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Abstract: Rules of statistical process control (SPC) suggest that processes 
should not be adjusted by workers without an explicit data-driven management 
directive. By contrast, in many workplaces, workers are empowered to improve 
processes and seen as uniquely knowledgeable due to their experience in close 
proximity to the process. Thus, it absolutely is expected that operators will 
commit acts of personal agency as they apply their expert intuition. Based on 
observations of industry practice, we develop a description of expert intuitive 
process control (EIPC) and a conceptual framework which enables comparison 
of this approach to SPC and development of postulates regarding the contexts 
in which each approach is likely to be valued from a practical perspective. 
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1 Introduction 

Process control is an important aspect of product quality, and hence a priority for 
organisational management. Prior to industrialisation, process control was synonymous 
with craftsmanship. In that setting, the skill of the craftsman – acquired through 
apprenticeship and experience – was utilised to ensure that output was to the required 
standard. With the advent of mass production, however, production systems utilised large 
numbers of workers with limited education and hence could not rely on worker skill. 
Planning and control activities were removed from the responsibility of the unskilled 
production workers and handled by management. Indeed, this separation of decision 
making and execution was at the heart of the scientific management movement (Juran, 
1993; Wren, 2005). 

The advent of a quality control function in many firms at the turn of the 20th century 
was one example of this management approach. It resulted in removal of responsibility 
for quality related decisions from actual production workers who were more governed  
by standardised operating instructions and piece-rate-based productivity metrics and 
incentives. Among the many results of this approach to managing quality were: 

1 The development of a large and sophisticated body of work related to statistical 
quality control (SQC) deriving from the original work of Shewhart (1931), who 
noted the value of statistical methods to reduce costs of inspection. 

2 Involvement of the industrial engineering profession in development of technological 
system controls. Stated differently, while work systems pressed workers to produce, 
they relied on engineering and professional expertise for process design and 
improvement decisions, with the objective being to minimise machine and operator 
variability. The concept of workers applying craftsmanship or personal judgement 
(an additional source of process variability) did not fit well in such systems and was 
broadly discouraged prior to the advent of total quality management (TQM). 

3 Hence, in the era of quality control, another result was limited scholarly attention to 
craftsmanship or expert intuition (EI) as a mechanism for process control. 
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Job design in the context of Taylorian mass production strongly emphasised 
standardisation and repetition. Consequently, in many modern work places, the conflict 
between the pressures of conformity to standardised work and the need to innovate and 
take advantage of learning to improve performance creates a cognitive incongruence and 
increases pressure on the worker (Delbridge et al., 1992; Pil and MacDuffie, 1996). The 
management science literature has barely addressed this issue, if at all. Ironically, the 
workers are left to deal with these decisions on their own. In a modern production  
plant, workers have to know, or perhaps guess, when to follow the rules or innovate. 
Consequently workers are having to apply their own contextual judgement to the 
situation (Van Gestel et al., 2015). 

To be sure, today’s workforce is more educated, both in terms of literacy and basic 
skills of quantitative analysis, than was the case at the turn of the 20th century. Today’s 
management systems recognise the need to leverage these increased education levels in 
the workforce for more effective control and improvement of processes. We see this 
change in many ways. For example, TQM returned responsibility for quality to all 
employees, increased emphasis on managing processes rather than functions, and often 
led to the elimination of quality control functions that had been focussed on output 
control. Workforce teams with responsibility for process improvement, suggestion 
systems, and increased emphasis on training for employee development are also 
consistent with the growing recognition of the importance of worker involvement in 
process control. However, central to this increased recognition of a role for  
non-management workers in process control, has been a focus on training workers to 
utilise statistical methods or other simple analytical approaches such as the ‘seven basic 
tools’, to analyse standardised processes prior to any approval of process change (Evans 
and Lindsay, 2005). This tendency toward formal process analysis prior to approval of 
any adjustment is also found in Deming’s (1982) strong admonitions against ‘tampering’ 
(Hanna, 2010). 

Management theorists are now beginning to recognise that standardisation of 
processes may have both positive and negative consequences. On the one hand, even 
parameters prescribed by expert engineering analysis during equipment development 
require adjustment based on actual operating conditions in an operational setting. 
Likewise, it has been asserted that “the movement to standardise processes has gone 
overboard” and that where inputs are variable and variation in outputs is valued by 
customers, process standardisation has a negative impact [Hall and Johnson, (2009), 
p.58]. On the other hand, reduction of variability has been the key objective of quality 
professionals since the advent of SQC. It is central to ISO 9000 certification systems as it 
was to the procurement certifications of large manufacturers which preceded ISO. Intel, 
clearly not a manufacturer that would have variable inputs and outputs suggesting the 
need for process artistry, has gone so far as to ‘clone’ its manufacturing plants through an 
internal management system labelled ‘copy exactly’ [Hanna and Newman, (2006), 
p.132]. 

We argue that the no-tampering philosophy of SQC may be too restrictive for some 
modern quality processes, especially in dynamic environments [Hall and Johnson, 
(2009), p.60] and those that emphasise continuous improvement and reward workers for 
their contributions where it absolutely is expected that the operators will commit acts of 
personal agency as they apply their EI. This position finds support in the work of Shingo 
that states [as quoted in Robinson, (1990), p.225]: 
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“Active use should be made of statistics in the sense that the technique is 
extremely effective in the planning phase of management. Nevertheless, 
statistics is not always effective in control and execution phases. In fact, it can 
surely be said that an infatuation with statistics has impeded the progress of the 
management function itself.” 

Indeed, Shingo’s position is summarised by the statement that: 
“SQC may not be the best answer to a production manager’s prayers, if he 
cannot afford any defects whatsoever. Because it is based on probabilities and 
only samples from the product flow, SQC necessarily tolerates some defects.” 
[as quoted in Robinson, (1990), p.225] 

Complexity and system dynamism provide further challenges to the exclusive application 
of statistical process control (SPC) and may favour a regime that is more accommodating 
of informed operator adjustments. Virtually, every manufactured part of any complexity 
has many more dimensioned features than can practically be controlled statistically. The 
design and production engineers identify only a small subset of the dimensions for 
quality control. Thus, quality issues may arise in many other ways, and organisations 
would benefit from operators with the wit and vigilance to detect problems outside of  
the envelope of statistically monitored variables. Similarly, any production plant of 
reasonable complexity has many more machine settings and environmental conditions 
than can possibly be standardised and statistically controlled. Again, an element of 
worker EI, initiative and contextual knowledge is inevitable. Many researchers (see for 
example, Neto and Iida, 2018; Okoli et al., 2016) argue that intuition plays important role 
in decision making, it is frequently used and is reliable. In fact, Neto and Iida (2018) 
argue that expert “intuition often proves itself a better counsellor in decision-making than 
rational arguments or lengthy analyses.” Furthermore, it is a strategic imperative for any 
manufacturing organisation to innovate or at least improve its product or production 
processes, and consequently manufacturing processes are always changing. Since 
production systems are dynamic, they may benefit from workers who are also able to 
innovate. 

In light of the aforementioned considerations, we explore SPC and expert intuitive 
process control (EIPC) as contrasting, and potentially complementary approaches to the 
management of production processes and equipment (recognising that SPC is only a 
subset of the techniques available in SQC). In the paper, we include a brief description of 
the theoretical underpinnings of each approach and a discussion of generally accepted 
positions regarding the conditions under which each approach could be utilised. 

2 Statistical process control 

It would be an understatement to say that SPC has proven itself as an extremely valuable 
and useful technique. Innumerable examples exist of impactful application of the 
technique across a wide range of manufacturing and service processes. According to the 
control charting method of SPC, developed by Shewhart (1931), process variation is 
either due to chance (random) cause variation or assignable (special) cause variation. 
Chance cause variation is caused by small influences that are inherent in every 
production or service process. Special cause variation is caused by singular events and 
conditions which are not an inherent part of a process. The SPC method is premised on 
the expectation that reasons for this non-random variation can be discovered and 
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corrected… The aim of SPC is to identify, investigate and eliminate non-random 
variation. A process is said to be statistically ‘in-control’ if only chance causes are acting 
on the process. It is said to be statistically ‘out-of-control’ if chance causes as well as 
special causes are acting on the process. The Shewhart (1931) control chart method can 
be used to monitor process stability over time (Joiner and Gaudard, 1990; Gitlow et al., 
2004). 

The application of control charts may include three phases. In the first phase, the 
primary objectives are “to understand the variation in a process over time, to evaluate the 
process stability, and to model the in-control process performance … by the estimation of 
the parameters of a parametric model” (Woodall et al., 2004). For example, a common 
phase 1 recommendation is to collect at least 25 meaningful samples of observations to 
establish process parameters, and to determine process natural variation and control limits 
(Grant and Leavenworth, 1996). Once this natural variation has been determined, it is 
used as a basis for determining whether process adjustment is called for. The purpose of 
the second phase is to monitor the process and to take corrective action if there is a 
deviation in process parameters from those established in phase 1 (Woodall et al., 2004). 
Observed values that would not be likely under assumptions that only random variation is 
present are used as signals to adjust the process. A third phase in control charting, is to 
implement improvement against a baseline in consideration of process capability (Gitlow 
et al., 2004). Figure 1(a) provides a flowchart of the SPC methodology. 

As a practical matter, while SPC easily finds application in the Taylorian paradigm of 
long production runs on the same product, it is less easily applied to other manufacturing 
situations – where its application requires adaptations with which many practitioners may 
be unfamiliar. As a consequence, a large literature has grown, providing theoretical 
foundations and practical guidance for these complex situations. Though it is not our 
purpose to enumerate all such situations (or even all of the publications for those 
situations we do mention), the following list illustrates the types of practical difficulties 
that may need to be addressed when applying SPC in more complex or dynamic settings: 

1 In the context of short-run production, where the data requirement for phase 1 of 
control charts is impractical, adaptations have been developed by Castillo et al. 
(1996). 

2 Situations where processes are not stable have been addressed by Box et al. (2011), 
Chao-Wen and Reynolds (1999), MacGregor (1990) and Woodall et al. (2000). 

3 The problem of autocorrelation and, more broadly, non-homogeneous sub-groups 
has been widely discussed, including in the work of Barnard (1959), MacGregor 
(1990), Joiner (1994), Montgomery et al. (1994), Atienza et al. (1998),Woodall et al. 
(2000), Nenes and Tagaras (2006) and Box et al. (2011). 

4 Assumptions regarding normality of the underlying distribution have been 
considered by Das (2009), Chen et al. (2016), Li (2015), Hackl and Ledolter (1991) 
and Chou et al. (1998). 

5 System complexity that may be more appropriately handled with multivariate control 
charting has been addressed by Chenouri and Variyath (2011) and Li (2015) among 
others. 
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Though SPC is adaptable to other situations (as described above), it is best suited to mass 
production environments, where conditions may be stable over extended periods of time, 
process adjustment is costly (due to lost production, other supply process disruptions and 
start-up costs), the marginal cost of continued production in the context of minor process 
variation is not great, and data on the process or product characteristic of interest can be 
accessed in a timely and cost-effective manner. 

Figure 1 Procedural view of (a) SPC and (b) EIPC 
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Another limitation of SPC stems from its reliance on several important lemmas: 

1 That random vs. assignable variation can be differentiated sufficiently by statistical 
methods. 

2 That these states can be represented adequately by the boundaries on a control chart 
along with any other rules for interpretation of the chart. 
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3 That a process which appears to be merely experiencing random variability, based on 
the rules for interpretation of charts, should be left alone. 

4 That operator intervention is only permitted when the process appears to exhibit 
special cause variation, i.e., when it violates control chart rules (Joiner and Gaudard, 
1990). 

If rigorously applied, these lemmas would suggest that the entire variability in production 
mechanics can be adequately represented in this simple statistical method, that the 
insights of operators are spurious, and that operator intervention (except in 4) is 
misinformed and would increase the variability of the process rather than decrease it 
(Hanna, 2010). Consequently, operator intervention is termed ‘tampering’ and treated 
pejoratively. Unfortunately, this statistics-centric paradigm may be considered a poor fit 
for certain real production situations, to the point that Shingo himself stated, “Although 
statistics is only a means, it is sometimes considered so important that the goal of quality 
control is forgotten” [Robinson, (1990), p 204]. 

Another practical limitation of SPC is the value it provides relative to the managerial 
effort required to sustain it. Often, the operators need the engineer’s help with setting-up 
and interpreting the charts. Frequent recalculation of limits can also be confusing to  
the operators and the determination of the control limits is complex. Alwan (1995) 
discovered that “misplaced control chart limits may be ‘much’ more widespread than 
believed.” They identified that “in a sample of 235 ‘expert’ control chart applications in 
training materials for SPC and in other sources for which we would expect considerable 
sophistication, we found that 85% of control charts displayed misplaced control limits” 
[Alwan, (1995), p.270]. Further, it can be confusing for operators when an observation 
falls outside the control limits and yet the product meets specifications (Smith, 2009). 
When the design tolerance is much wider than natural process variation (i.e., process 
capability Cp is much higher than 1.33), which is a desirable situation that frequently 
arises with precision machine tools, to such operators the use of control charts appears to 
be less useful as the product is likely to meet specifications anyway. Consequently, SPC 
is not seen favourably in some situations (Smith, 2009). Also, SPC requires a real-time 
effective measurement system, which may or may not be feasible in many industries 
(Smith, 2009). 

Based on the above discussion of SPC, we propose that the technique has been found 
to be very valuable. It has been widely studied for decades and includes a wide variety  
of adaptations to deal with the many operational settings where a straightforward 
application would violate assumptions such as the notion of a simplistic part (only a few 
dimensions), the design of which is static, and a stable process. Nonetheless, despite the 
technical strengths and unquestioned value of SPC, we note that in practice it is often 
misapplied and that the implied emphasis on reducing operator intervention may be more 
compatible with former systems such as Taylorism than with modern approaches such as 
Lean Six Sigma and employee involvement. Consequently, we believe there is a need to 
develop a more sophisticated understanding of the potentially valid role of operator 
judgement in the control of production processes. 
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3 Expert intuitive process control 

As described above, early developments in industrial quality were premised on Taylorian 
systems of mass production designed to limit operator-to-operator variation. The 
resulting paradigm was statistically dominated and emphasised that operators were not 
permitted to tamper with the process. Continuous improvement and Lean Six Sigma rely 
on operators being active agents to intervene and improve the production process. 
Consequently, there may be a need to recalibrate the balance between so called 
‘tampering’ and operator agency. 

Our observations in small to medium enterprises (SMEs), partially documented in the 
example case study below, is that operators have the difficulty of needing to control 
equipment in the context of: small lot sizes, aged equipment, extensive operator 
responsibility for quality outcomes and continuous improvement, variable input quality, 
and trending unstable processes of varying capability. In such situations, we have 
repeatedly observed that operators take actions to control processes without relying on 
statistical methods for justification. Our observations further identify that this behaviour 
is not due to lack of education or organisational failure – in part these are innovative, 
successful, modern firms. Neither can the operator intervention be attributed to misplaced 
personal agency, as may be the case for health and safety short cuts based on ‘perverse 
agency’ (Ji et al., 2018). 

Rather, strict application of SPC does not fit their need due to less than ideal 
operating conditions as mentioned above. Nor are they using the algorithmic SPC 
(discussed in Vander Wiel et al., 1992; Faltin et al., 1993; Tucker et al., 1993). Instead, 
they appear to be applying their own intuition to the problem of process control. How 
then does intuition work in these situations? We explore this question using a case study, 
and then present a contextual framework. 

3.1 A case study 

The following case study is adapted from Van Gestel et al. (2015): 
‘The rendering plant recycles the waste from the main plant which produces 
poultry meat for human consumption. The nature of the waste includes meat, 
carcass and bone, feathers, offal, blood, and birds that are dead on arrival. The 
waste is processed into two primary outputs: a protein-rich dry meal, and oil. 
Both of these products are sold to other manufacturers for products such as 
dog-food. To achieve these outputs, the waste is cooked at a certain elevated 
temperature and pressure, while being agitated. The temperature is necessary to 
kill salmonella, and the pressure to obtain that temperature. The agitation is by 
a rotating beater. Water is vented during the cooking process, and the product 
becomes drier. Thereafter the product is discharged and fed via augers to a 
press where the oil is separated from the meal. The process is therefore 
necessarily a batch, as opposed to continuous, process. Each batch requires 
about six hours of processing, and there can be up to three batches running 
somewhat concurrently.” 

“The main plant output variables are ASH, FAT, MOISTURE, and PROTEIN. 
These are measured at the final output of the dry meal, and involve laboratory 
samples. These measurements are done for each batch, and are the primary 
measurements of output quality. The main variable of economic value is the 
PROTEIN, and thus a high value is preferable. Residual FAT and MOISTURE 
in the meal are unwanted and low values are therefore desirable: FAT should 
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have instead been extracted as oil and sold separately where it has more value 
than in the meal, and MOISTURE is a non-value added substance that should 
have been evaporated off in the cooking process. The ASH represents all the 
other solid components of the input stream not already represented in the other 
variables, and should be minimised as it has no commercial value.” 

“Some of the process control variables are PRESS PRESSURE, AUGER 
SPEED, and DROP TEMPERATURE. There are many other variables 
monitored in the SCADA system, but these are the only reported variables for 
which there were historical data.” 

Because of high variability in the quantity and quality of input variables (meat, carcass 
and bone, feathers, offal, blood, and birds that are dead on arrival), there is considerable 
amount of operator experience and judgement is involved in the way the cooker (release 
of pressure when needed) and the press are managed. 

3.2 Conceptual definition of EIPC 

We propose, therefore, to explore the role of operator personal agency in the context of 
industrial process control. We attempt to identify, at a conceptual level, how the positive 
features of operator agency (motivation, results-orientation, initiative) can be balanced 
against operators making specious interventions. 

There are a variety of interpretations of intuition (Langan-Fox and Vranic, 2011). In 
the present context, we define intuition as the operator’s ability to use a mental model to 
provide a diagnosis of the equipment/process condition. The mental model is a systematic 
cognitive construct (Yrjölä et al., 2018) of the relationships of causality whereby input 
variables are believed to cause outputs. This mental model may comprise conscious and 
subconscious components. Each operator creates his/her own mental model of the 
equipment/process based on his/her understanding of the system mechanics, plus 
heuristics from past experience of how the equipment/process behaved. Individual 
operators may have different mental models. Mental models are not necessarily complete 
or perfectly accurate, and may even be wrong, but they are the basis on which operators 
make decisions. 

For our purposes, key characteristics of an expert, and that person’s intuition, include 
the following: 

• An expert has extensive familiarity with a particular domain. 

• An expert is good at ‘combining and integrating information’ when making decisions 
(Pachur and Marinello, 2013), hence able to create a logically consistent mental 
model with high veracity. 

• An expert is able to distinguish relevant from irrelevant cues, and in general, relies 
on simple strategies that exploit cue hierarchies (Shanteau, 1992). 

• EI involves quick pattern matching that is too fast to register consciously (Pachur 
and Marinello, 2013). 

Therefore, while best described as an expert exercising EI, an operator may find it 
difficult, if not impossible, to articulate the reasoning or the subconscious components 
leading to his/her process control decisions (Sinclair, 2011). This corresponds to tacit 
knowledge in the knowledge management paradigm (Nonaka, 1994). The mental model 
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is personal knowledge to the operator, and is subjective. Thus, while they may believe in 
a given degree of accuracy of the model, its actual accuracy may be different. In practice, 
the mental model is used primarily as a problem-solving asset that is applied in  
a backward-chaining manner. When the operator is in a situation where the 
equipment/process is not performing as intended, the mental model is used to diagnose 
possible causes of the problem. The conscientious operator feels a responsibility to 
correct or improve the situation. Action results as the operator imposes a corrective 
action, hence personal agency. 

From an operational perspective, we refer to EI as a worker attribute developed 
through experience in the production system, potentially in combination with training. 
We define EIPC as the application of this attribute to adjust process parameters in the 
expectation of improved process performance. Figure 1(b) illustrates our view of EIPC. 

During the setup phase, EIPC would result in approval of setups on the basis of 
output characteristics, customer attributes, and/or process conditions and need not be 
driven or dominated by product conformance alone. During the process control phase, 
EIPC would involve continuous monitoring of input, output and process variables – such 
that predetermined intervals and decision rules would not be utilised to trigger a decision 
regarding process adjustment. Rather, the entire range of potential process adjustments 
would continuously be under consideration. Workers’ mental models – reflecting worker 
perceptions of their actual complex and multivariate production systems – would utilise 
both measurement and sensory data on a real-time basis to predict the outcomes of a 
universal set of possible process adjustments. Over time, feedback on the result of actions 
taken (including inaction) would result in updating of mental models, process learning, 
improved decision making (i.e., EI) and potentially improved performance. This feedback 
would affect control decisions in subsequent setup and control phases of operation. 

Mental models are acquired through prior experience and, having been subjectively 
tested in varying ranges of prior circumstances over differing periods of time of  
variable recency, are implicitly trusted to varying degrees. Additionally, we propose that 
perceived autonomy, self-confidence, and assertiveness all impact the propensity of 
individual workers to adjust processes over which they have control. The perceived 
impact of EIPC may also vary on the basis of individuals’ and managers’ mental models. 
Hence, in a reinforcing cycle, confident and experienced operators may: 

1 adjust processes believing their activity contributes to improved outcomes 

2 consider actual outcomes to be superior to alternatives that they feel have been 
avoided through their action – even though this could not be objectively verified 
because the alternative outcomes have been avoided 

3 receive positive reinforcement from management based on information provided by 
the workers themselves to justify their behaviour 

4 this results in a strengthened belief in the validity of the workers’ and managers’ 
mental models 

5 continued or increased propensity to exert EIPC for process adjustment based on 
these models. 
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4 A contextual framework for comparison of process control methods 

4.1 Two dimensions as a basis for comparison 

We make the new proposal that it is possible to make sense of the SPC vs. EIPC 
dichotomy by considering two production situation variables: manufacturing complexity 
and process capability. Manufacturing complexity, which ranges from simple and stable 
in the case of mass-production to highly complex and dynamic for small batch and  
one-of-a-kind manufacturing. Manufacturing complexity arises from: unstable production 
dynamics; complex quality causality including interactions between the variables of the 
underlying mechanics; variables the identity of which is unknown; novel production 
situations that are outside common practice and hence require innovative thinking; and 
rare and infrequently encountered problems that have no obvious solution and hence 
require originality in diagnosis and innovation in problem-solving. This concept of 
complexity emerges from the engineering profession (IEA, 2013). Dynamism reflects a 
frequently changing production environment and often arises as a result of producing a 
wide range of outputs in small batches. 

Process capability refers to the ability of a process meeting manufacturing 
specifications/customer requirements. We say a process is capable if its natural process 
variation is much less than manufacturing tolerances, otherwise we say the process is not 
capable. If the natural variation is close to or higher than manufacturing tolerances 
defective products are likely to occur and there is a need for close monitoring of the 
process (Evans and Lindsay, 2005). In the following sections, we will contrast EIPC with 
SPC and explain its potential. 

4.2 Process capability scenarios and process control methods 

Consider a first scenario comprising a stable process that is capable of meeting 
specifications. This is a situation very well suited to the use of either SPC or EIPC. 
Appropriately administered, either of the two approaches would result in no process 
adjustment without a definitive signal of process change. Because the process is capable, 
it is likely that both approaches would provide adequate rates of conformance, however 
in this scenario, EIPC might well result in greater process variability and lower levels of 
performance (e.g., productivity) due to excessive process adjustment. As such, it seems 
that Deming’s (1982) admonitions against tampering are well suited to the environments 
represented by this scenario. 

A second scenario involves a process that is capable and stable for periods, but prone 
to drift. From an SPC perspective, this situation is best handled with advanced control 
charting techniques that are better equipped to deal with auto-correlated data. Because 
these are reactive, SPC does not have the ability to maintain defect free production  
under this scenario. EIPC, however, has the potential to prevent defects. By real-time 
monitoring of process conditions, input variables, and output characteristics, workers’ 
mental models could result in proactive process adjustment due to the ability to  
predict changes or process drift. This is explicitly recognised in the Shingo system’s 
requirements for ‘self-inspection’, ‘sequential inspection’ and ‘source inspection’ 
(Robinson, 1990). The potential benefit of EIPC, however, is accompanied by the risk 
that excess adjustment will take place due to erroneous intuition of imminent process 
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drift. Hence, there arises some need for verification of the expertise on which such 
decisions might be made. Thus, there is clearly room for further consideration of the 
relative merits of SPC and EIPC in environments represented by this second scenario. 

The third scenario replicates the first except that the process natural variation exceeds 
that allowed by the product specifications. While SPC could be used to hold defect rates 
steady, operator intervention is required to eliminate the problem of defects. If the root 
cause is easy to identify and a simple intervention is sufficient, e.g., change a broken tool, 
SPC will have proved adequately useful. However, for situations with tight tolerances, a 
more sophisticated diagnostic process is required. While we describe EIPC as a process 
control approach, the development of expertise and intuition pertinent to the behaviour of 
the process may be helpful in identifying potentially beneficial process changes. As with 
the second scenario, research is also needed to determine if EIPC could be used, as 
effectively as SPC, to hold defect rates steady in this situation. 

A fourth scenario is an unstable process whose natural variation exceeds that allowed 
by product specifications. While it comes with the risk of undesirable adjustments, EIPC 
has the potential to proactively adjust the system such that levels of non-conformances 
are reduced or eliminated. SPC, being reactive in nature, is incapable of this result. Our 
proposition in support of EIPC for this scenario are consistent with Neto and Iida (2018) 
who argue that EI often proves to be better than lengthy analyses in highly uncertain 
situations. Consequently, it is worth investigating the extent to which perceptions of 
EIPC’s effectiveness are actually valid. The four production scenarios and the 
applicability of SPC and EIPC are summarised in Table 1. 
Table 1 A framework for comparing EIPC with SPC 

Process capability  

Capable Not capable 
Simple/stable SPC or EIPC should work well 

to prevent defects. EIPC may 
result in excessive process 
adjustment. 

SPC could be used to 
prevent process drift and 
keep defect rates steady. 
Research is needed to 
determine if EIPC would 
increase defects by 
introducing excessive 
adjustment or match the 
results of or perform 
better than SPC. 

Process 
complexity 

Complex/dynamic Advanced SPC techniques are 
required for such environments. 
Process drift is detected only 
after the fact by SPC – hence, 
defect prevention is delayed. 
Variables that contribute to 
process drift may be 
instrumental in decisions to 
adjust processes proactively in 
EIPC, thus defects may be 
prevented. Further study of 
EIPC in this role is merited. 

EIPC has potential to 
proactively adjust the 
process, SPC does not. 
The potential of EIPC in 
this setting requires 
validation by further 
research. 
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4.3 Postulates 

On the basis of these scenarios, we postulate the likely geography of applicability for 
SPC and EIPC in our framework, see Figure 2. SPC is useful and most applicable where 
processes are simple and stable, requiring technically sophisticated adaptation to address 
more complex and dynamic environments. EIPC may be advantageous in a domain  
that partly overlaps with that of SPC, but also may have unique applicability in 
complex/dynamic environments. Hence, if more fully studied and understood, EIPC 
could become a generalised approach for process control that is both complementary to 
SPC and applicable in a wide range of production settings. 

It is worth noting that, despite the presence of explicit rules for interpretation, the 
perceived information given by SPC charts may be influenced by worker intuition and 
mental models (Alwan, 1995; Woodall et al., 2000; Smith, 2009). Thus, the notion  
of a choice, or mutual exclusivity, between SPC and EIPC likely represents a false 
dichotomy. Rather, it is the relative impact of the statistical signal and of the mental 
model that varies along the diagonal arrow of Figure 2. At the top left, the statistical 
signal is dominant and mental model has less impact. In the bottom right, the mental 
model is dominant and statistical signals have less impact. As such, the diagonal in 
Figure 2 may represent a continuum along which the weight of impact associated with the 
statistical signal and mental model varies. 

Figure 2 Suggested relevant domains for SPC and EIPC 
 Capable

Not Capable

Si
m
pl
e 
/ 
st
ab
le

Co
m
pl
ex
 /
 D
yn
am

ic
Rule‐based (SPC)

Holistic / situation specific / 
expert intuition (EIPC)

Process complexity

Pr
oc
es
s 
ca
pa
bi
lit
y

SPC to maintain stability, 
thereby reducing defects? Or 
EIPC to proactively prevent 

defects

SPC to attempt to maximize any 
stability that can be attained? 

Or EIPC to attempt to 
proactively prevent defects

?

?

Pre‐programmable control – with a 
focus on maintaining stability and no 

concern for conformance

Reactive control focussed on 
conformance with little possibility of 

maintaining stability
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5 Discussion 

5.1 Outcomes 

This paper makes several novel contributions. The first is the conceptual contribution of 
including concepts of personal agency, socio-technical interactions, and production 
complexity into the discourse on process control. The second is the provision of a model 
for how EI operates in the production setting, with a justification of why this may be 
beneficial in certain situations. A third is to propose a contextual framework and use this 
to postulate the scenarios where SPC and EIPC are likely to show performance 
advantages. 

Our postulates suggest that any instrumentality in proactively preventing defects 
would support use of EIPC in complex environments – especially where processes have 
limited capability to produce without defects. By contrast, SPC is seen to be of greater 
relative value where processes are more capable, processes are simple and stability is 
valued. In other scenarios, the trade-off between process stability and potential for 
proactive adjustments that decrease defects may decide the relative merits of the  
two approaches. 

5.2 Research implications 

A widely held view, which was originally proposed by Deming (1982, 1993), is that 
stable systems are damaged by worker adjustments – particularly when these are in 
response to random process variation. By contrast, in our experience, the behavioural 
focus of production workers is on defect prevention and operators tend to adjust 
equipment when output does not meet specifications. Frequently, they do not chart the 
output data, or production runs may be short enough to require application of advanced 
control charting techniques and/or make SPC less effective. Consequently, operators do 
not know and may not greatly care if their process is stable (from a formal statistical 
perspective) because they perceive meeting specifications to be their more important 
purpose. 

Workers with a focus on defect prevention may view SPC as having little value in 
comparison to their own EI (if trended, semi-stable processes are common, periodic 
adjustments may be beneficial). Though manual adjustment does add one source of 
variation to processes, it is possible that by predicting process behaviour based on their 
mental models, operators actually dampen foreseen – rather than observed – variation. It 
is also possible that such operator adjustment, while technically adding variation also 
enhances output conformance levels. There is growing support and fascination for the 
role of EI in decision making and its influence on organisational effectiveness (Salas  
et al., 2010). Hence, further study of the actual behaviour of operators and its subjective 
basis, to determine if and why operators are truly over-adjusting their equipment, is 
needed. To what extent do observed adjustments rely on predictive characteristics of 
mental models of process behaviour and to what extent are they reactive to random 
variations in quality of output? How does the operator perceive process variables such as 
defect rates, process yield and variation and how is this perception validated or 
reinforced? What approaches can be used to rigorously define and test the extant mental 
models used to control complex/dynamic production systems? How do the answers to 
these questions differ by production environment? There appear to be multiple research 
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questions in this area. To address these, it will be necessary to add insights, and methods, 
from the literature on the psychology of cognition and decision making. 

6 Conclusions 

This paper presents a conceptual argument for the existence of a little known and less 
understood method of process control, which we have labelled EIPC. We have contrasted 
EIPC with SPC, which is highly regarded and well known for process control. Based on a 
contextual framework involving process complexity, as well as scenarios involving 
process stability and capability, we have argued that there is a theoretical basis to 
conclude that EIPC may be of practical value in settings where processes are complex 
and/or dynamic. Finally, we have expressed the need for further research to describe and 
validate extant approaches to EIPC. 
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