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Abstract 9 
Variations in solid waste composition data are necessary as inputs to solid waste 10 
planning, yet uncertainty exists regarding which probability distributions might be 11 
generally valuable to describe the variability.  Twenty-two detailed analyses of solid 12 
waste from British Columbia, Canada, are fit to distributions using the BestFit 13 
software.  Alternative distributions are ranked based on three goodness-of-fit 14 
parameters and twelve waste fractions.  The log-logistic distribution is found to be the 15 
most able to fit over the wide range of composition types considered.  The results are 16 
demonstrated to be insensitive to the number of waste components or to the choice of 17 
a two- or three-parameter distribution. Although other distributions are able to match 18 
better the waste composition for individual waste types, the log-logistic distribution is 19 
demonstrated to fit, overall, a wide variety of waste composition types.  20 
 21 
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1.  Introduction 24 
 25 
Short-term (daily or truck-to-truck) variations in the composition of municipal solid 26 
waste can be important in a variety of planning and management situations.  The 27 
variation can influence the choice of design capacity (for example, to store a recycled 28 
fraction at a materials recovery facility), or the risk of regulatory violation (for 29 
example, from a hazardous material introduced to an incinerator), or can direct 30 
advertising (to improve recycling efforts for specific areas).  An understanding of the 31 
amount and type of variation is also needed to analyse a data set (for example, to set 32 
confidence bounds or to identify erroneous data points). 33 
 34 
Two types of variations in solid waste composition are commonly seen in a histogram 35 
of data.  First, many composition data sets are symmetrical about the mean, and the 36 
normal distribution is commonly used to describe data.  However, this distribution 37 
requires a standard deviation smaller than the mean; in other words, the coefficient of 38 
variation (C.V.), which is the ratio of the standard deviation to the mean, has to be 39 
less than unity.  The other type of variation is seen with data where the histogram has 40 
a long right-hand tail (also called positive skewness) and a relatively low mean.  This 41 
distribution type can have a C.V. near or greater than unity.  Many distributions can 42 
be used to describe data of this type, including the lognormal, extreme value, logistic, 43 
log-logistic, inverse Gauss, and Pearson distributions.  Many of these distributions 44 
have multiple variations, the most common feature being a parameter that shifts the 45 
distribution without changing its shape. 46 
 47 
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Analysts can choose to pick a different probability distribution each time they need to 48 
describe variability in composition; however, this has disadvantages when attempting 49 
comparisons of variability between different solid waste components or over time.  50 
The use of multiple distribution types requires transformations between parameters, 51 
and the differing shapes of the distributions make it difficult to identify trends in 52 
variations even after transformations are made.  Use of a single transformation for 53 
describing most of the common variations would make it easier for analysts to 54 
understand and explain the variability of data and their implications. 55 
 56 
This research points to the potential broad use of the log-logistic function for 57 
describing variability in solid waste composition data.  The log-logistic distribution 58 
has found use in a variety of disciplines.  Ahmad et al. (1988), among others, fit river 59 
flows to the distribution for assessing floods.  Gleaton and Lynch (2004) describe the 60 
strength of fibres with the distribution, while Gokhale and Khare (2005) use the 61 
distribution to describe variability in carbon monoxide concentrations at urban 62 
intersections.  Calder et al. (2005) use the distribution to describe the distribution of 63 
times between rockfalls, and Kooijman (1987) uses it to describe the variability in 64 
toxicity between aquatic species. 65 
 66 
The log-logistic distribution (Johnson, et al., 1995) can be written with a shape 67 
parameter, α, a scale parameter, β, and a shift parameter, γ.   The probability density 68 
function for the distribution is: 69 
 70 
f(x) = α * [(x – γ)/β]α-1 / {β* {1 + [(x – γ)/β]α}2}     (1) 71 
 72 
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The cumulative distribution function, the integral of the above over x, is: 73 
 74 
F(x) = 1 / {1 + [β / (x – γ)]α}        (2) 75 
 76 
The mean (for α > 1), mx, and standard deviation (for α > 2), σx, of the variable are 77 
given by: 78 
 79 
mx = [π*β*csc(π/α) / α] + γ        (3) 80 
 81 
σx = β * sqrt{π * [2 csc(2π/α) – π csc2(π/α)/α] /α}     (4) 82 
 83 
The log-logistic function has the facility to match both types of data seen in solid 84 
waste composition.  Figure 1 shows equation (1) for a high positive skew variable 85 
with a large C.V. of 1, and for a symmetrical variable with a low C.V. of 0.1. 86 
 87 
This paper compares the log-logistic distribution with other distributions that could be 88 
used to fit a wide variety of solid waste composition data. 89 
 90 
 91 
2. Vancouver Data Set 92 
 93 
The composition data set used for this research is for waste delivered at the Burnaby 94 
incinerator outside of Vancouver, British Columbia, Canada, in July and October of 95 
1998.  In 1997 the incinerator received 257,460 tonnes of municipal solid waste.  96 
These wastes were residential wastes and commercially collected wastes, of which 97 
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much came to the incinerator from the North Shore Transfer Station.  The 98 
communities from which the waste originated were suburban and moderately affluent, 99 
with blue-box kerbside collection of newsprint, metal and glass for recycling.  In 100 
addition, the communities had recycling depots and beverage-bottle deposit laws. 101 
 102 
Twenty trucks were sampled in July in proportion to the annual waste brought to the 103 
incinerator by each type of truck.  Two additional trucks were sampled because of the 104 
availability of labour, giving a dataset with 22 values.  For each selected truck, a 105 
portion of the contents was dumped on an asphalt surface.  Then, representative parts 106 
of the portion were selected as per an ASTM method (ASTM, 1992).  This was 107 
accomplished at successive representative, but random, locations throughout the 108 
dumped load.  The resulting portions of waste were then placed into drums until a net 109 
sample of 136 kg was reached.  The waste sample was first separated into eight major 110 
waste categories and placed in labelled containers and weighed.  Waste in some of the 111 
eight major waste containers was further classified (e.g., paper waste was separated 112 
into office paper, newsprint, OCC, and other paper).  The resulting dataset has data 113 
for 27 primary waste categories, many of which have numerous zero values and so 114 
were not analysed for this research.  Some primary waste categories were further 115 
separated, giving data on a total of 36 categories.  No statistically significant 116 
differences were found in the composition of wastes from the transfer station and 117 
direct haul vehicles.  There were no trends over time in the data set, indicating that it 118 
is reasonable to assume independent samples. 119 
 120 
An identical procedure was used in October of 1998 in a second study of waste 121 
composition.  The second study focused on a few primary waste classifications, and 122 
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20 trucks were sampled.  Tables 1 and 2 summarise the data used in this paper from 123 
the two sampling periods.  Classifications with zero values have been excluded.  The 124 
dataset contains variables with a range of means and coefficients of variation, which 125 
is of benefit when examining the general suitability of probability distributions to 126 
solid waste composition data. 127 
 128 
 129 

3. Goodness-of-fit Analyses 130 
 131 
This research uses the software BestFit 4.5 (Palisade Corporation, 2006) to fit 132 
distributions to data.  The software uses a maximum likelihood estimation procedure 133 
to fit the parameters to the distributions requested (Devore, 2004).  Fifteen continuous 134 
distributions were evaluated for goodness-of-fit (beta, exponential, extreme value, 135 
gamma, inverse gauss, logistic, log-logistic, lognormal, normal, Pareto, Pearson5, 136 
Pearson6, triangular, uniform, Weibull).  The result of the fitting procedure is a set of 137 
fitted parameters and various statistics assessing the goodness-of-fit. 138 
 139 
There is no single, universally best way to decide goodness-of-fit of data to a 140 
distribution.  BestFit 4.5 provides three statistics for goodness-of-fit, all three of 141 
which are used here.  The three are: the Chi-square statistic, the Kolmogorov-Smirnov 142 
(K-S) statistic, and the Anderson-Darling (A-D) statistic.  For the Chi-square statistic, 143 
the range of data is divided into a number of bins, and the number of datapoints found 144 
in each bin is compared with the number of datapoints that is expected in that bin 145 
based on the fitted parameters.  The resulting Chi-square statistic is given by: 146 
 147 
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χ2 = (N1 – E1)2/E1 + (N2 – E2)2/E2 + … (Nk – Ek)2/Ek     (5) 148 
 149 
where Ni is the number of datapoints in bin i, Ei is the expected number of datapoints 150 
in bin i, and k is the number of bins.  The value of the statistic depends slightly upon 151 
the choice of the number of bins and their size, which is a weakness of the use of this 152 
statistic for testing the goodness-of-fit for a continuous probability distribution.  For 153 
this work, the default bins selected by BestFit are used. 154 
 155 
The K-S statistic is the largest difference between the cumulative distribution of the 156 
data and of the fitted distribution.  Because all cumulative distributions vary from 0 to 157 
1, the statistic will tend to be small at the two extremes of the distribution.  The 158 
implication is that the K-S statistic is better at discriminating poor fit near the mean, 159 
but worse at the extremes. 160 
 161 
The A-D statistic is given by: 162 
 163 
A = n* ∫ {[F(x) – F’(x)]2 / [F’(x)*(1-F’(x))]} f’(x) dx    (6) 164 
 165 
where F(x) is the cumulative distribution of the actual data, f’(x) and F’(x) are the 166 
probability density and cumulative probability distributions for the fitted distribution, 167 
and n is the number of data points.  In the A-D statistic, the difference between the 168 
two distributions is multiplied by a weighting factor that is larger at the two tails of 169 
the distribution when F(x) and F’(x) both approach either 0 or 1.  In this way, the A-D 170 
statistic is better suited to discerning which distributions fit better at the extremes.  All 171 
three are described in standard statistic textbooks (e.g., Johnson et al., 2004). 172 
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 173 
 174 
3.1  Analyses of Twelve Waste Fractions 175 
 176 
The use of BestFit on the twelve waste components in Tables 1 and 2 resulted in a 177 
number of distributions that could fit individual components.  Because of the many 178 
ways of defining goodness-of-fit, and because of varying goodness-of-fit 179 
determinations between components, it will never be possible to say that one 180 
distribution always fits the data better than others.  For this study, we use a scoring 181 
system to evaluate the goodness-of-fit, giving three points for the distribution 182 
providing the best fit, two points for the distribution giving the second-best fit, one 183 
point for the distribution giving the third-best distribution, and no points for 184 
distributions giving poorer fits.  With this system, a total of 216 points are assigned 185 
over the twelve components and three goodness-of-fit statistics.  The results in Table 186 
3 show the six highest-scoring distributions.  The other nine distributions (e.g, 187 
normal) were also tried but did not score as highly.  In a few cases one of the other 188 
nine distributions ranked in the top three on one of the three measures. The log-189 
logistic distribution scored the best for these two datasets. 190 
 191 
Figures 2 and 3 present sample results to show how the log-logistic distribution is able 192 
to fit a wide variety of data types relatively well.  Figure 2 shows the paper 193 
composition data, which have a relatively high mean and low coefficient of variation.  194 
Both the normal and log-logistic distributions fit the data relatively well.  Figure 3 195 
shows the glass composition data, which have a relatively low mean and high 196 
coefficient of variation.  Both the lognormal and log-logistic distributions fit the data 197 
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relatively well.  However, the normal distribution does not fit the glass distribution 198 
data well, and the lognormal distribution does not fit the paper distribution data well.   199 
 200 
3.2  Analysis of sensitivity to coarseness of waste classification 201 
 202 
The number of waste components employed in the Burnaby incinerator dataset is 203 
greater than the number found in many waste analysis studies.  As a result, the means 204 
are likely to be lower than those found from other datasets and hence of interest was 205 
the question of the sensitivity of the results to the number of waste components 206 
employed. 207 
 208 
To examine this, data for specific waste components were combined into four new 209 
hypothetical waste classifications.  Four specific combinations were examined:  210 
paper+organics, paper+plastics, metals+glass+inorganics, and metals+glass.  Table 4 211 
shows the best-fit distributions for these four combinations of the waste components.  212 
The log-logistic distribution fits all combinations best, except for the combination of 213 
paper+organics.   214 
 215 
For the Burnaby dataset, the paper+organics combination has a mean of 70% of the 216 
total waste stream, which is higher than all other means considered in this study.  The 217 
reason that the log-logistic distribution cannot fit these data well is because it is not 218 
able to represent negative skew (left-hand tail).  The data for this combination have a 219 
slight negative skew (skewness coefficient of -0.06).  The result for paper+organics 220 
highlights a limitation in the use of the log-logistic function:  it can be expected to fit 221 
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solid waste composition distributions worse as the data exhibit more negative skew 222 
(which is more likely as the mean increases above 50%). 223 
 224 
3.3 Analysis of sensitivity to number of fitted parameters in distribution 225 
 226 
The distributions listed in Table 3 contain some distributions with two fitted 227 
parameters, and others, including the log-logistic, with three.  One criterion for 228 
choosing a distribution is the desire to fit fewer parameters.  An additional analysis 229 
was conducted examining the sensitivity of goodness-of-fit to the number of 230 
parameters.  The two-parameter log-logistic function (with the shift parameter, γ in 231 
equation (1), set to 0) was fitted to the twelve waste components, and the median K-S 232 
and A-D statistics found are given in Table 5.  Because the Pearson 5 distribution with 233 
three parameters also showed relatively good fit in Table 3, the two-parameter version 234 
of this distribution was also selected for analysis.  The results are shown alongside 235 
that of the three-parameter log-logistic distribution. 236 
 237 
The reduction from three parameters to two parameters would be expected to result in 238 
worse fits, and worse fits can be seen by greater K-S and A-D statistics.  Table 5 239 
shows slightly worse fit for the two-parameter log-logistic distribution compared to 240 
the three-parameter form.  The two-parameter Pearson 5 distribution appears to fit the 241 
data worse than the two-parameter log-logistic distribution, just as was found with 242 
their three-parameter forms in Table 3.  The results indicate that the two-parameter 243 
form of the log-logistic distribution could be a suitable generalised distribution for 244 
solid waste composition data when a desire exists to reduce the number of parameters. 245 
 246 
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 247 
4.  Discussion 248 
 249 
The common techniques used to estimate the number of samples needed to reach a 250 
specified precision in solid waste composition assume a normal distribution for the 251 
data (Sharma and McBean, 2006; Sfeir et al., 1999; Leroy et al., 1992).  Estimates of 252 
the means are commonly insensitive to the choice of the underlying distribution, 253 
although this assumption could be important when estimating the standard deviation 254 
or unlikely events.  For example, when an unusual data point is found, it is common to 255 
use techniques to estimate the likelihood of an outlier.  Outlier identification 256 
procedures often require the assumption of a probability distribution and so the 257 
conclusion of whether the data point is erroneous or not can depend upon the assumed 258 
distribution (Gilbert, 1987; McBean and Rovers, 1998).  Future research into 259 
techniques for analysis of solid waste composition data using the log-logistic 260 
distribution would appear needed.. 261 
 262 
Although this analysis shows the potential for the log-logistic distribution to fit a wide 263 
variety of solid waste composition data, it is important to appreciate the limitations of 264 
this analysis.  This study considers datasets with non-zero values.  There are many 265 
solid waste composition datasets where measured components have zero composition 266 
in certain samples (e.g. car batteries).  In these cases, it might be more appropriate to 267 
use a mixed probability distribution.  In addition, this study examines only one dataset 268 
collected in a particular fashion, and it is possible that results will not be readily 269 
transferable.   270 
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The scoring system used here is relatively simplistic and the sensitivity of the results 271 
to the choice of a scoring system has not been analysed.  The degree to which a given 272 
rank is better than another is ignored.  Although similar ranking approaches are 273 
commonly used in non-parametric statistics (McBean and Rovers, 1998), other 274 
approaches could also be used.  The data for all waste components are assumed to be 275 
of equal value to a decision-maker, and the approach described herein gives them 276 
each equal weight.  It also ignores the distinctions seen between the measures of 277 
goodness-of-fit, and so ignores the potential to give more weight to one or another.   278 
 279 
Further research with additional data sets could indicate that particular distributions 280 
are suited to particular waste types or data applications.  This research has focused on 281 
the potential for finding one distribution to fit a wide variety of waste composition 282 
datasets. 283 
 284 
It is easier to accept the assumption of a distribution when there is a plausible 285 
mechanism that might explain why the data would tend towards a particular 286 
distribution.  The authors cannot provide any theoretical, underlying reason why solid 287 
waste composition data should fit a log-logistic distribution.  One particular weakness 288 
of the log-logistic distribution is that it is not bounded at 100%, and hence there will 289 
always be a very small probability that over 100% of a component is found in the 290 
sample, which is inappropriate.  Although the Beta distribution was not able to fit the 291 
data analysed here better than the log-logistic distribution, there might be other 292 
bounded distributions that could provide better fits.  In any case, it is important that 293 
those who might use the log-logistic distribution check for the likelihood that the 294 
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fitted distribution could indicate non-zero probabilities for percentages greater than 295 
100%. 296 
 297 
The use of one probability distribution to analyse trends in multiple solid waste 298 
composition data sets could have value to waste managers.  These trends could exist 299 
in time or in space.  It is common to track specific solid waste parameters using 300 
periodic sampling.  The analysis of the data in one instance with one distribution, and 301 
in another instance with a second will make it difficult to compare between data sets.  302 
Although it could be more difficult for a waste manager to use and to explain a log-303 
logistic distribution than a normal or lognormal one, this research indicates that one 304 
less well known distribution could provide a good fit in a wide variety of situations.  305 
There are potential benefits of using a less well known distribution, and this should be 306 
considered, along with ease of use, when analysing data.  Further research is needed 307 
into the use of one distribution to analyse trends in solid waste composition data. 308 
 309 
 310 
5. Conclusion 311 
 312 
This research shows that although other distributions are able to match better 313 
individual data, the flexibility of the log-logistic distribution makes it able to fit a 314 
wide variety of solid waste composition data relatively well and, overall, better than 315 
other distributions.   316 
 317 
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Table Captions 375 
 376 
Table 1.  Waste composition data from 22 samples at the Burnaby incinerator, July, 377 
1998. 378 
 379 
Table 2.  Waste composition data from 20 samples at the Burnaby incinerator, 380 
October, 1998. 381 
 382 
Table 3.  Scored assessment of goodness-of-fit of six distributions (with number of 383 
parameters in brackets) to solid waste composition data from Burnaby, Canada.  Each 384 
entry gives three scores for goodness-of-fit measured by Chi-square, Kolmogorov-385 
Smirnov, and Anderson-Darling statistics respectively.  A score of 3 represents the 386 
best fitted distribution, 2 the second-best, 1 third-best, and 0 is assigned for worse 387 
than the third-best distribution. 388 
 389 
Table 4.  Goodness-of-fit of five distributions to combinations of solid waste 390 
composition data from Burnaby, Canada.  Each entry gives three scores for goodness-391 
of-fit measured by Chi-square, Kolmogorov-Smirnov, and Anderson-Darling statistics 392 
respectively.  A score of 3 represents the best fitted distribution, 2 the second-best, 1 393 
third-best, and 0 is assigned for worse than the third-best distribution. 394 
 395 
Table 5.  Median Kolmogorov-Smirnov and Anderson-Darling statistics over the 396 
twelve waste components for selected two- and three-parameter distributions. 397 
 398 
 399 
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Figure Captions 400 
 401 
Figure 1.  The varied shapes of the log-logistic distribution. (a) a skewed form with 402 
mean and standard deviation of 2 (beta =1.6; alpha = 2.7); (b) a symmetric form with 403 
mean of 20 and standard deviation of 2 (beta = 20; alpha = 18). 404 
 405 
Figure 2.  Paper percentage in 22 solid waste samples taken at the Burnaby 406 
incinerator, BC, and fit of the data using BestFit to (a) the normal distribution, and (b) 407 
the shifted log-logistic distribution. 408 
 409 
Figure 3.  Glass percentage in 22 solid waste samples taken at the Burnaby 410 
incinerator, BC, and fit of the data using BestFit to the (a) unshifted lognormal 411 
distribution, and (b) shifted log-logistic distribution. 412 
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 413  414 Fig. 1:  The varied shapes of the log-logistic distribution. (a) a skewed form with 415 
mean and standard deviation of 2 (β =1.6; α = 2.7); (b) a symmetric form with mean 416 
of 20 and standard deviation of 2 (β = 20; α = 18).417 



 20 

 418 
 419 

 420 
 421 
 422 
 423 
 424 
 425 
 426 
 427 
 428 
 429 
Table 1:  Waste composition data from 22 samples at the Burnaby incinerator, July, 430 
1998. 431 
 432 
 433 
 434 
 435 
Primary Waste Component Mean (%) Standard Deviation (%) 
OCC Paper 5.22 3.48 
Film Plastic 6.70 1.72 
Plastic (not Film or PVC) 3.43 2.21 
Yard and Garden (not grass) 4.55 5.33 
 436 
Table 2:  Waste composition data from 20 samples at the Burnaby incinerator, 437 
October, 1998. 438 
 439 
 440 
 441 
Waste 
Component 

Sample 
Set 

Extreme 
Value 
[2] 

Inverse 
Gauss 
[3] 

Logistic 
[2] 

Log-
logistic 
[3] 

Lognormal 
[3] 

Pearson 
5 [3] 

Organics July, 
98 

2/0/0 0/1/1 0/0/0 3/3/3 1/0/0 0/2/2 
Paper July, 

98 
2/0/0 0/0/1 0/0/0 3/3/0 0/1/2 0/2/3 

Plastics July, 
98 

3/0/2 2/2/0 1/0/0 0/1/1 0/0/0 0/3/3 
Household 
Hazardous 

July, 
98 

0/0/0 0/0/0 2/3/3 0/2/2 0/1/0 0/0/0 

Major Waste Component Mean (%) Standard Deviation (%) 
Organics 37.4 11.1 
Paper 32.3 10.6 
Plastics 13.3 5.4 
Household Hazardous 5.9 3.0 
Metals 3.4 1.5 
Glass 3.1 2.3 
Inorganic 2.9 3.8 
Fines 1.2 1.7 
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Metals July, 
98 

3/2/2 0/0/0 0/0/0 1/3/3 0/0/0 0/1/0 
Glass July, 

98 
3/0/2 2/0/1 1/0/3 0/1/0 0/2/0 0/3/0 

Inorganics July, 
98 

3/1/1 0/3/2 2/0/0 0/0/0 0/0/0 0/0/0 
Fines July, 

98 
0/0/0 1/2/2 0/0/0 0/0/0 0/0/0 2/3/3 

OCC Paper Oct., 
98 

3/0/0 2/0/0 0/0/0 0/0/2 1/1/1 0/2/3 
Film 
Plastic 

Oct., 
98 

1/0/0 0/0/0 0/2/2 0/3/3 0/0/0 0/1/1 
Plastic (not 
film or 
PVC) 

Oct., 
98 

0/0/0 2/3/1 0/0/0 1/1/3 0/2/2 0/0/0 

Yard and 
Garden 
(not grass) 

Oct., 
98 

2/0/2 0/1/0 0/0/0 0/0/0 1/3/1 0/0/0 

Total Score  34 29 19 42 19 34 
 442 
 443 
 444 
Table 3:  Overall weighted assessment of Goodness-of-Fit of six distributions (with 445 
number of parameters in brackets) to solid waste composition data from Burnaby, 446 
Canada.  Each entry gives three scores for goodness-of-fit measured by Chi-squared, 447 
Kolmogorov-Smirnov, and Anderson-Darling statistics respectively.  A score of 3 448 
represents the best fit distribution, 2 the second-best, 1 third-best, and 0 is assigned for 449 
worse than the third-best distribution. 450 
 451 
 452 
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 454  455 
Fig. 2:  Paper percentage in 22 solid waste samples taken at the Burnaby incinerator, 456 
BC, and fit of the data using BestFit to (a) the normal distribution, and (b) the shifted 457 
log-logistic distribution. 458 
 459 
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 461  462 
 463 
Fig. 3:  Glass percentage in 22 solid waste samples taken at the Burnaby incinerator, 464 
BC, and fit of the data using BestFit to the (a) unshifted lognormal distribution, and 465 
(b) shifted log-logistic distribution. 466 
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 467 
Waste 
Combination 

Mean Inverse 
Gauss 

Logistic Log-
logistic 

Normal Pearson 
5 

Paper + 
Organics 

69.7 0/0/0 1/3/3 0/0/0 3/2/2 0/0/0 
Paper + 
Plastics 

45.6 3/0/1 2/2/2 1/3/3 0/0/0 0/0/0 
Metals + Glass 
+ Inorganics 

9.4 1/0/0 3/0/0 0/3/3 0/0/0 0/2/2 
Metals + Glass  6.5 3/0/0 2/2/2 1/3/3 0/0/0 0/1/1 
 468 
Table 4:  Goodness-of-fit of five distributions to combinations of solid waste 469 
composition data from Burnaby, Canada.  Each entry gives three scores for goodness-470 
of-fit measured by Chi-squared, Kolmogorov-Smirnov, and Anderson-Darling 471 
statistics respectively.  A score of 3 represents the best fit distribution, 2 the second-472 
best, 1 third-best, and 0 is assigned for worse than the third-best distribution. 473 
 474 
 475 
 476 
 477 
 478 
 479 
Distribution No. Parameters Median 

Kolmogorov-
Smirnov Statistic 

Median Anderson-
Darling Statistic 

Log-logistic 2 0.125 0.412 
Pearson 5 2 0.184 3.34 
Log-logistic 3 0.118 0.292 
 480 
Table 5:  Median Kolmogorov-Smirnov and Anderson-Darling statistics over the 481 
twelve waste components for selected two- and three-parameter distributions. 482 
 483 
 484 


