 variables are in the form of percentage points and the authors 

obtained the estimates of the DID model by controlling the change in percentage points in the 

baseline and endline for the treatment and control groups. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%.  

The authors set the ICC size to 0.06, and each treatment group included 50 communities. 

The authors also set other parameters such as the standard error for each group. And according 

to the Stata command rdpower, the authors calculate the size of the MDE corresponding to 

80% of the ex ante power. If no covariates are included, the size of the MDE is 0.1-0.2 

standardized effect size. If covariates are included, the size of the MDE is 0.25 standardized 

effect size. Since the DID model is a model with covariates, I choose an MDE of 0.25 to 

calculate the ex post power. 
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It is worth noting that the authors of the report explicitly state that the standardized 

effect size stands for the main variables of interest by multiplying it by the standard deviation 

of the variable. For example, for outcome variable “Awareness (T1)”, if I use Stata command 

egen SD1 = sd(d8) if treatmentgroup ==1 , to get the standard deviation of the outcome 

variable is 0.398. d8 is the name label of Awareness. The actual MDE size of “Awareness (T1)” 

should be 0.25*0.398=0.0995.  

For the second outcome variable, “Awareness (T2)”, I use Stata command egen SD2 = 

sd(d8) if treatmentgroup ==2 to get the standard deviation of the outcome variable is 0.388. 

The actual MDE size of “Awareness (T2)” should be 0.25*0.388=0.097. 

For the third outcome variable, “Awareness (T3)”, I use Stata command egen SD3 = 

sd(d8) if treatmentgroup ==3 to get the standard deviation of the outcome variable is 0.401. 

The actual MDE size of “Awareness (T3)” should be 0.25*0.401=0.10025. 

I will use these MDEs to calculate the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 

the authors report the main outcome variables in the report (Page 28, Table 4). As shown in 

TABLE 1, 3 boxes, circled in red, are the results that I need to reproduce. The results in column 

2 are chosen because the regression contains covariates. The standard errors in parentheses in 

TABLE 1 are the cluster robust standard errors. Standard errors were clustered at the at the 

community level. 

Since 3ie provides all the data used and the associated do files, I am able to reproduce 

the results exactly. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for the first outcome variable “Awareness (T1)”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 0.030. For the 
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second outcome variable “Awareness (T2)”, after reproduction, the results match those in the 

original 3ie report. The cluster robust standard error is 0.028. For the third outcome variable 

“Awareness (T3)”, after reproduction, the results also match those in the original 3ie report. 

The cluster robust standard error is 0.026.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (4) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (4) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Awareness (T1)” is 0.030. If 

I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.0995 and the cluster robust standard error into Equation (4), then t
power，𝑣𝑣

=

0.0995
0.030

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 105 − 1 = 104. It is worth noting that in previous 

chapters I have shown that the estimator used in the SE-ES method must be consistent with the 

data environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 105 − 1 = 104. This is because there are J=105 clusters 
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in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. The 105 clusters include 

50 treatment clusters and 55 control clusters. 

Based on the above, I calculate an ex post power of 90.7% for outcome variable 

“Awareness (T1)”. 

For the second outcome variable, “Awareness (T2)”, the cluster robust standard error 

from  regression is 0.028.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.097 into Equation (4), then t
power，𝑣𝑣

=

0.097
 0.028

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 105. So, the ex post power is 92.9% for “Awareness 

(T2)”. The 106 clusters include 51 treatment clusters and 55 control clusters. 

For the third outcome variable, “Awareness (T3)”, the cluster robust standard error 

from  regression is 0.026.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.10025 into Equation (4), then t
power，𝑣𝑣

=

0.10025
 0.026

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 104. So, the ex post power is 96.8% for “Awareness 

(T3)”. The 105 clusters include 50 treatment clusters and 55 control clusters. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 16, the ex ante power was set to 80%. By focusing 

on 3 most central variables in 3 kinds of treatment, after analysis, the ex post power for 

treatment effect in the “Awareness (T1)” regression is 90.7%. The ex post power for the 

treatment effects in the “Awareness (T2)” is 92.9%. And the ex post power for the treatment 

effects in the “Awareness (T3)” is 96.8%. The ex post power of all 3 outcome variables 

exceeded the ex ante power, indicating that the authors' prior experimental design was achieved. 
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TABLE 1 

Main regression results for outcome variables  
 
 

 
NOTE: The table is taken from Table 4 of the original report (Page 28). The results in column 
2 are chosen because the regression contains covariates. The standard errors in parentheses are 
the cluster robust standard errors. Standard errors were clustered at the community level. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables Awareness 
(T1) 

Reproduction Awareness 
(T2) Reproduction Awareness 

(T3) Reproduction 

Coefficient 0.016 0.016 0.250 0.250 0.238 0.238 
Standard 

error 0.030 0.030 0.028 0.028 0.026 0.026 

Observations 1875 1875 1875 1875 1875 1875 
 
NOTE: All coefficients in the table are saved to 3 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Awareness (T1)”: 

# Input values 
MDE = c(0.0995)  
DF  = (104) 
SE  = (0.030) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Awareness (T2)”: 

# Input values 
MDE = c(0.097)  
DF  = (105) 
SE  = (0.028) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

3. Ex post power calculation for outcome variable “Awareness (T3)”: 

# Input values 
MDE = c(0.10025)  
DF  = (104) 
SE  = (0.026) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 17 

The impacts of interactive smartboards on learning achievement 

in Senegalese primary schools 
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1. Introduction 

This project reported the results of evaluating the Sankoré Project in Senegal. The 

Sankoré project has the goal of improving education at all levels by introducing digital and 

other innovative technologies. The particular initiative that was evaluated was a trial project in 

9 subregions of Senegal. Educational achievement was measured in French, mathematics, and 

science. 

2. Data 

The original sample for the baseline data gathering comprised 173 schools. Using the 

data from the baseline data gathering, the assumption of parallel trends required to identify 

program impacts using the difference-in-differences strategy was justified when excluding 

alternative schools and considering only schools within a certain bandwidth around the cut-off. 

This allowed the number of schools sampled to be reduced to 122 in the midline and endline 

data collection. 

Primary data collection was accomplished in these 122 sampled schools. Of the 50 

Sankore schools, 26 were situated in urban areas, 5 in peri-urban areas and 19 in rural areas. 

72 non-Sankore schools were distributed more towards peri-urban areas than Sankoré schools, 

with 32 urban schools, 13 semi-urban areas and 27 rural schools. 

 The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The difference-in-difference (DID) evaluation strategy compares changes in test scores, 

a relevant outcome, before and after the intervention for students who benefited from the 

Sankoré intervention with other students who did not. The DID model is Equation (1): 

 yist = 𝛽𝛽0 + 𝛽𝛽1 Sankoré s + 𝛽𝛽2 post t + 𝛽𝛽3 Sankoré s ∗ post t + Xisγ1 + 𝜇𝜇s + 𝜀𝜀ist  (1) 

yist  : outcome measure of interest for student i in school s at time t  
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𝛽𝛽0: Constant term 

Sankoré s :  An indicator for whether the school s is a treatment school 

post t: An indicator for whether the observation was collected during the endline survey   

Sankoré s ∗ post t : The interaction term 

Xis : Student characteristics including baseline test scores, gender, age, and levels of parental 

education 

𝜀𝜀ist  : Error term  

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

The French, mathematics, and Education in Science and Social Life (ESVS) exam 

scores are the outcome measures, yist . The coefficient of interest for project Sankoré's 

intention-to-treat impact is 𝛽𝛽3. I picked all of the outcome variables for the ex post power 

analysis since these are all of the outcome variables measured by the authors.  

As a result, I will calculate ex post power for the outcome variables “French”, “Math”, 

and “ESVS”. 

5. Ex ante power and MDE 

In the original report, authors assume an ex ante power of 80% an alpha of 0.05, a 

sample size of 30 students per class and 60 students per school (which is an underestimate 

given that many schools have more than one grade 1 and/or grade 2 class), an intra-cluster 

correlation (ICC) of 0.167 (which is the highest ICC of the 3 outcome variables). Further 

assuming that the correlation between baseline and endline outcomes is 0.6 and considering 

only one endline survey, the authors can detect a minimum effect size of 0.21 points (out of a 

possible 100) for mathematics, 0.21 points (out of a possible 100) for French, and 0.20 points 
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(out of a possible 100) for ESVS when one regression is used to estimate the impacts of the 

program in both grades 1 and 2.  

As the original report really does not provide much more information, I have made this 

guess based on my previous experience with similar reports from 3ie. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the three outcome variables. In the 3ie report, 

the authors report outcome variables in the 3ie report (Page 42, Table 21). As shown in TABLE 

1, circled in red, are the results that I need to reproduce. The three red boxes correspond to the 

regression results for each of the three outcome variables “French”, “Math” and “ESVS”. The 

authors of the report ran regressions for the overall sample (Grades 1 and 2) and for each grade 

separately. Since the authors mention that the MDE is the size of the MDE designed for the 

overall sample size. Therefore, I chose to reproduce columns 1, 4 and 7 of the table in my 

reproduction. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

at the village level. To be consistent with the way the authors estimated their regressions, I also 

use cluster standard errors at the level of the village. TABLE 2 reports my reproduction of the 

3ie report. 

In TABLE 2, for outcome variable “French”, after reproduction, the results match those 

in the original 3ie report. The cluster robust standard error is 0.095. For outcome variable 

“Math”, after reproduction, the results also match those in the original 3ie report. The cluster 

robust standard error is 0.090. For outcome variable “ESVS”, after reproduction, the results 

also match those in the original 3ie report. The cluster robust standard error is 0.115. 
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These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “French” is 0.090. If I put 

𝑀𝑀𝑀𝑀𝐸𝐸 = 0.21 and the cluster robust standard error into Equation (8), then t
power，𝑣𝑣

= 0.21
0.090

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 122 − 1 = 121. It is worth noting that in previous chapters I 

have shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 122 − 1 = 121. This is because there are J=122 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 63.8% for outcome variable 

“French”. 
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For the other outcome variable, “Math”, the cluster robust standard error from  

regression is 0.095.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.21 into Equation (2), then t
power，𝑣𝑣

= 0.21
0.095

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 121. So, the ex post power is 59.1% for “Math”. 

For the third outcome variable, “ESVS”, the cluster robust standard error from  

regression is 0.115.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.20 into Equation (2), then t
power，𝑣𝑣

= 0.20
0.115

−

t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 121. So, the ex post power is 43.9% for “ESVS”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 17, the ex ante power was set to 80%. By focusing 

on the three most central variables, after analysis, the ex post powers for treatment effects in 

the “French” regressions is 63.8%. The ex post powers for the treatment effects in the “Math” 

is 59.1%. The ex post powers for the treatment effects in the “ESVS” is 43.9%. The ex post 

powers of three outcome variables are below 80%.  

A possible reason for the results being below 80% may be the loss of sample clusters. 

The authors originally designed the results for 173 schools, and the post-experimental results 

were obtained from 122 schools. This could also lead to a lack of ex post power. In addition, I 

use Stata command kappaetc french_test / math_test / ESVS_test id , icc (random) i(vill) to 

get ICCs of three outcome variables are 0.23, 0.33 and 0.54. The authors designed the ICC size 

to be 0.15. It can be shown that the actual ICC is larger than the expected value is also another 

reason that causes the ex post power to be lower than the ex ante power. 
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TABLE 1 
Main regression results in the Original report 

 
 

NOTE: The table is taken from Table 21 of the original report (Page 42). The authors of the 
report ran regressions for the overall sample (Grades 1 and 2) and for each grade separately. 
Since the authors mention that the MDE is the size of the MDE designed for the overall sample 
size. Therefore, I chose to reproduce columns 1, 4 and 7 of the table in my reproduction. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables French Reproduction Math Reproduction ESVS Reproduction 

Sankoré 0.051 
(0.093) 

0.051 
(0.093) 

-0.048 
(0.080) 

-0.048 
(0.080) 

0.031 
(0.097) 

0.031 
(0.097) 

Post -0.007 
(0.068) 

-0.007 
(0.068) 

-0.004 
(0.068) 

-0.004 
(0.068) 

-0.007 
(0.080) 

-0.007 
(0.080) 

Sankoré*Post 0.109 
(0.095) 

0.109 
(0.095) 

0.186 
(0.090) 

0.186 
(0.090) 

0.185 
(0.115) 

0.185 
(0.115) 

Constant 0.297 
(0.106) 

0.297 
(0.106) 

0.070 
(0.097) 

0.070 
(0.097) 

0.258 
(0.090) 

0.258 
(0.090) 

Observations 14713 14713 14713 14713 14713 14713 

R2 0.023 0.023 0.017 0.017 0.038 0.038 
 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “French”: 

# Input values 
MDE = c(0.21)  
DF  = (121) 
SE  = (0.090) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Math”: 

# Input values 
MDE = c(0.21)  
DF  = (121) 
SE  = (0.095) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

3. Ex post power calculation for outcome variable “ESVS”: 

# Input values 
MDE = c(0.20)  
DF  = (121) 
SE  = (0.115) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 18 

Impact evaluation of the Livingsidebyside peacebuilding 

educational programme in Kyrgyzstan 
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1. Introduction 

This report provided the results of an impact assessment of a school-based peace 

education project in southern Kyrgyzstan. The goal was to promote inter-ethnic and inter-

religious tolerance and understanding. Ten schools were randomly selected for treatment from 

a sample frame of 31 Russian-speaking schools. The report employed an oversubject design 

with randomised treatment at the individual level. Treatment was administered at the individual 

level. Participants received eight weeks of extra-curricular training to teach them how to see 

problems, reflect on their own and others' attitudes and beliefs, practice mediation skills and 

gain practical experience of working with members of different ethnic groups through joint 

projects. The report used a set of survey measures, behavioral experiments and focus group 

discussions to measure the impact on knowledge, beliefs/attitudes and behavior. 

2. Data 

The programme attempts to select a group of adolescents who are mixed in terms of 

gender and ethnicity. The programme organisers have advertised that applications are being 

sought from all students in grades 9-11 in therapeutic schools to participate in the training 

during the first and second rounds. All students in grades 9-11 who submitted a completed 

application form will be eligible to participate in the programme. Applicants were asked to 

provide basic personal information and to explain their motivation for participating in the 

programme. Applicants were reviewed and allocated to one of four strata (1) female Kyrgyz; 

(2) male Kyrgyz; (3) female non-Kyrgyz; and (4) male non-Kyrgyz. The project randomly 

selected five students from each stratum in each school by means of an open lottery. It also 

randomly selected 40 in-school control students in each school based on the same principles to 

enable measurement of potential in-school spill over effects. As the first and second rounds 

were run consecutively in spring 2014, the application process for these two rounds was joint, 

with a number of additional applications prior to the second round. 
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By the time the research team had started discussing the study design, 10 treatment 

schools had been randomly selected from the 31 schools that met the programme requirements. 

The other 10 selected control schools received the same LSBS outreach activities as the 

treatment schools, but were told that they would only receive treatment after the assessment 

was completed and only if there were a sufficient number of applicants and available funding. 

As a token of appreciation for participating in the study, the control group schools will receive 

a projector (worth approximately $500). The reporting team believes that this is the only 

feasible way to incentivise staff in the control schools to encourage students to apply, thereby 

obtaining a sample of similar types of applicants; the requirement for 'active' enrolment to be 

considered eligible for treatment precludes a simple random sample of any grade 9-11 students 

in the control schools. The reporting team sampled 20 students from each control school in 

rounds 1 and 2, with 5 students from each stratum.  

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The difference-in-difference (DID) evaluation strategy is used in this report. 𝛽𝛽1 is the 

DID regression coefficient of interest to the report authors. The DID model is Equation (1): 

 𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 = α + 𝛽𝛽1�𝑇𝑇𝑖𝑖𝑗𝑗 ∗ 𝐶𝐶𝑝𝑝𝑐𝑐𝑛𝑛𝑑𝑑𝑡𝑡� + 𝛽𝛽2𝑇𝑇𝑖𝑖𝑗𝑗 + 𝛽𝛽3𝐶𝐶𝑝𝑝𝑐𝑐𝑛𝑛𝑑𝑑𝑡𝑡 + 𝛽𝛽4𝑋𝑋𝑖𝑖𝑗𝑗 + 𝛿𝛿𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑗𝑗𝑡𝑡 (1) 

𝑌𝑌𝑖𝑖𝑗𝑗𝑡𝑡 : An outcome for student 𝑤𝑤 in school 𝑗𝑗 

α : Constant term 

𝑇𝑇𝑖𝑖𝑗𝑗 :  Dummy variable, indicator that student gets treated or not 

𝐶𝐶𝑝𝑝𝑐𝑐𝑛𝑛𝑑𝑑𝑡𝑡: Time round (baseline or endline) indicator  

𝑇𝑇𝑖𝑖𝑗𝑗 ∗ 𝐶𝐶𝑝𝑝𝑐𝑐𝑛𝑛𝑑𝑑𝑡𝑡 : The interaction term 

𝑋𝑋𝑖𝑖𝑗𝑗 : Control 𝑣𝑣𝑝𝑝𝑟𝑟𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒 (individual), including gender, age, class level etc. 

𝛿𝛿𝑗𝑗 :  Control 𝑣𝑣𝑝𝑝𝑟𝑟𝑤𝑤𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒 (school), including location, public or private etc. 
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𝛽𝛽1 : The DID coefficient, represent the average treatment effect between endline and baseline 

𝜀𝜀𝑖𝑖𝑗𝑗𝑡𝑡 : Error term  

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines two main outcome variables. The purpose of this analysis is to 

determine whether the ex post powers of the respective effects match their ex ante calculations. 

As not all the effects are of interest, I focus on two variables that are central to the study’s 

analysis.  

The first outcome variable is “I was bullied in school”. This is a dummy variable that 

reflects whether the student believes he or she is being bullied at school, with 1 meaning he or 

she believes they are being bullied and 0 meaning they do not. 

The second outcome variable is “Trust to people seeing 1st time”. This is a categorical 

variable. It contains 4 levels of trust: No trust, Some mistrust, Some trust and Full trust. They 

correspond to scores 1, 2, 3, and 4 respectively. 

The main reason I choose these two outcome variables for my analysis is that they 

represent the core of what this  report is trying to study. Namely, whether LSBS can reduce 

conflict between students and increase trust between them. 

Therefore, I will perform the ex post power calculations for the two outcome variables 

of “I was bullied in school” and “Trust to people seeing 1st time”. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 80%. For 

the two selected outcome variables, they are able to detect effect size of 0.24. And how do they 

calculate the MDE? Here, the authors introduced a concept Cohen’s d to get standardized effect 

size.  
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Now I need to get, for each outcome variable I care about, the size of its specific MDE, 

that is, I need to translate the Cohen’s d 0.24 (Small effect) this rank back into the numerical 

size of the specific MDE. 

For Cohen’s d, the expression formula is 

 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 =
|𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|
𝐸𝐸pooled 

 (2) 

𝑒𝑒‾𝑁𝑁 : Mean of the treatment group 

𝑒𝑒‾𝐶𝐶 : Mean of the control group 

𝐸𝐸pooled : Pooled standard deviations for the two groups 

From Equation (2), I can find a relationship between Cohen’s d and MDE. For an 

outcome variable with all its sample observations divided into the treatment group and the 

control group, the MDE of this outcome t variable is the absolute value of the difference 

between the mean of the treatment group and the mean of the control group. That is, MDE 

equals to |𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|. Here, the symbol absolute value is added because Cohen’s d is a measure 

of the magnitude of effect and cannot be negative. 

However, it is possible that the mean of the treatment group is smaller than the mean 

of the control group, and the absolute value sign has been added in order to keep Cohen’s d 

positive. This can be interpreted as a difference between the mean of the treatment group and 

the mean of the control group. Similarly, the MDE is set to be consistent with Cohen's d, which 

is positive, and is also understood as a difference between the two groups. 

Thus, I obtain Equation (3): 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 ×  𝐸𝐸pool  (3) 

If I know the size of Cohen's d and want to convert it to an MDE, I just need to know 

the size of Pooled standard deviations for the different treated and control groups (𝐸𝐸pool ). 𝐸𝐸pool  

is what I need to get before I can get MDE. 
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For a model, the dependent variable is the dummy variable of whether or not the 

treatment is received. 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

If I regress Equation (4), I will get residual values, and here I use e to denote the 

regressed residual values. After regression, the formula becomes Equation (5): 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

Then I can get 𝐸𝐸pool  by Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

𝐸𝐸pool : Pooled standard deviations for the two groups 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 : Root mean square error (The standard deviation of the residuals) 

N : The total observations number of two groups 

See the Appendix for a detailed proof from Equation (5) to Equation (6).  

Then I have Equation (7) to calculate MDE: 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐸𝐸pool = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (7) 

If I know 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸, for different outcome variables, the MDE for that outcome variable 

is obtained with a Cohen's d of 0.24. Then I can use this MDE to calculate the ex post power 

for such an outcome variable.  

Next I will follow the method used by the authors of the original report to obtain the 

RMSE of these two outcome variables by regression. In Panel A TABLE 1, there is the 

regression result for “I was bullied in school”. I can see that the size of the RMSE obtained by 
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regression is 0.15 (Red box shows). If I use the Cohen’s d value of 0.24, from Equation (7), I 

will get MDE equals to 0.24*0.15=0.036 for outcome variable “I was bullied in school”. In 

Panel B TABLE 1, I can see that the size of the RMSE obtained by regression for outcome 

variable “Trust to people seeing 1st time” is 0.80 (Red box shows). Still I use the Cohen’s d 

value of 0.24, from Equation (7), I will get MDE equals to 0.24*0.8=0.192 for outcome variable 

“Trust to people seeing 1st time”. This gives me the size of the MDE for the two outcome 

variables. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 55, Table C2). As shown in TABLE 

2, circled in red, are the results that I need to reproduce. The two red boxes correspond to the 

regression results for each of the two outcome variables “I was bullied in school” and “Trust 

to people seeing 1st time”. The reason for choosing the regression results in the last column is 

that the authors of the report have included all the control variables in the last column. 

Therefore, in order to obtain the actual output effects after the inclusion of the control variables, 

I choose the regression results in the last column for reproduction. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

at the village level. To be consistent with the way the authors estimated their regressions, I also 

use cluster standard errors at the level of the village. TABLE 3 reports my reproduction of the 

3ie report. 

In TABLE 3, for outcome variable “I was bullied in school”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 0.02. For 
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outcome variable “Trust to people seeing 1st time”, after reproduction, the results also match 

those in the original 3ie report. The cluster robust standard error is 0.10. 

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (8) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (8) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “I was bullied in school” is 

0.02. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.036 and the cluster robust standard error into Equation (8), then 

t
power，𝑣𝑣

= 0.02
0.036

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 10 − 1 = 9 . It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 10 − 1 = 9. This is because there are J=10 

clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 32.7% for outcome variable “I was 

bullied in school”. 
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For the other outcome variable, “Trust to people seeing 1st time”, the cluster robust 

standard error from  regression is 0.10.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.192 into Equation (2), then 

t
power，𝑣𝑣

= 0.192
0.10

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 9. So, the ex post power is 37% for “Trust 

to people seeing 1st time”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 18, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post powers for treatment effects in the 

“I was bullied in school” regressions are 32.7%. The ex post powers for the treatment effects 

in the “Trust to people seeing 1st time” is 37.0%. The ex post power of both of these main 

variables is below 80%.  

The regression results showed that the number of clusters in total is 10 schools, whereas 

the authors aimed for 30 schools (clusters) for the control group or the treatment group when 

designing the experiment. Therefore, I assume that the lack of number of clusters led to the low 

ex post power. In addition, the authors designed the ICC with a value size between 0.15 and 

0.25. I use Stata command kappaetc i_cnfl_buld idskl , icc (random) i( ids_fin ) and 

kappaetc o3b1_tr4 idskl , icc (random) i( ids_fin ) to get ICCs of two outcome variables “I 

was bullied in school” (i_cnfl_buld) and “Trust to people seeing 1st time” (o3b1_tr4) are 0.25 

and 0.27. The ICCs obtained are not much different from the authors' prediction, so ICC is not 

the cause of the power bias. In summary, I believe that the insufficient number of clusters 

causes the ex post power to be lower than the ex ante power. 
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TABLE 1 
The RMSE result of two outcome variables 

Panel A: I was bullied in school 

 
 
 

Panel B: Trust to people seeing 1st time 
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TABLE 2 
Main regression results in the Original report 

 
 

NOTE: The table is taken from Table C2 of the original report (Page 55). The reason for 
choosing the regression results in the last column is that the authors of the report have included 
all the control variables in the last column. Therefore, in order to obtain the actual output effects 
after the inclusion of the control variables, I choose the regression results in the last column for 
reproduction. N in the table represents the total observations number, not the clusters number. 
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TABLE 3 
Reproduction of Main Outcomes Results  

 

Variables I was bullied in school Reproduction Trust to people 
seeing 1st time Reproduction 

Coeffecient -0.04 -0.04 0.27 0.27 
Cluster Robust 
Standard Error 0.02 0.02 0.10 0.10 

N 1676 1676 1316 1316 
 
NOTE: N in the table represents the total observations number, not the clusters number. All 
coefficients in the table are saved to three decimal places. The methodology and the variables 
used for the above estimates are clearly reflected in the Stata programme file provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “I was bullied in school”: 

# Input values 
MDE = c(0.036)  
DF  = (9) 
SE  = (0.02) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Trust to people seeing 1st time”: 

# Input values 
MDE = c(0.192)  
DF  = (9) 
SE  = (0.1) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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APPENDIX  

The purpose of this proof is to demonstrate the change from Equation (5) to Equation (6), and 

let me start with Equation (4). 

In Equation (4): 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

Let all observations divide into two groups, yt : treatment group and y𝑐𝑐  : control 

group, then let  

𝑁𝑁 =   𝑛𝑛𝑡𝑡 + 𝑛𝑛c 

 𝑛𝑛𝑡𝑡 : Number of observations in the treatment group 

 𝑛𝑛𝑐𝑐 ∶ Number of observations in the control group 

 𝑁𝑁 ∶ Total  observations number 

Because D is 0 or 1 for all observations, it is easy to know: 

1.  ∑𝑀𝑀𝑖𝑖2 =   𝑛𝑛𝑡𝑡   (The sum of all D observations squared equals to how many 1s in all 

observations) 

2.  ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤 = Σ(𝑡𝑡)𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤  =  Σ(t)𝑝𝑝(𝑡𝑡) =  𝑛𝑛𝑡𝑡
∑(𝑡𝑡)⋅𝑦𝑦𝑡𝑡
𝑛𝑛𝑡𝑡

=  𝑛𝑛𝑡𝑡 ⋅ 𝑝𝑝𝑡𝑡�    

3.𝑀𝑀� =  𝑛𝑛𝑡𝑡
𝑁𝑁

    (The mean of dummy variable D equals to number of observations in the 

treatment group divided by total  observations number) 

Based on the above three points: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) =  1
𝑁𝑁
𝛴𝛴𝑀𝑀𝑖𝑖2 − (𝑀𝑀�)2 
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                =  
1
𝑁𝑁

 𝑛𝑛𝑡𝑡 − �
𝑛𝑛𝑡𝑡
𝑁𝑁
�
2
 

                =   
𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  
𝑛𝑛𝑡𝑡
𝑁𝑁

 � 

=   
𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2  

        𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) =  1
𝑁𝑁

 ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑖𝑖   −  𝑀𝑀� × 𝑝𝑝� 

                                                    =  1
𝑁𝑁
𝑛𝑛𝑡𝑡𝑝𝑝𝑡𝑡�   −  𝑛𝑛𝑡𝑡

𝑁𝑁
( 𝑛𝑛𝑡𝑡
𝑁𝑁

 𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐
𝑁𝑁

 𝑝𝑝�𝑐𝑐 ) 

                                             =  𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  𝑛𝑛𝑡𝑡
𝑁𝑁
�  𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 𝑝𝑝�𝑐𝑐 

                       = 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

If 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) and 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) are known,  based on Wooldridge (2009), it is easy to 

know :  

                                                           𝛽𝛽 � =   𝐶𝐶𝑝𝑝𝑣𝑣( 𝑦𝑦 ,   𝑀𝑀)
𝑉𝑉𝑠𝑠𝑝𝑝 (𝑀𝑀)

          

= ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

In Equation (5), if I regress Equation (4), I get Equation (5):  
 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

e : The residuals 

�̂�𝛽 : The estimated coefficient 

Then root-mean-square error (RMSE) is �𝑉𝑉𝑝𝑝𝑟𝑟(𝑒𝑒): 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = �𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖) 

It is easy to prove that: 

𝑉𝑉𝑝𝑝𝑟𝑟 �𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖� = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 �̂�𝛽 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝𝑖𝑖 ,𝑀𝑀𝑤𝑤 ) + �̂�𝛽2 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀𝑤𝑤 ) 

                            = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 ( 𝑝𝑝𝑡𝑡� − 𝑝𝑝�𝑐𝑐)  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) + ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 

                            =  𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 
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𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  is what need to find out: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)   =  ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2

𝑁𝑁
  =  𝛴𝛴𝑡𝑡

(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

If I get 𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
 first: 

Σt
(yt−y�)2

N
  =  1

N
  Σt �yt −

nt
N

y�t −
nC
N

y�c�
2

 

      =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 −
𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  ) 2 

                          =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − �𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡� + (𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

 =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + (𝑛𝑛𝑐𝑐
𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐
𝑁𝑁

(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐)) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡)2 + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                                =    𝑛𝑛𝑡𝑡
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 (𝜎𝜎yt2  : the variance of 𝑝𝑝𝑡𝑡) 

The same I can get: 

𝛴𝛴𝑐𝑐
(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
  =    𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

So: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  =  𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

                                                              =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2  + 𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                         =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = � 1
𝑁𝑁
∑𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

                                             =  �𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  +  𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  +  𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

 =  �
𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 
𝑛𝑛𝑐𝑐
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑐𝑐2  

From the pool standard deviation formula, I know: 



437 
 

𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �
(𝑛𝑛𝑡𝑡 − 1)𝐸𝐸𝑦𝑦𝑡𝑡2 + (𝑛𝑛𝑐𝑐 − 1)𝐸𝐸𝑦𝑦𝑐𝑐2

𝑛𝑛𝑡𝑡 + 𝑛𝑛𝑐𝑐 − 2
 

𝜎𝜎𝑦𝑦𝑡𝑡
2  = 𝑉𝑉𝑝𝑝𝑟𝑟(𝑝𝑝𝑡𝑡) = ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡
 

𝐸𝐸𝑦𝑦𝑡𝑡
2  =  

∑�𝑝𝑝𝑡𝑡−𝑝𝑝�𝑡𝑡�
2

𝑛𝑛𝑡𝑡−2  

𝜎𝜎𝑦𝑦𝑡𝑡
2  =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡−1
 =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 𝐸𝐸𝑝𝑝𝑡𝑡

2  

The same 𝜎𝜎𝑦𝑦𝑐𝑐
2  =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 ∑(𝑦𝑦𝑐𝑐−𝑦𝑦�𝑐𝑐)2

𝑛𝑛𝑐𝑐−1
 =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 𝐸𝐸𝑝𝑝𝑐𝑐

2  

If I want to get the relationship between 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 and 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

By changing from Equation (5) to Equation (6), I establish the relationship between 

𝐸𝐸pool  and the residuals. Using the regression model, I am able to obtain the residuals and thus 

the 𝐸𝐸pool . 
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1. Introduction 

This report was performed in rural Kenyan marketplaces with the goal of determining 

how the Get-Ahead programme affects the profitability, development, and survival of female-

owned companies, as well as determining whether any profits gained came at the expense of 

other company owners. A year and a half following the training, trained women were randomly 

allocated to a mentorship intervention to see if extra group-based and in-person assistance 

increased the influence of training on the desired outcomes. The study relied on a randomized 

experiment in 157 rural markets in four counties in the Western and Eastern regions of Kenya. 

2. Data 

The baseline survey (Round 1) was done in each county immediately after the listing 

survey and took place between June and November 2013. Enumerators were able to interview 

3,537 (87.6 percent) of a target population of 4,037 persons in time to consider inviting them 

to training. These 3,537 people were spread across 157 separate markets, many of which were 

small and remote, and were mostly made up of women who ran a limited number of businesses, 

such as selling fruit, vegetables, cereals, and dried fish products at tables, as well as providing 

services like hairdressing, dressmaking, and small food kiosks. A market is a designated 

location in the village where the authorities normally instal a few stalls for vendors to showcase 

their goods and services and charge them a market fee to sell there. The study's marketplaces 

contained an average of 22 surveyed firms, with 75% of them in retail and 25% in services. 

This research employs a two-stage randomised experiment to determine the causal 

influence of training participation. First, the researchers classified marketplaces as either 

treatment or control. The researchers then randomly chose 1,172 women from the treatment 

market and asked them to participate in the Get-Ahead programme. The researchers were able 

to quantify the impact of the training by comparing the women in the treatment market who 

were invited to the Get-Ahead programme to those in the control market. When women in the 
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treatment market who were not invited to the training were compared to women in the control 

market, any spillover effects of operating in a market where others had received training could 

be measured.  

To assess effect, the researchers then set two time points for respondents to be 

interviewed, one at one year (Round 2 and Round 3) and the other at three years (Round 4 and 

Round ). It is worth noting that both nodes here are dummy variables, which are recorded as 1 

whenever they are accessed in either round. For example, the Stata code is gen 

r23=round==2|round==3. So r23 in this code is a one year interviewed time dummy variable. 

It means that as long as the respondent has received one visit in Round 2 or Round 3, the 

dummy variable value is 1, otherwise it is 0. For three-year interviewed time dummy variable, 

the researchers use the Stata code gen r45=round==4|round==5. So r45 in this code is a three-

year interviewed time dummy variable. It means that as long as the respondent has received 

one visit in Round 4 or Round 5, the dummy variable value is 1, otherwise it is 0. 

The dataset is in the form of a Stata dataset, which contains all the experimental data 

used by the authors of the report. 

3. Estimation procedure 

The model used by the authors in the original report is more complex and includes a 

dummy variable for the one-year or three-year interview and another dummy variable for the 

presence of spillover effects. This is shown in Equation (1): 

 𝑌𝑌𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑖𝑖,𝑗𝑗 ∗ 1 Year 𝑡𝑡 + 𝛽𝛽2𝑇𝑇𝑖𝑖,𝑗𝑗 ∗ 3 Years 𝑡𝑡 + 𝛽𝛽3𝐸𝐸𝑖𝑖,𝑗𝑗 ∗ 1 Year 𝑡𝑡 + 𝛽𝛽4𝐸𝐸𝑖𝑖,𝑗𝑗
∗ 3 Years 𝑡𝑡 + 𝜋𝜋𝑌𝑌𝑖𝑖,𝑗𝑗,𝑡𝑡=1 + 𝛾𝛾𝐵𝐵𝑀𝑀𝑖𝑖,𝑗𝑗,𝑡𝑡=1 + 𝑋𝑋𝑖𝑖,𝑖𝑖,𝑗𝑗

′ 𝜃𝜃 + 𝜀𝜀𝑖𝑖,𝑗𝑗,𝑡𝑡 
(1) 

It is worth clarifying that the spillover effect here is the spillover effect of operating in 

a market where others have received Get-Ahead training that can be measured when women in 

the treatment group who are not invited to the training are compared to women in the control 

group. The effect of treatment should be understood when researchers then randomly select 

1,172 women from the treatment group and ask them to participate in the Get-Ahead 
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programme, by comparing women in the treatment group who are invited to participate in the 

Get-Ahead programme with women in the control group. Simply put, even if a woman is not 

trained in the Get-Ahead programme, she can still benefit commercially from the people around 

her who have been trained. The focus of this report is on the size of the effect of receiving 

treatment, not the size of the spillover effect. 

Therefore, in order to simplify the model in Equation (1), I do not consider its spillover 

effect. In addition, in order to calculate the ex post power of a long-term experiment, I do not 

consider a 1-year time dummy variable, but a 3-year time dummy variable. In this way, the 

authors' original model is reduced to a Difference in Difference (DID) model, which facilitates 

the calculation of ex post power. The simplified model is shown in Equation (2). 

 𝑌𝑌𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑖𝑖,𝑗𝑗 + 𝛽𝛽23 Years 𝑡𝑡 + 𝛽𝛽3𝑇𝑇𝑖𝑖,𝑗𝑗 ∗ 3 Years 𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑗𝑗,𝑡𝑡 (2) 

Individual woman level outcomes are examined by estimating for woman i in market j at time 

t=2,3,4 and 5: 

𝑌𝑌𝑖𝑖,𝑗𝑗,𝑡𝑡 : The given outcome variable measured in round t  

𝑇𝑇𝑖𝑖,𝑗𝑗 :  Dummy variable, whether the woman treated with Get-Ahead programme training, if 

treated, equals to 1, otherwise equals to 0 

3 Years 𝑡𝑡 : The endline or baseline indicator. It means that as long as the woman has received 

one visit in Round 4 or Round 5 (a 3-year endline survey), the dummy variable value is 1, 

otherwise it is 0 

𝑇𝑇𝑖𝑖,𝑗𝑗 ∗ 3 Years 𝑡𝑡 : The interaction term 

𝛽𝛽3 : The DID coefficient 

𝜀𝜀𝑖𝑖,𝑗𝑗,𝑡𝑡 : Error term  

To account for cluster randomisation at the market level, the authors have used the 

cluster robust standard error and placed this error in the regression results table. The 
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methodology and the variables used for the above estimates are clearly reflected in the Stata 

programme file provided by 3ie. 

4. Outcomes 

This report examines many outcome variables. The outcome variables for whether or 

not Kenya women's participation in Get-Ahead programme had an impact on their business 

firms included Firm Survival Rate, Daily Sales, Weekly Sales, Main Product Sales, Weekly 

Profits, and Main Product Profits etc. I only select outcome variable Weekly Profits to 

calculate its ex post power.  

The reason for this is that, in the proposal for this report, the authors indicate the 

sample size needed for the ex ante power posterior calculation and only choose the outcome 

variable Weekly Profits for the calculation. Therefore, a one-to-one relationship is needed to 

obtain the MDE of the corresponding variable in the proposal when calculating the ex post 

power. Therefore, I only use Weekly Profits to calculate the ex post power. 

5. Ex ante power and MDE 

In this report, the researchers set the ex ante power to 90% and determined the minimum 

detectable effect (MDE) based on this ex ante power. In the Proposal of the original report, the 

authors write: “Based on STATA’s sampsi command: sampsi 100 123.75, pre(1) post(2) 

sd1(80) r01(0.4) r1(0.4) with ANCOVA to obtain the sample size needed to detect a 25 percent 

increase in weekly profits”. 

 This command is one of the more commonly used Stata functions to calculate sample 

size for the experiment. It contains several parameters, which I will explain in detail. In this 

command, 100 and 123.75 represent the mean values for control group and treatment group 

are 100 and 123.75. It also represents the increase should be 23.75%. Taking into account the 

discount, this is approximately 25%. sd1(80) represents standard deviation of control group is 

set to 80. r01(0.4) r1(0.4) represent correlation between follow-up measurements and 
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correlation between baseline and follow-up measurements are all set to 0.4. By this Stata 

command, the authors of the report got the sample sizes for control group and treatment group. 

It is worth noting that the default ex ante power for this Stata command is 90% if it is 

not set. Therefore, the authors did not change this default power to any other value and the ex 

ante power was set to 90%.  

MDE is set to be 25% in Weekly Profits. The 25% here refers to the mean of the 

treatment group, which increased by 25% relative to the mean of the control group. For 

example, if the mean for the control group was 100, the mean for the treatment group would 

be approximately 125. For this MDE value, the authors of the report add this note: “...... Based 

on a weekly profit of 1100 KSH (around US$15) for the control group at baseline”. Therefore, 

if I translate 25% of this MDE size into a value that can be used to calculate the ex post power, 

it should be 1100*25%=275 KSH. This also means that the weekly profit increase considered 

by the authors is 275 KSH. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable. In the 3ie report, the 

authors report the main outcome variable in the report (Page 32, Table 7). As shown in TABLE 

1. The fifth column, circled in red, are the results that I need to reproduce.  

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used DID model. Standard errors were clustered at the level of 

randomization, specifically, at the village level. To be consistent with the way the authors 

estimated their regressions, I also use cluster standard errors at the level of village. TABLE 2 

reports my reproduction of the 3ie report. 

In TABLE 2, for the main outcome variable “Weekly Profits”, The model I have chosen 

is one that does not take into account spillover effects and, in addition, takes into account long-
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term (three-year) effects, so I need to replicate the results in the red boxes. After reproduction, 

the results match those in the original 3ie report. The cluster robust standard error of DID is 

108.  

It is worth noting that in the Stata do file used by the author of the report, the authors 

did use cluster robust standard error for this purpose. This can be interpreted as the author of 

the report treating each market as a cluster, to obtain the cluster robust standard error. In the 

final regression results in TABLE 2, the authors concluded that N, the sample size, was 12881. 

This is the size of the overall sample. In fact, the sample consists of 157 markets, for example, 

there are 157 clusters, which I obtained by actually running the authors' program and data in 

the original report. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (3) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (3) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error in DID regression 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error of DID from “Weekly Profits” regression is 108. If I 

put 𝑀𝑀𝑀𝑀𝐸𝐸 = 275 and the standard error of DID into Equation (3), then t
power，𝑣𝑣

= 275
108

−
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t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 157 − 1 = 156. It is worth noting that in previous chapters I 

have shown that the estimator used in the SE-ES method must be consistent with the data 

environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 157 − 1 = 156. This is because there are J=157 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. Based on the above, I 

calculate an ex post power of 71.6% for outcome variable “Weekly Profits”. This result is close 

but below the designed ex ante power of 90%.  

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 19, the ex ante power was set to 90%. By focusing 

on the most important variable, after analysis, the ex post powers for treatment effects in the 

“Weekly Profits” regressions is 71.6%. The author of the original report did not set the ex ante 

power to an ordinary value 80%, but to 90%.  

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-
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life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 

 In this report, the number of clusters declared by the authors in the design of the 

experiment was 120, but the number obtained after the experiment was 157, which should not 

be the cause of the low power. A possible explanation for this is that the author's pre-

experimental estimate of the ICC is low. The ICC settings mentioned by the authors in the 

report proposal are 0.1 to 0.2. I used the Stata command  kappaetc q16_profits hcomm , icc 

(random) i( village ) to get the ICC of variable “Weekly Profits” is 0.35. So, the authors may 

have underestimated the actual ICC value as the cause of the insufficient power. 
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TABLE 1 
Mean results of the regression for outcome variable “Weekly Profits” 

 

 
 
 

NOTE: The table is taken from Table 7 of the original report (Page 32). The authors concluded 
that N, the sample size, was 12881. This is the size of the overall sample. In fact, the sample 
consists of 157 markets, for example, there are 157 clusters. 
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TABLE 2 

Reproduction of Main Outcomes Results  
 

Variables Weekly Profits Reproduction 

Received Training* 3 Years 273 
[se=108] 

273 
[se=108] 

Sample Size 12881 12881 
 
NOTE: The methodology and the variables used for the above estimates are clearly reflected 
in the Stata programme file provided by 3ie. 
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CODE SOURCE 

Ex post power calculation for outcome variable “Weekly Profits”: 

# Input values 
MDE = c(275)  
DF  = (156) 
SE  = (108) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 20 

Communication for development to improve health behaviors in 

Ghana 
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1. Introduction 

The evaluation was carried out in 12 Ghanaian districts in 2012 to assess the impact of 

various components of the Communication for Development (C4D) project, which aimed to 

increase the use of key health behaviours such as the use of insecticide-treated nets (ITNs), the 

use of oral rehydration solution (ORS) and zinc to treat diarrhoea, hand washing, exclusive 

breastfeeding, and skilled birth attendant delivery. The findings given in this research reveal 

that during the previous several years, considerable improvement had been made in all five 

health behaviors. The proportion of diarrhea cases treated with oral rehydration or brought to 

the clinic increased from 85 percent to 98 percent, exclusive breastfeeding in the first six 

months increased from 78 percent to 90 percent, regular hand washing with soap increased 

from 31 percent to 46 percent, and skilled birth attendant coverage increased from 58 percent 

to 77 percent at the endpoint in 2016.  

2. Data 

A cluster randomised controlled trial was used in the report to allow for a rigorous 

evaluation of the intervention's content (RCT). The researchers chose 216 localities in total for 

the RCT and effect evaluation. 108 of these villages served as controls, while another 108 were 

chosen at random to receive live drama or video screenings (54 localities each) and live radio 

broadcasts (50 percent of treatments).  Community agents in all treated neighbourhoods were 

also given additional training and materials to help them in their duties. Caregivers with access 

to mobile phones in both the treatment and control populations were asked to engage in the 

M4D intervention.  

One-third of these individuals got no messages; one-third received voice messages from 

the same person (voice) throughout the research; and one-third received messages from 

someone else. Researchers collected data from three rounds of household surveys to follow 

behaviour through time: the first round of baseline data in 2012, before to the commencement 
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of the experiment; the midline survey in 2014; and the endline survey in 2016. In addition to 

the quantitative component, the researchers performed a qualitative study to investigate the 

effect of socioeconomic, cultural, and geographical factors on health behaviours, as well as to 

discover how the implementation process resulted in project impact. 

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The authors of this report used primarily the Difference-in-difference (DID) model 

when examining whether M4D intervention had effects on outcomes of concern. The DID 

model included two dummy variables representing whether the children received treatment 

(treated_ct) and was interviewed from baseline or endline (post). In the model includes an 

interaction term between these two, named  delta_ct. The DID model is shown as Equation (1): 

 regy_ict=alpha+beta1*treated_ct+beta2*post+beta3*delta_ct+epsilon_ict (1) 

regy_ict : the outcome of interest of children i in cluster c and period t (pre and post) 

alpha :  The constant term 

treated_ct :  Dummy variable, whether the children received treatment, if treated, equals to 1, 

otherwise equals to 0 

post : The endline or baseline indicator for the child 

delta_ct : The interaction term of treated_ct*post 

beta3 : The DID coefficient 

epsilon_ict : Error term  

Standard errors are clustered at the village level. The methodology and the variables 

used for the above estimates are clearly reflected in the do file provided by 3ie. 

4. Outcomes 

This report examines 6 outcome variables. The authors of the report identified two 
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primary outcome variables, one being “Children Sleep Insecticide Treated Nets” and the 

other being “Hand Washing with Soap”.  

“Children Sleep Insecticide Treated Nets” is an outcome variable, where the mother 

of a child reports whether her child has used Insecticide Treated Nets last night. This is a 

dummy variable with a value of 1 if used and 0 otherwise. The authors of the report then 

calculate the percentage of responses to 1 for the control and treatment groups. A DID 

analysis was performed on both. 

“Hand Washing with Soap” is also a dummy variable, reporting whether the mother 

herself washed her hands before eating, after defecating, or after changing a baby. Similarly, 

if the answer is yes, the value of the result variable is 1, otherwise it is 0. The authors of the 

report then calculate the percentage of responses to 1 for the control and treatment groups and 

run did regression between two groups. 

Therefore, I will perform the ex post power calculations for the two outcome variables 

of “Children Use Insecticide Treated Nets” and “Hand Washing with Soap”. 

5. MDE and ex ante power 

In the original report, the authors clearly state that the ex ante power is set to 90%.  

For outcome variable “Children Sleep Insecticide Treated Nets”, in the baseline 

survey, the authors of the report observed that 56.55% of the respondents had mosquito nets 

in their homes. According to the stated baseline survey, 56.55 percent of respondents had 

mosquito nets in their houses. Of them, 34.53 percent (s.d. =47.5), or 19.53 percent of the 

whole sample, reported sleeping beneath a mosquito net the night before the survey, and 

36.75 percent (s.d.=48.22), or 20.78 percent of the total sample, reported doing the same with 

their youngest kid.  

The researchers for this report did not expect this intervention to raise net ownership, 

but they did anticipate a 50% rise in net use (to 29.29 percent of principle respondents and 
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31.17 percent of their children). Based on these baseline survey data, the authors inferred that 

they expect MDE is 31.17% for outcome variable “Children Sleep Insecticide Treated Nets”. 

In the proposal of the original report, authors described it as :“we expect a 50 percent 

increase in net use (up to 29.29% of principle respondents and 31.17% of their children). 

While this impact may appear large, it is within the range that other social and behavior 

change communication campaigns have realized. COMMIT, a Johns Hopkins University 

campaign in Tanzania which employed dancing, skits, mobile video units and community 

change agents, saw a 34.6-76.6% increase in the percentage of households in which all 

children under five slept under a bed net”. 

For outcome variable “Hand Washing with Soap”, in the baseline survey, 57.42% of 

respondents (standard deviation=49.45) reported washing their hands with soap before the 

last time they ate, while 81.58% (standard deviation=38.77) and 82.87% (standard 

deviation=37.68) reported washing hands with soap after the last time they defecated or 

cleaned a baby who had defecated, respectively. Therefore, the authors of the report inferred 

that the expected effect size is a 10 percent increase in handwashing with soap behavior. So, 

MDE should be 10% for outcome variable “Hand Washing with Soap”. 

It is worth noting that the magnitude of the MDE for both variables is in percentages, 

and that the results obtained by the authors in the regression analysis of these two variables 

are also in percentages. Therefore, I believe that 31.17% and 10% should be directly the 

MDE sizes of these two variables. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 25, Table 1). As shown in TABLE 1, 

circled in red, are the results that I need to reproduce. The two red boxes correspond to the 
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regression results for each of the two outcome variables “Children Sleep Insecticide Treated 

Nets” and “Hand Washing with Soap”. The reason for choosing the regression results in the 

last column is that the authors of the report have included all the control variables in the last 

column. Therefore, in order to obtain the actual output effects after the inclusion of the control 

variables, I choose the regression results in the last column for reproduction. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

level of the village. To be consistent with the way the authors estimated their regressions, I also 

use cluster standard errors at the level of the village. TABLE 2 reports my reproduction of the 

3ie report. 

In TABLE 2, for the outcome variable “Children Sleep Insecticide Treated Nets”, after 

reproduction, the results match those in the original 3ie report. The cluster robust standard error 

is 0.028. For outcome variable “Hand Washing with Soap”, after reproduction, the results also 

match those in the original 3ie report. The cluster robust standard error is 0.062.  

It is worth noting that in this report the role of C4D treatment is examined in addition 

to the role of Video instead of theater and Live video events, for example, but the core of this 

report is to examine the role of C4D. In addition, a mid-term survey is included in this report 

and the results of the mid-term survey have been analysed accordingly. In order to study the 

ex-post power of the long-term effects, I have not selected the results of the interim survey, but 

rather the results of the endline. Therefore, I have selected the two results in the red boxes. 

These are the variables I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (2) is used for SE-ES 

method: 
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 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error of minimum detectable effect size 

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error of DID from “Children Sleep Insecticide Treated Nets” 

regression is 0.028. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.3117 and the standard error of DID into Equation (2), 

then t
power，𝑣𝑣

= 0.3117
0.028

− t1−α2,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 214 − 1 = 213. It is worth noting 

that in previous chapters I have shown that the estimator used in the SE-ES method must be 

consistent with the data environment. Therefore, the data environment is the existence of a 

clustering problem. Therefore, for consistency, clustered standard errors are used here for 

arithmetic purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 214 − 1 = 213. This is because 

there are J=214 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. In 

addition, the 214 clusters are the result of regression, which is different from the 216 clusters 

stated in the author's design, but I still use the number of clusters obtained in the regression. 

Possible reasons are due to sample attrition. 

Based on the above, I calculate an ex post power of 100% for outcome variable 

“Children Sleep Insecticide Treated Nets”.  

For the other outcome variable, “Hand Washing with Soap”, the cluster robust standard 

error from regression is 0.062.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1 into Equation (2), then t
power，𝑣𝑣

=

0.1
0.062

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 213. So, the ex post power is 36% for “Trust to people 

seeing 1st time”. 
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The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 20, the ex ante power is set to 90%. By focusing 

on the two most central variables, after analysis, the ex post power of outcome variable 

“Children Sleep Insecticide Treated Nets” is 100%. The ex post power of outcome variable 

“Hand Washing with Soap” is 36%. The ex post power of the first variable exceeds the ex ante 

power, while the ex post power of the second variable is less than the ex ante power. 

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-

life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 

 In this report, the researchers did not explicitly state the calculation of the number of 

clusters beforehand, they only estimated the number of persons in each cluster. Therefore, it is 

difficult to determine whether the standard error is large due to an insufficient number of 

clusters. However, I used the Stata command  kappaetc m_child_used_itn/ 

m_soap_observed hcomm , icc (random) i( hid ) on both variables and I found that ICC for 

first variable “Children Sleep Insecticide Treated Nets” is 0.001 and ICC for second variable 
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“Hand Washing with Soap” is 0.05. This compares with the ICC size predicted by the authors 

in the report proposal of 0.01. Such a difference in ICC is not significant and I don't think ICC 

is the reason why the ex post power is lower than the ex ante power. However, in the proposal, 

the authors of the report do not discuss the number of clusters, but rather the number of 

individuals in each cluster, for the pre-experimental design. Therefore, I assume that the lack 

of number of clusters led to the low ex post power. 
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TABLE 1 
Main regression results in the Original report 

 
 

 

NOTE: This table is in 3ie report (Page 25, Table1). in this report the role of C4D treatment is 
examined in addition to the role of Video instead of theater and Live video events, for example, 
but the core of this report is to examine the role of C4D. In addition, a mid-term survey is 
included in this report and the results of the mid-term survey have been analysed accordingly. 
In order to study the ex-post power of the long-term effects, I have not selected the results of 
the interim survey, but rather the results of the endline. Therefore, I have selected the two 
results in the red boxes. 
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TABLE 2 
Reproduction of Main Outcomes Results   

 

Variables 
Children Sleep 

Insecticide Treated 
Nets 

Reproduction Hand Washing 
with Soap Reproduction 

Coefficient -0.018 -0.018 0.024 0.024 
Cluster Robust 
Standard Error 0.028 0.028 0.062 0.062 

N 3368 3368 831 831 
 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 
 
1. Ex post power calculation for outcome variable “Children Sleep Insecticide Treated Nets”: 

 
# Input values 
MDE = c(0.3117)  
DF  = (213) 
SE  = (0.028) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Hand Washing with Soap”: 

# Input values 
MDE = c(0.10)  
DF  = (213) 
SE  = (0.062) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 21 

Improving midday meal delivery and encouraging micronutrient 

fortification among children in India 
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1. Introduction 

Undernutrition is a widespread problem in developing countries, impacting on the 

health and learning of children. In India, nutritional deficiency is particularly widespread, 

leading to government efforts to attempt various strategies to address the problem. This report 

evaluated the efficacy of different strategies to provide micronutrient supplementation to 

school children through a lunch programme in in the Keonjhar district of Odisha, India. A field 

experiment was conducted in 150 schools to investigate the impact of a micronutrient 

fortification intervention. Outcome variables included meal quality and child health. 

2. Data 

The intervention sample in the report comprised 150 schools. Of these 150 schools, 75 

were randomly allotted to MNM, while the other 75 were not, and were stratified by 

neighbourhood and type of school ( that is, whether the school had only primary grade 1 or 

also had upper primary grades). The report has stratified by district because district officials 

play an important role in the lunch programme: the lunch money and rice given to schools is 

channelled through the district office and schools are accountable to district officials. Since 

there are schools with grades 6, 7 or 8 (except grades 1-5) that are directly responsible to district 

headquarters officials and neighbourhood officials, they are also stratified by type of school: 

primary (grades 1-5) and primary plus upper grades (grades 1-8). As mentioned above, two 

schools dropped out shortly after the study began, leaving 75 schools in the MNM treatment 

group and 73 schools in the group that did not receive MNM. The total sample was 148 schools. 

The intervention was initiated in November 2014 (MNM treatment and comparison 

groups) and continued in collaboration with the DSME office until the end of April 2015. As 

a result, 75 MNM-treated schools and 73 control group schools remain from the sample studied 

in the report. During this period, the report also monitored school meals and conducted surveys 

to collect information on student attendance, MNM use and IFA tablet use. The report collected 
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food samples from each sample school twice. The scope of the endline survey was the same as 

the first baseline survey, which was launched in April 2015 in 148 study schools and completed 

in early July 2015. Researchers reporting as required conducted focus groups with all 

stakeholders to understand the impact of the intervention.  

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

The authors of this report used primarily the Difference-in-difference (DID) model 

when examining whether MNM treatment had an effect on one of the primary outcomes of 

concern. The model is in the report Page 26, Equation (7.1.2). The DID model included two 

dummy variables representing whether the experiment school received treatment (𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠) and 

was interviewed from baseline or endline (𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠). In the model includes an interaction term 

between these two, named  𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠 ∗ 𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠. The DID model is shown as Equation (1): 

 𝑝𝑝𝑠𝑠 = 𝛼𝛼0 + 𝛽𝛽1 ∙ 𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠 + 𝛽𝛽2 ∙ 𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠 + 𝛽𝛽3 ∙ 𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠 ∗ 𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠 + 𝑣𝑣𝑠𝑠 (1) 

𝑝𝑝𝑠𝑠 : A given outcome (for example, the hemoglobin level)  

𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠 :  Dummy variable, whether the school received MNM treatment, if treated, equals to 

1, otherwise equals to 0 

𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠 : The endline or baseline indicator for the experiment school 

𝑦𝑦𝑛𝑛𝑦𝑦𝑠𝑠 ∗ 𝑒𝑒𝑛𝑛𝑑𝑑𝑝𝑝𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠 : The interaction term 

𝛽𝛽3 : The DID coefficient 

𝑣𝑣𝑠𝑠 : Error term  

The parameter 𝛽𝛽3  represents the DID estimation coefficient. It could show the 

difference in average outcome (for example the hemoglobin level) in the treatment school 

before and after treatment minus the difference in average outcome in the control group before 
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and after treatment. This also demonstrates whether MNM has resulted in differences in 

outcomes over time in treatment group schools and control group schools. 

To account for cluster randomisation, The authors have used the cluster robust standard 

error and placed this error in the regression results table. Each school is a cluster, which 

contains the output of different students, such as hemoglobin levels, zinc levels in the food, 

height and weight, etc. 

The methodology and the variables used for the above estimates are clearly reflected in 

the Stata programme file provided by 3ie. 

4. Outcomes 

This report examines many outcome variables. For example, collects the number of 

fortified ingredients in each meal provided by the school and provides some information 

about the nutritional value of these meals. This data is collected every month during the 

intervention. Additional output variables included testing the nutritional content of students’ 

food. In the third and fifth months of the intervention, the investigators sampled the food 

provided and sent these samples to the laboratory for nutritional analysis. At the same time 

the vitamin A and zinc levels in the students’ food were measured. 

However, I have chosen only one major outcome variable to calculate the ex post power. 

That is “hemoglobin”. The unit for this variable is g/dl. Many other variables were examined 

in the report. However, the authors of the report only specify the size of the minimal detectable 

effect (MDE) in hemoglobin levels between children in enhanced and non-enhanced schools. 

The size of the MDE is an indispensable element in the calculation of post-hoc power, and 

therefore I have only calculated this one output variable. Therefore, I will perform the ex post 

power calculations for the main outcome variable of “hemoglobin”. 

5. Ex ante power and MDE 
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In the original report, the authors did not mention any information about the ex ante 

power they set. Therefore, I can only assume from the data in their report that the default ex 

ante power is 80%. This is the ex ante power used in most 3ie reports. 

For the hemoglobin level, the authors of the report state that the MDE is 0.21-0.22 g/dL. 

This value was derived from two different studies in which the researchers looked at the effects 

of providing iron-free micronutrient mixtures. The average effect size for these two studies was 

0.62 g/dL, which is higher than the authors' MDE estimate. However, for this experiment, due 

to power calculations, the authors of the report considered an intervention sample size of 150 

schools, 75 in each treatment group, to be acceptable. Therefore, they chose this MDE size. 

Because this MDE comes with calculated units, it is straightforward to use. 

As the original report really does not provide much more information, I have made this 

guess based on my previous experience with similar reports from 3ie. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variable “hemoglobin”. In the 

3ie report, the authors report this outcome variable in the 3ie report (Page 35, Table 14). The 

results highlighted by red boxes in TABLE 1 are the results that I need to reproduce. One red 

box corresponds to the regression results for each of the outcome variables “hemoglobin”. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used the DID model. Standard errors were clustered at the level 

of randomization, specifically, at the school level. To be consistent with the way the authors 

estimated their regressions, I also use cluster standard errors at the school level. TABLE 2 

reports my reproduction of the 3ie report. 

In TABLE 2, for the main outcome variable “hemoglobin”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error of DID is 0.090. 



467 
 

These are the values I need to calculate the ex post power, so it is important to make sure they 

are accurate. 

7. Ex post power calculation 

I use the SE-ES method to calculate ex post power. Equation (2) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (2) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from the outcome variable “hemoglobin” is 0.090. If 

I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.22  and the cluster robust standard error into Equation (2), then t
power，𝑣𝑣

=

0.22
0.09

− t1−α2 ,𝑣𝑣 , here 𝛼𝛼 = 0.05 , and 𝑣𝑣 = 148 − 1 = 147 . It is worth noting that in previous 

chapters I have shown that the estimator used in the SE-ES method must be consistent with the 

data environment. Therefore, the data environment is the existence of a clustering problem. 

Therefore, for consistency, clustered standard errors are used here for arithmetic purposes. The 

degrees of freedom (v) are 𝑁𝑁 − 1 = 148 − 1 = 147. This is because there are J=99 clusters 

in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 

Based on the above, I calculate an ex post power of 68% for outcome variable 

“hemoglobin”. The above calculations have been programmed in R. The associated program 

code and calculations are included at the end of this section.  
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8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 21, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post power for the outcome variable 

“hemoglobin” is 68%. This is a relatively good result, although it does not reach 80% ex ante 

power, it is quite close.  

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-

life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 

 In this report, the researchers had 300 clusters in the pre-experimental design. The 

author's exact words in the proposal are as follows:“ With 300 schools and 100 students per 

school, we will have sufficient power to detect effects…”. However, in the final regression, the 

number of clusters obtained is 148. In the data presentation, the authors clearly state that 150 

schools were selected as the sample. This is different from the school number in their proposal. 

I suspect that the authors of the report may have made the rather common mistake of presenting 

the 150 schools in the baseline and endline surveys as 300 schools when, in fact, the cluster 

number is still 150 schools rather than 300 schools. I assume that this may be the main reason 
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for the low power afterwards, as the authors used a lower number of clusters than the 

predetermined number in the data. 
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TABLE 1 
Main result of outcome “hemoglobin” across time and treatment group (school level) 

 

 
 

NOTE: The table is taken from Table 14 of the original report (Page 35). The authors studied 
not only school-level hemoglobin levels but also student-level ones, and I have compared this 
to the original experiment, where the authors chose only school-level hemoglobin levels for 
the MDE analysis. I have therefore selected school level haemoglobin levels to calculate ex 
post power. 
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TABLE 2 

Reproduction of Main Outcomes Results  
 

Variables hemoglobin Reproduction 

Coefficient 0.020 0.020 
Cluster Robust 
Standard Error 0.090 0.090 

N 3511 3511 

R Squared 0.099 0.099 
 
NOTE: All coefficients in the table are saved to three decimal places. The methodology and 
the variables used for the above estimates are clearly reflected in the Stata programme file 
provided by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “hemoglobin”: 

# Input values 
MDE = c(0.22)  
DF  = (147) 
SE  = (0.09) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 22 

Providing collateral and improving product market access for 

smallholder farmers——A randomised evaluation of inventory 

credit in Sierra Leone 
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1. Introduction 

Two interventions were piloted by National Program Coordinating Unit (NPCU) and 

Rural and Agricultural Banks (RABs) in Sierra Leone. In the first intervention, NPCU offered 

a sample of palm oil producing communities with community storage restoration, extra palm 

oil containers, and marketing assistance. The first intervention is called Inventory Credit 

treatment (IC). In the second intervention, NPCU and RABs collaborated to offer stock credit 

loans to a wide group of communities. Farmers in these communities were offered the chance 

to borrow money from banks while using the produce held in communal storage facilities as 

security. The second intervention is called Storage treatment (STORAGE). Three groups were 

formed from a sample of 120 palm oil producing communities located in three RAB catchment 

regions. The storage assistance intervention was given to the first group, the inventory credit 

programme was given to the second group, and the third group was observed as a control group. 

2. Data 

Several supplementary data gathering efforts were used in the program's assessment. 

First, the Bank and academics performed a preliminary evaluation to select target communities 

in the three Bank catchment areas. Prior to the program's implementation, researchers 

performed an independent census of palm oil producing households in each of these 120 

communities in September and October 2010. The poll targeted a random sample of 1,858 

households based on the preceding criteria. The baseline study was done in November and 

December of 2010, only a few months before the peak palm oil harvest season began (March). 

The survey contained thorough information on palm oil-related activities, with a specific 

emphasis on marketing timing, which was the study's major outcome measure. Various survey 

modules addressed other agricultural operations, credit and savings, selling prices and price 

expectations, risk and time preferences, and so on. During the product's rollout in 2011, 

researchers visited three target communities  to collect thorough information on home selling 
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and storage behaviour. Researchers performed a terminal survey in January 2012. The study 

included a wealth of information on palm oil-related activities, storage, credit availability, 

trading connections, and price forecasts. 

The researchers chose 40 communities for the first intervention Inventory Credit 

treatment(IC), 40 communities for the second  intervention Storage treatment (STORAGE) and 

40 communities for the control group.  

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

Since this report examines the impact of two interventions on the palm oil industry, 

there are two DID models in Equation (1), (2): 

 𝑌𝑌𝑖𝑖𝑗𝑗 = α + 𝛽𝛽1(IC ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2IC + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + covariates + 𝜀𝜀𝑖𝑖𝑗𝑗 (1) 

 

 𝑌𝑌𝑖𝑖𝑗𝑗 = α + 𝛽𝛽1(STORAGE ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡) + 𝛽𝛽2STORAGE + 𝛽𝛽3𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 + covariates + 𝜀𝜀𝑖𝑖𝑗𝑗 (2) 

𝑌𝑌𝑖𝑖𝑗𝑗 : A given outcome for respondent 𝑤𝑤  in community j  

α : Constant term 

IC :  Dummy variable, whether community j get the first intervention Inventory Credit 

treatment (IC) 

STORAGE  :  Dummy variable, whether community j get the second intervention Storage 

treatment (STORAGE) 

𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 : The baseline  or endline  indicator 

IC ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡 , STORAGE ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑇𝑇𝑡𝑡: The interaction terms 

𝛽𝛽1 : DID coefficient 

covariates: Control variables 

𝜀𝜀𝑖𝑖𝑗𝑗 : Error term, the usual disturbance term clustered at the community level 
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It is worth noting that the 2 treatments and the corresponding samples are independent 

of each other, and only the control group is common. In the final regression results, Treatment 

IC had 39 communities, Treatment STORAGE had 40 communities, and the control group had 

40 communities. 

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 

This report examines different outcome variables, for example, Palm oil plot size, Palm 

oil main sale, Harvests masankay, Price masankay, Harvests red oil, Price red oil etc. 

Since an important topic of study in this report is whether the treatment IC or the 

treatment STORAGE has improved Palm oil sale,  in order to avoid too many variables 

involved in the calculation of the ex post power, I mainly choose the Palm oil sale to calculate 

the ex post power. For each of the 2 different treatments, I calculate the ex post power of the 

Palm oil sale, so that the 2 outcome variables are “Palm oil sale (IC)” and “Palm oil sale 

(STORAGE)”. They are representing with treatment Inventory Credit and treatment Storage. 

It is worth noting that 2 variables are in the form of percentage points and the authors 

obtained the estimates of the DID model by controlling the change in percentage points in the 

baseline and endline for the treatment and control groups. 

5. Ex ante power and MDE 

In the original report, the authors clearly state that the ex ante power is set to 85%.  

The authors set the ICC size to 0.066, and each treatment group included 40 

communities. The authors also set other parameters such as the standard error for each group. 

And according to the Stata command rdpower, the authors calculate the size of the MDE 

corresponding to 85% of the ex ante power. If no covariates are included, the size of the MDE 

is 0.15-0.2 standardized effect size. If covariates are included, the size of the MDE is 0.23 
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standardized effect size. Since the DID model is a model with covariates, I choose an MDE of 

0.23 to calculate the ex post power. 

It is worth noting that the authors of the report explicitly state that the standardized 

effect size stands for the main variables of interest by multiplying it by the standard deviation 

of the variable. For example, for outcome variable “Palm oil sale (IC)”, if I use Stata command 

egen SD1 = sd(B_e_buy_for_sale) if treatmentgroup ==1 , to get the standard deviation of 

the outcome variable is 0.45. B_e_buy_for_sale is the name label of Palm oil sale. The actual 

MDE size of “Palm oil sale (IC)” should be 0.23*0.45=0.1035.  

For the second outcome variable, “Palm oil sale (STORAGE)”, I use Stata command 

egen SD2 = sd(B_e_buy_for_sale) if treatmentgroup ==2 to get the standard deviation of 

the outcome variable is 0.42. The actual MDE size of Palm oil sale (STORAGE) should be 

0.23*0.42=0.0966. 

I will use these MDEs to calculate the ex post power. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the main outcome variables. In the 3ie report, 

the authors report the main outcome variables in the report (Page 24, Table 7). As shown in 

TABLE 1, 2 boxes, circled in red, are the results that I need to reproduce. The results in column 

2 are chosen because the regression contains covariates. The standard errors in parentheses in 

TABLE 1 are the cluster robust standard errors. Standard errors were clustered at the 

community level. 

Since 3ie provides all the data used and the associated do files, I am able to reproduce 

the results exactly. TABLE 2 reports my reproduction of the 3ie report. 

In TABLE 2, for the first outcome variable “Palm oil sale (IC)”, after reproduction, the 

results match those in the original 3ie report. The cluster robust standard error is 0.029. For the 
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second outcome variable “Palm oil sale (STORAGE)”, after reproduction, the results also 

match those in the original 3ie report. The cluster robust standard error is 0.028.  

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method for calculating ex post power. Equation (3) is used for SE-ES method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (3) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Palm oil sale (IC)” is 0.029. 

If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.1035 and the cluster robust standard error into Equation (3), then 

t
power，𝑣𝑣

= 0.1035
0.030

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 79 − 1 = 78. It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 79 − 1 = 78. This is because there are 

J=79 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. The 79 

clusters include 39 treatment clusters and 40 control clusters. 

Based on the above, I calculate an ex post power of 94.1% for outcome variable “Palm 

oil sale (IC)”. 
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For the second outcome variable, “Palm oil sale (STORAGE)”, the cluster robust 

standard error from  regression is 0.028.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 0.0966 into Equation (3), then 

t
power，𝑣𝑣

= 0.0966
 0.028

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 79. So, the ex post power is 92.6% for 

“Palm oil sale (STORAGE)”. The 80 clusters include 40 treatment clusters and 40 control 

clusters. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 22, the ex ante power was set to 85%. By focusing 

on 2 most central variables in 2 kinds of treatment, after analysis, the ex post power for 

treatment effect in the “Palm oil sale (IC)” regression is 94.1%. And the ex post power for the 

treatment effects in the “Palm oil sale (STORAGE)” is 92.6%. The ex post power of all 2 

outcome variables exceeded the ex ante power, indicating that the authors' prior experimental 

design was achieved. 
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TABLE 1 

Main regression results for outcome variables  
 
 

 
NOTE: The table is taken from Table 7 of the original report (Page 24). The results in column 
2 are chosen because the regression contains covariates. The standard errors in parentheses are 
the cluster robust standard errors. Standard errors were clustered at the community level. 
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TABLE 2 
Reproduction of Main Outcomes Results  

 

Variables 
Palm 

oil sale 
(IC) 

Reproduction Awareness 
(T2) 

Palm oil sale 
(STORAGE) 

Coefficient 0.005 0.005 0.052 0.052 
Standard 

error 0.029 0.029 0.028 0.028 

Observations 1798 1798 1798 1798 
 
NOTE: All coefficients in the table are saved to 3 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Palm oil sale (IC)”: 

# Input values 
MDE = c(0.1035)  
DF  = (78) 
SE  = (0.029) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Palm oil sale (STORAGE)”: 

# Input values 
MDE = c(0.097)  
DF  = (79) 
SE  = (0.028) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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ID: 23 

Insuring farmers against weather shocks——Evidence from India 
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1. Introduction 

This report assessed a new insurance product for farmers in Gujarat, India: index 

rainfall insurance. Rainfall insurance contracts generally provide for rainfall measured from a 

pre-designated weather station over a designated period of time. The farmer purchases the 

insurance by paying a premium prior to the start of the growing season. If the rainfall achieved 

was poor, the policy pays the farmer the amount specified in the contract. As these products 

are linked to local rainfall, they avoid the problems of adverse selection and information 

asymmetry, as well agency costs associated with claims adjustment. These products also 

significantly reduce transaction costs as payouts are based on data collected for other purposes 

and do not require a visit to the policyholder's farm to assess damage. Claims can be paid 

quickly, sometimes even before the end of the agricultural season. This potentially allows 

farmers to purchase additional inputs and attempt a second planting. The wide availability of 

historical rainfall data makes it easier to price these products than yield-based policies and 

facilitates underwriting in international risk markets. 

2. Data 

The research for this report was started in early 2006 with a baseline survey of 15 

households in each of the 100 villages. For operational reasons, SEWA preferred to launch the 

insurance product over a period of time. The villages were randomly split into three groups. 

The first group comprised 32 villages that were introduced to rainfall insurance and given the 

opportunity to purchase the product through village meetings and house-to-house visits 

between April and May 2006. The second group consisted of another 20 villages, randomly 

chosen from the remaining 68 villages, and was offered the insurance for the first time in the 

second year. The control group was made up of the remaining 48 villages that were not exposed 

to SEWA's rainfall insurance. From 2006 to 2013, both treatment groups received insurance 

marketing each year prior to the summer planting season. All village-level analyses below 
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exploit random variation in these three groups of villages only. At baseline, no other insurers 

were marketing rainfall insurance in the three areas where the villages we studied were located. 

The authors of the report concentrated on households introduced into the study in 2006 that did 

not have attrition or missing values for any of the key outcome variables. Of the initial sample 

of 1500 households, 700 met these criteria and formed the balanced sample. Attrition does not 

vary systematically by village level treatment.  

The data replicated and used in this analysis are from 3ie. The dataset is in the form of 

a Stata dataset, which contains all the experimental data used by the authors of the report. 

3. Estimation procedure 

In reporting the regression results below, the authors of the report first present 

specifications for obtaining changes in conditions using only village-level rainfall insurance. 

Formally, they are obtained from fixed effect estimates, where β is the coefficient of interest. 

The fixed effect model is Equation (1): 

 𝑝𝑝𝑖𝑖𝑣𝑣𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽 PolicyUnits 𝑖𝑖𝑡𝑡 + 𝛾𝛾𝑡𝑡 + 𝜂𝜂𝑋𝑋𝑖𝑖𝑡𝑡 + 𝜖𝜖𝑖𝑖𝑣𝑣𝑡𝑡 (1) 

Here 𝑝𝑝𝑖𝑖𝑣𝑣𝑡𝑡 refers in turn to the outcome variables involved, such as total revenues or 

total costs. These variables are used to measure the impact of insurance. These outcome 

variables relate to individual i living in village v who is in the farming season in year t. The 

report authors use 𝛾𝛾𝑡𝑡  to denote year fixed effects and 𝑋𝑋𝑖𝑖𝑡𝑡  as a vector of dummy variables 

controlling for year-specific individual disturbances in the normal survey process. The key 

right-hand side variable  PolicyUnits 𝑖𝑖𝑡𝑡  is equal to whether or not individual i purchased 

insurance in year t. Here the report authors consider it to be a dummy variable. 1 for purchased 

insurance and 0 for no insurance.  

The methodology and the variables used for the above estimates are clearly reflected in 

the do file provided by 3ie. 

4. Outcomes 
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This report examines two main outcome variables. The purpose of this analysis is to 

determine whether the ex post powers of the respective effects match their ex ante calculations. 

As not all the effects are of interest, I focus on two variables that are central to the study’s 

analysis.  

The first outcome variable is “Agricultural revenues (INR) (from cultivation of own 

plot)”. This is a numerical variable that reflects the change in farmers' agricultural income 

before and after the experiment. The unit is the Indian rupee. One US dollar converts to roughly 

75 Indian rupees. 

The second outcome variable is “Irrigation costs (INR)”. This is also a numeric variable 

in Indian Rupees. This mainly reflects changes in irrigation, the largest single expenditure for 

farmers. In theory, by taking out rainwater insurance, farmers would spend less on irrigation - 

after all, they would no longer have to worry about rainfall shortages. But the results of the 

experiment were quite the opposite. Farmers who bought rainwater insurance spent more on 

irrigation instead. The authors of the report also explain this phenomenon. At the same time, 

the authors consider this to be one of the more important findings of the report. I have therefore 

chosen this output variable. 

The main reason I choose these two outcome variables for my analysis is that they 

represent the core of what this report is trying to study. Namely, whether rainwater insurance 

have brought about a shift in farmer’s lives. 

Therefore, I will perform the ex post power calculations for the two outcome variables 

of “Agricultural revenues (INR)” and “Irrigation costs (INR)”. 

5. Ex ante power and MDE 

In the original report, the authors did not mention any information about the ex ante 

power. They only mention in their report to the 3ie schedule that this gives rise to a minimum 

detectable effect, taking into account partial compliance, of at least 0.14-0.2 for village level 
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results and authors determined the minimum detectable effect (MDE) based on this ex ante 

power. And how do they calculate the MDE? Here, the authors introduced a concept: Cohen’s 

d.  

Now I need to get, for each outcome variable I care about, the size of its specific MDE, 

that is, I need to translate the Cohen’s d 0.14 to 0.2 (Small effect) this rank back into the 

numerical size of the specific MDE. 

For Cohen’s d, the expression formula is 

 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 =
|𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|
𝐸𝐸pooled 

 (2) 

𝑒𝑒‾𝑁𝑁 : Mean of the treatment group 

𝑒𝑒‾𝐶𝐶 : Mean of the control group 

𝐸𝐸pooled : Pooled standard deviations for the two groups 

From Equation (2), I can find a relationship between Cohen’s d and MDE. For an 

outcome variable with all its sample observations divided into the treatment group and the 

control group, the MDE of this outcome t variable is the absolute value of the difference 

between the mean of the treatment group and the mean of the control group. That is, MDE 

equals to |𝑒𝑒‾𝑁𝑁 − 𝑒𝑒‾𝐶𝐶|. Here, the symbol absolute value is added because Cohen’s d is a measure 

of the magnitude of effect and cannot be negative. 

However, it is possible that the mean of the treatment group is smaller than the mean 

of the control group, and the absolute value sign has been added in order to keep Cohen’s d 

positive. This can be interpreted as a difference between the mean of the treatment group and 

the mean of the control group. Similarly, the MDE is set to be consistent with Cohen's d, which 

is positive, and is also understood as a difference between the two groups. 

Thus, I obtain Equation (3): 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 ×  𝐸𝐸pool  (3) 
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If I know the size of Cohen's d and want to convert it to an MDE, I just need to know 

the size of Pooled standard deviations for the different treated and control groups (𝐸𝐸pool ). 𝐸𝐸pool  

is what I need to get before I can get MDE. 

For a model, the dependent variable is the dummy variable of whether or not the 

treatment is received. 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

If I regress Equation (4), I will get residual values, and here I use e to denote the 

regressed residual values. After regression, the formula becomes Equation (5): 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

Then I can get 𝐸𝐸pool  by Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

𝐸𝐸pool : Pooled standard deviations for the two groups 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 : Root mean square error (The standard deviation of the residuals) 

N : The total observations number of two groups 

See the Appendix for a detailed proof from Equation (5) to Equation (6).  

Then I have Equation (7) to calculate MDE: 

 𝑀𝑀𝑀𝑀𝐸𝐸 = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐸𝐸pool = 𝐶𝐶𝑝𝑝ℎ𝑒𝑒𝑛𝑛′𝑠𝑠  𝑑𝑑 × 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (7) 

If I know 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸, for different outcome variables, the MDE for that outcome variable 

is obtained with a Cohen's d of 0.14 to 0.2. Then I can use this MDE to calculate the ex post 

power for such an outcome variable.  
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Next I will follow the method used by the authors of the original report to obtain the 

RMSE of these two outcome variables by regression. In Panel A TABLE 2, there is the 

regression result for “Agricultural revenues (INR)”. I can see that the size of the RMSE 

obtained by regression  is 9057 (Red box shows). If I use the maximum Cohen’s d value of 0.2, 

from Equation (7), I will get MDE equals to 0.2*9057=1811.4 for outcome variable 

“Agricultural revenues (INR)”. In Panel B TABLE 2, I can see that the size of the RMSE 

obtained by regression for outcome variable “Irrigation costs (INR)” is 926.6 (Red box shows). 

Still I use the maximum Cohen’s d value of 0.2, from Equation (7), I will get MDE equals to 

0.2*926.6=185.32 for outcome variable “Agricultural revenues (INR)”. This gives me the size 

of the MDE for the two outcome variables. 

As the original report really does not provide much more information, I have made this 

guess based on my previous experience with similar reports from 3ie. 

6. Reproduction of regression results 

Before calculating the ex post power, I will make a reproduction of the results from the 

original 3ie report regarding the regression of the two outcome variables. In the 3ie report, the 

authors report outcome variables in the 3ie report (Page 14, Table 3). The results highlighted 

by red boxes in TABLE 1 are the results that I need to reproduce. The two red boxes correspond 

to the regression results for each of the two outcome variables “Agricultural revenues (INR)” 

and “Irrigation costs (INR)”. 

Since 3ie provides all the data used and the associated do files, I was able to reproduce 

the results exactly. The authors used fixed effect model. Standard errors were clustered at the 

at the village level. To be consistent with the way the authors estimated their regressions, I also 

use cluster standard errors at the level of the village. TABLE 2 reports my reproduction of the 

3ie report. 
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In TABLE 3, for the outcome variable “Agricultural revenues (INR)”, after 

reproduction, the results match those in the original 3ie report. The cluster robust standard error 

is 782.93. For outcome variable “Irrigation costs (INR)”, after reproduction, the results also 

match those in the original 3ie report. The cluster robust standard error is 103.91. 

These are the values I need to calculate the ex post power, so it is important to make 

sure they are accurate. 

7. Ex post power calculation 

I use the SE-ES method to calculate ex post power. Equation (8) is used for SE-ES 

method: 

 t
power，𝑣𝑣

=  𝑀𝑀𝑀𝑀𝐸𝐸
𝑠𝑠.𝑒𝑒.(𝑀𝑀𝑀𝑀𝐸𝐸)�   −t1−α2,𝑣𝑣 (8) 

 
MDE : The minimum detectable effect size  

𝑠𝑠. 𝑒𝑒. (𝑀𝑀𝑀𝑀𝐸𝐸)�  : Estimated standard error  

t1−α2 ,𝑣𝑣 : The critical t-value for a two-sided test of the null hypothesis given significance level 

α under the degrees of freedom v 

t
power，𝑣𝑣

 : The critical t-value for ex post power 

The cluster robust standard error from outcome variable “Agricultural revenues (INR)” 

is 782.93. If I put 𝑀𝑀𝑀𝑀𝐸𝐸 = 1811.4 and the cluster robust standard error into Equation (2), then 

t
power，𝑣𝑣

= 1811.4
782.93

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 99 − 1 = 98. It is worth noting that in 

previous chapters I have shown that the estimator used in the SE-ES method must be consistent 

with the data environment. Therefore, the data environment is the existence of a clustering 

problem. Therefore, for consistency, clustered standard errors are used here for arithmetic 

purposes. The degrees of freedom (v) are 𝑁𝑁 − 1 = 99 − 1 = 98. This is because there are 

J=99 clusters in the dataset that the degrees of freedom of residual is 𝑣𝑣 = 𝑁𝑁 − 1. 
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Based on the above, I calculate an ex post power of 62.9% for outcome variable 

“Agricultural revenues (INR)”. 

For the other outcome variable, “Irrigation costs (INR)”, the cluster robust standard 

error from  regression is 103.91.  If I put this 𝑀𝑀𝑀𝑀𝐸𝐸 = 185.32  into Equation (2), then 

t
power，𝑣𝑣

= 185.32
103.91

− t1−α2 ,𝑣𝑣, here 𝛼𝛼 = 0.05, and 𝑣𝑣 = 98. So, the ex post power is 42.1% for 

“Irrigation costs (INR)”. 

The above calculations have been programmed in R. The associated program code and 

calculations are included at the end of this section.  

8. Conclusion 

The main purpose of conducting this analysis is to investigate whether the ex post 

power for the projects in 3ie are consistent with the ex ante power calculated before the final 

results were determined. In this project, ID: 23, the ex ante power was set to 80%. By focusing 

on the two most central variables, after analysis, the ex post power for treatment effects in the 

“Agricultural revenues (INR)” regressions is 62.9%. The ex post power for the treatment 

effects in the “Irrigation costs (INR)” is 42.1%. The ex post power of both of these main 

variables is below 80%.  

The ex post power depends on a number of factors and there are many reasons why the 

ex post power may be lower than the ex ante power. For example, one possible cause will be 

the standard error of the regression estimate is bigger than the value of standard error assumed 

in the ex ante calculation. The reasons for the large standard error may be researchers assumed 

more clusters than they actually had after the experiment or researchers assumed a lower ICC 

than was actually the case etc. The intracluster correlation coefficient (ICC) ,or ρ (the Greek 

rho), is a measure of the relatedness of clustered data. This is a common phenomenon in real-

life settings, where villagers live in the same village, have very similar habits, and their 

responses to treatment are correlated. The researchers underestimated this correlation— ICC. 
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 In this report, the researchers had 100 clusters in the pre-experimental design and 98 

clusters in the post-experimental regression. There is a small attrition in the number of clusters, 

but this is not the main reason for the power loss. In the proposal of the report, the researchers 

stated a predicted ICC of 0.04. After the experiment, I used the Stata command kappaetc 

kval_w1_real/ b110rk_w1 , icc (random) i( villageno ) to test the ICC on each of the two 

variables. As a result, I found that for variable “Agricultural revenues (INR)”, the ICC is 0.05, 

and for variable “Irrigation costs (INR)”, the ICC is 0.1. Although there are differences from 

the original design of the ICC, differences are very small. In conclusion, the difference between 

the ex post power and the ex ante power is less likely to be due to the number of clusters or the 

ICC.  

 There must be some other difference in the true variance-covariance matrix that is not 

picked up by the model used by the authors for their power calculation. As the true variance-

covariance matrix is unobservable, the authors of the report have designed their experiments 

to simulate the true variance-covariance matrix as closely as possible, for example by 

considering the case of clustering. However, there is still a difference between it and the true 

variance-covariance matrix. This can also lead to low ex post power. 
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TABLE 1 
Mean values and differences of outcomes across time and treatment group 

 
 

NOTE: The table is taken from Table 3 of the original report (Page 14). The authors studied 
not only village-level (Column 1 & 2 in the table) but also Individual-level (Column 3 & 4 in 
the table), and I have compared this to the original experiment, using the village level is more 
in line with the authors' original assumptions for the fixed effects model, so I choose the village 
level. Also, because Column 1 is a regression without fixed effects and Column 2 is a model 
with fixed effects. To be consistent with the model used by the authors to calculate this output 
variable, I choose the regression results from Column 2. 
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TABLE 2 
The RMSE result of two outcome variables 

Panel A: Agricultural revenues (INR) 

 
 
 

Panel B: Irrigation costs (INR) 
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TABLE 3 
Reproduction of Main Outcomes Results  

 

Variables Agricultural revenues 
(INR) 

Reproduction Irrigation costs 
(INR) Reproduction 

Coefficient -1119.65 -1119.65 354.43 354.43 
Cluster Robust 
Standard Error 

782.93 782.93 103.91 103.91 

N 6300 6300 6300 6300 
 
NOTE: All coefficients in the table are saved to 2 decimal places. The methodology and the 
variables used for the above estimates are clearly reflected in the Stata programme file provided 
by 3ie. 
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CODE SOURCE 

1. Ex post power calculation for outcome variable “Agricultural revenues (INR)”: 

# Input values 
MDE = c(1811.4)  
DF  = (98) 
SE  = (782.93) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
 

2. Ex post power calculation for outcome variable “Irrigation costs (INR)”: 

# Input values 
MDE = c(185.32)  
DF  = (98) 
SE  = (103.91) 
 
# Estimating Power 
tvalue = MDE/SE - qt(1-0.05/2, df=DF) 
Power = pt(tvalue, df=DF) 
 
print(Power) 
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APPENDIX  

The purpose of this proof is to demonstrate the change from Equation (5) to Equation (6), and 

let me start with Equation (4). 

In Equation (4): 

 𝑝𝑝 = 𝛼𝛼 +  𝛽𝛽 ∙ 𝑀𝑀 + 𝜀𝜀 (4) 

y : Outcome variable 

𝛽𝛽 : The coefficient of independent variable 

D : The independent dummy variable (D=1 means the treatment group and D=0 means the 

control group) 

𝜀𝜀 : The error term 

Let all observations divide into two groups, yt : treatment group and y𝑐𝑐  : control 

group, then let  

𝑁𝑁 =   𝑛𝑛𝑡𝑡 + 𝑛𝑛c 

 𝑛𝑛𝑡𝑡 : Number of observations in the treatment group 

 𝑛𝑛𝑐𝑐 ∶ Number of observations in the control group 

 𝑁𝑁 ∶ Total  observations number 

Because D is 0 or 1 for all observations, it is easy to know: 

1.  ∑𝑀𝑀𝑖𝑖2 =   𝑛𝑛𝑡𝑡   (The sum of all D observations squared equals to how many 1s in all 

observations) 

2.  ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤 = Σ(𝑡𝑡)𝑝𝑝𝑖𝑖𝑀𝑀𝑤𝑤  =  Σ(t)𝑝𝑝(𝑡𝑡) =  𝑛𝑛𝑡𝑡
∑(𝑡𝑡)⋅𝑦𝑦𝑡𝑡
𝑛𝑛𝑡𝑡

=  𝑛𝑛𝑡𝑡 ⋅ 𝑝𝑝𝑡𝑡�    

3.𝑀𝑀� =  𝑛𝑛𝑡𝑡
𝑁𝑁

    (The mean of dummy variable D equals to number of observations in the 

treatment group divided by total  observations number) 

Based on the above three points: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) =  1
𝑁𝑁
𝛴𝛴𝑀𝑀𝑖𝑖2 − (𝑀𝑀�)2 
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                =  
1
𝑁𝑁

 𝑛𝑛𝑡𝑡 − �
𝑛𝑛𝑡𝑡
𝑁𝑁
�
2
 

                =   
𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  
𝑛𝑛𝑡𝑡
𝑁𝑁

 � 

=   
𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2  

        𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) =  1
𝑁𝑁

 ∑𝑝𝑝𝑖𝑖𝑀𝑀𝑖𝑖   −  𝑀𝑀� × 𝑝𝑝� 

                                                    =  1
𝑁𝑁
𝑛𝑛𝑡𝑡𝑝𝑝𝑡𝑡�   −  𝑛𝑛𝑡𝑡

𝑁𝑁
( 𝑛𝑛𝑡𝑡
𝑁𝑁

 𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐
𝑁𝑁

 𝑝𝑝�𝑐𝑐 ) 

                                             =  𝑛𝑛𝑡𝑡
𝑁𝑁

 �1 −  𝑛𝑛𝑡𝑡
𝑁𝑁
�  𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 𝑝𝑝�𝑐𝑐 

                       = 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

If 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀) and 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝 ,𝑀𝑀 ) are known,  based on Wooldridge (2009), it is easy to 

know :  

                                                           𝛽𝛽 � =   𝐶𝐶𝑝𝑝𝑣𝑣( 𝑦𝑦 ,   𝑀𝑀)
𝑉𝑉𝑠𝑠𝑝𝑝 (𝑀𝑀)

          

= ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 

In Equation (5), if I regress Equation (4), I get Equation (5):  
 

 𝑝𝑝 = 𝛼𝛼� +  �̂�𝛽 ∙ 𝑀𝑀 + 𝑒𝑒 (5) 

e : The residuals 

�̂�𝛽 : The estimated coefficient 

Then root-mean-square error (RMSE) is �𝑉𝑉𝑝𝑝𝑟𝑟(𝑒𝑒): 

𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = �𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖) 

It is easy to prove that: 

𝑉𝑉𝑝𝑝𝑟𝑟 �𝑝𝑝𝑖𝑖 − �̂�𝛽 𝑀𝑀𝑖𝑖� = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 �̂�𝛽 𝐶𝐶𝑝𝑝𝑣𝑣 ( 𝑝𝑝𝑖𝑖 ,𝑀𝑀𝑤𝑤 ) + �̂�𝛽2 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑀𝑀𝑤𝑤 ) 

                            = 𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) − 2 ( 𝑝𝑝𝑡𝑡� − 𝑝𝑝�𝑐𝑐)  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) + ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 

                            =  𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −  𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 
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𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  is what need to find out: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)   =  ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2

𝑁𝑁
  =  𝛴𝛴𝑡𝑡

(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

If I get 𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
 first: 

Σt
(yt−y�)2

N
  =  1

N
  Σt �yt −

nt
N

y�t −
nC
N

y�c�
2

 

      =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 −
𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 −  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  ) 2 

                          =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − �𝑛𝑛𝑡𝑡
𝑁𝑁
𝑝𝑝�𝑡𝑡 +  𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡� + (𝑛𝑛𝑐𝑐

𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

 =   1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + (𝑛𝑛𝑐𝑐
𝑁𝑁
𝑝𝑝�𝑡𝑡  − 𝑛𝑛𝐻𝐻

𝑁𝑁
𝑝𝑝�𝑐𝑐  )) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡 + 𝑛𝑛𝑐𝑐
𝑁𝑁

(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐)) 2 

=    1
𝑁𝑁

   𝛴𝛴𝑡𝑡 ( 𝑝𝑝𝑡𝑡 − 𝑝𝑝�𝑡𝑡)2 + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                                =    𝑛𝑛𝑡𝑡
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 (𝜎𝜎yt2  : the variance of 𝑝𝑝𝑡𝑡) 

The same I can get: 

𝛴𝛴𝑐𝑐
(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
  =    𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

So: 

𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖)  =  𝛴𝛴𝑡𝑡
(𝑦𝑦𝑡𝑡−𝑦𝑦�)2

𝑁𝑁
  + 𝛴𝛴𝑐𝑐

(𝑦𝑦𝑐𝑐−𝑦𝑦�)2

𝑁𝑁
 

                                                              =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2  + 𝑛𝑛𝑐𝑐

𝑁𝑁
 𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡2

𝑁𝑁3
(𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

                         =  𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  + 𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 

 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 = � 1
𝑁𝑁
∑𝑉𝑉𝑝𝑝𝑟𝑟 (𝑝𝑝𝑖𝑖) −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐

𝑁𝑁2
 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

                                             =  �𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  +  𝑛𝑛𝑐𝑐
𝑁𝑁

  𝜎𝜎𝑦𝑦𝑐𝑐2  +  𝑛𝑛𝑐𝑐𝑛𝑛𝑡𝑡
𝑁𝑁2

 (𝑝𝑝�𝑡𝑡 − 𝑝𝑝�𝑐𝑐) 2 −   𝑛𝑛𝑡𝑡𝑛𝑛𝑐𝑐
𝑁𝑁2

 ( 𝑝𝑝�𝑡𝑡 −  𝑝𝑝�𝑐𝑐)2 

 =  �
𝑛𝑛𝑡𝑡
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑡𝑡2  + 
𝑛𝑛𝑐𝑐
𝑁𝑁

 𝜎𝜎𝑦𝑦𝑐𝑐2  

From the pool standard deviation formula, I know: 



500 
 

𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �
(𝑛𝑛𝑡𝑡 − 1)𝐸𝐸𝑦𝑦𝑡𝑡2 + (𝑛𝑛𝑐𝑐 − 1)𝐸𝐸𝑦𝑦𝑐𝑐2

𝑛𝑛𝑡𝑡 + 𝑛𝑛𝑐𝑐 − 2
 

𝜎𝜎𝑦𝑦𝑡𝑡
2  = 𝑉𝑉𝑝𝑝𝑟𝑟(𝑝𝑝𝑡𝑡) = ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡
 

𝐸𝐸𝑦𝑦𝑡𝑡
2  =  

∑�𝑝𝑝𝑡𝑡−𝑝𝑝�𝑡𝑡�
2

𝑛𝑛𝑡𝑡−2  

𝜎𝜎𝑦𝑦𝑡𝑡
2  =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 ∑(𝑦𝑦𝑡𝑡−𝑦𝑦�𝑡𝑡)2

𝑛𝑛𝑡𝑡−1
 =  𝑛𝑛𝑡𝑡−1

𝑛𝑛𝑡𝑡−2
 𝐸𝐸𝑝𝑝𝑡𝑡

2  

The same 𝜎𝜎𝑦𝑦𝑐𝑐
2  =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 ∑(𝑦𝑦𝑐𝑐−𝑦𝑦�𝑐𝑐)2

𝑛𝑛𝑐𝑐−1
 =  𝑛𝑛𝑐𝑐−1

𝑛𝑛𝑐𝑐−2
 𝐸𝐸𝑝𝑝𝑐𝑐

2  

If I want to get the relationship between 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 and 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, Equation (6): 

 𝐸𝐸pool = 𝐶𝐶𝑀𝑀𝐸𝐸𝐸𝐸 (6) 

By changing from Equation (5) to Equation (6), I establish the relationship between 

𝐸𝐸pool  and the residuals. Using the regression model, I am able to obtain the residuals and thus 

the 𝐸𝐸pool . 
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