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Аннотация. Контрольные карты Шухарта (ККШ) – мощный и технически весьма простой инструмент анализа вариабельности 

процессов, но одновременно он не может быть полностью алгоритмизирован и требует глубокого знания процесса в сочетании 
с дополнительным анализом данных. Хотя сами по себе ККШ известны очень давно, число работ огромно и стандарты на приме-
нение карт внедрены в большинстве стран мира, существует несколько принципиально важных проблем их эффективного приме-
нения, которые практически не находят своего отражения ни в научно-исследовательской, ни в учебной литературе. Именно 
этим проблемам и посвящена данная работа. В частности, исследованы два аспекта стандартного допущения о нормальности 
закона распределения данных. Сначала авторы изучили широко распространенное заблуждение о том, что результаты измерений 
всегда распределены в соответствии с законом Гаусса. Затем показали, что отклонение реальной функции распределения данных 
от нормальности может при определенных условиях приводить к существенным изменениям в методике построения и интерпре-
тации контрольных карт. Далее, на примере конкретного процесса, было рассмотрено, как правильно и как неправильно строить 
и интерпретировать ККШ, после чего исследована принципиально важная проблема операционального определения особых/специ-
альных причин вариаций. Авторы предлагают ввести два типа особых причин: не меняющих (I-тип) и изменяющих (X-тип) систему. 
В конце работы рассмотрен вопрос о том, как правильно организовать работу с ККШ. Подчеркнуто, что построение и интерпре-
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Abstract. Shewhart control charts (ShCCs) are a powerful and technically simple tool for process variability analysis. However, simultaneously, they 

cannot be fully algorithmized and require deep process knowledge together with additional data analysis. ShCCs are well known, though, and 
the number of papers is great, as well as standards on ShCCs work in most countries, there are some serious obstacles for their effective application 
which are not being discussed in either educational or scientific literature. Just these problems are being considered in this paper. We analyzed two 
sides of standard assumption about data normality. First, we discuss the widely-spread misconception that measurement data are always distribu ted 
according Gauss law. Then, it is shown how the deviation from normality may impact the method of ShCCs’ constructing and interpreting. 
Using a specific process data, we debate on right and wrong ways to build ShCC. Further, the paper describes two new definitions of assignable 
causes of variation: not changing (I-type) and changing (X-type) the system. At the end, we discuss how the work with ShCCs should be organized 
effectively. It is outlined that creating and analyzing ShCCs is always a system question of interaction between the process and the person who 
tries to improve this process. 
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All models are wrong, 
but some are useful.

George Box
 Introduction

Shewhart Control Charts (ShCCs) are widely recog-
nized as a principal tool evaluating process stability 
at almost all fields of human activity. These charts were 
developed nearly a century ago by Walter Shewhart, who 
is acclaimed for his significant contributions to the field 
of quality management. His famous works, published 
in 1931 and 1939, have been reissued in facsimile 
editions by the American Society for Quality in 1980 
and 1986, respectively [1; 2]. W. Edwards De ming, 
a close collaborator and friend of Shewhart, wrote 
a brief foreword to the 1939 publication, concluding 
with the following words: “Another half-century may 
pass before the full spect rum of Dr. Shewhart’s con-
tributions has been revealed in liberal education, sci-
ence, and indust ry” [2]. This paper aims to address 
some of the obstacles encountered in achieving the 
vision articulated by De ming. Firstly, we will examine 
the extent to which ShCCs have been adopted globally. 
Then, we will explain why, despite its apparent simp-
licity, the ShCCs remain a challenging tool to apply 

effectively. This analysis will draw upon both historical 
studies and recent research fin dings.

 Current status of ShCCs use

Upon first review, the use of ShCCs seems to be 
quite straightforward, finding application across diverse 
sectors such as metallurgy, automotive, semiconductor 
manu facturing, aviation, agriculture, government, health-
care, and education. 

ShCCs, as part of statistical process control (SPC), 
are widely cited in scholarly works [3 – 6], ranging 
from foundational texts that are considered classics to 
contemporary studies [7 – 10]. They are also supported 
by international standards like those mentioned in [11] 
and vario us online resources that provide instructions for 
their use.

However, there are at least two problems that cannot 
let us say “Everything is OK!” in the area of ShCCs. One 
notable issue is the declining interest in ShCCs among 
statisticians and industry professionals, as evidenced 
by the information depicted in Fig. 1 and a decrease in 
the volume of related scholarly publications in esteemed 
journals. The paper [12] recently addressed this topic. 

Fig. 1. Dynamics of internet requests to ShCCs and two its competitors 
(cumulative charts and charts with exponentially weighted moving average) throughout the World since 2004

Рис. 1. Динамика интернет-запросов по ККШ и двум конкурирующим с ними инструментам 
(кумулятивным картам и картам с экспоненциально-взвешенным скользящим средним) в мире с 2004 г.

тация контрольной карты – это всегда системная проблема взаимодействия между процессами и людьми, работающими над улуч-
шением этих процессов. 
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Part of this issue can be attributed to the formal and 
bureaucratic procedures for implementing ShCCs man-
dated by some international standards. Another concern 
is the noticeable scarcity of new research on ShCCs that 
goes beyond the conventional models of basic control 
charts. Our critique does not concern the creation of new 
types of charts – there is plenty of innovation in that area. 
Instead, we highlight the need for expanding the appli-
cations of charts beyond the traditional assumptions 
of ShCCs theo ry. Here are a few uncommon examples 
of such research. In 2011, the study “Assignable causes 
of variation and statistical models: another approach 
to an old topic” was published [13]. The authors, one 
of whom is a co-author of this article, suggested divi ding 
the assignable causes of variation into two categories: 
those caused by an intervention with the same distribu-
tion function (DF) as the original process and those with 
a different DF. While the former approach has been used 
in all prior studies, the latter presents an operating cha-
racteristic (the probability of a point exceeding the chart 
limits) that significantly deviates from what is described 
in textbooks. The 2017 publication [14] brought up 
the significant issue regarding the sequence of points, 
highlighting that processes with random data are nearly 
non-existent. Howe ver, current ShCCs theory assumes 
that process data are completely random. In 2021, a paper 
was released detai ling the effects of a transient shift 
in the process mean on ShCCs behavior [15]. The fin-
dings demonstrated that in cases of a transient shift, the 
chart for the mean might become less effective com-
pared to the chart for indivi dual values. This contradicts 
all standard SPC guidelines. These examples represent 
just a small fraction of the potential for broadening the 
scope of traditional ShCCs applications by challenging 
the assumptions that have underpinned standard models 
for decades.

This work further extends the exploration of tradi-
tionally overlooked conditions. This time, we will move 
beyond the common assumption that process parameters 
are normally distributed and will discuss several impli-
cations of this departure. Additionally, we will examine 
various types of assignable causes of variation and their 
effects on the utilization of ShCCs. 

 Effects of non-normal distribution on ShCCs
 

performance

This section is divided into two parts. Firstly, we will 
examine whether measurement results are always nor-
mally distributed. Secondly, we will show how the limits 
of ShCCs change when the DF is non-normal and will 
describe the most user-friendly method to address this 
issue. 

Are the measurement results always normally 
distributed? This assumption is widely accepted 

by numerous authors, texts, and even standards. For 
example, the standard [11] articulates: “According to this 
standard, the application of control charts for quantita-
tive data presumes that the characteristic under surveil-
lance adheres to a normal (Gaussian) distribution, and 
deviations from this norm can influence the effectiveness 
of the charts. The coefficients for calculating control li mits 
are predicated on a normal distribution of characteristics. 
Given that control limits frequently serve as empirical 
benchmarks in decision-making, reaso nably small devia-
tions from normality are concei vable. The central limit 
theorem posits that sample mean valu es tend toward a nor-
mal distribution, even if individual observations deviate 
from this norm. This supports the premise of normal-
ity for X-charts, even with sample sizes as small as 4 or 
5 units. However, for assessments of process capabilities 
using individual observations, the actual distribution is 
crucial. Although the distributions of ranges and standard 
deviations deviate from normality, the calculation of con-
trol limits for range and standard deviation charts initially 
assumed normality. Nevertheless, minor deviations from 
a normal distribution in process characteristics should 
not prevent the employment of such charts for empirical 
decision-making” (emphasis ours).

But what exactly constitutes “reasonably small devia-
tions from normality” or “minor deviations”? These terms 
do not provide a clear definition of what extent of change 
in the distribution law is deemed significant [16] Recent 
findings [17] offer an operational definition for these 
terms and an algorithm for constructing ShCCs under 
the clear presence of non-normal DF. 

A common misconception about the universal appli-
cability of the normal law is the belief that measurement 
results always follow a Gaussian curve. To empirically 
test this assumption, three parts from the same process 
but from different points within the tolerance range were 
each measured 150 times using the same instrument. 
The outcomes are depicted in Fig. 2. ShCCs for the parts 
indicated that the processes for the first and second parts 
were stable, whereas for the third part, just three distinct 
categories were identified. All histograms were notice-
ably non-normal, and the hypothesis of normality was 
conclusively disproven through the testing procedure 
outlined in [18]. Therefore, it is reasonable to argue that 
the results of repeated measurements might not adhere 
to the normal distribution, akin to the measurement out-
comes of various objects.

How does non-normality of DFs affect ShCCs 
coefficients? Numerous DF processes markedly devi-
ate from the Gaussian law. The question arises: how can 
the stability of such processes be assessed when a cont-
rol chart is the sole instrument for ascertaining process 
stability? The study [17] offers an exhaustive literature 
review alongside the outcomes of simulating asymmetric 
data. It contrasts the results of analyzing non-normal data 
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through both the conventional method and the algorithm 
introduced in [17]. The conventional method adheres to 
the declaration cited from the standard [11]. Yet, what 
will empirical evidence disclose?

Initially, 400 samples of random numbers following 
an exponential distribution with the parameter λ = 0.01 
were generated, with each sample comprising 400 points. 
This was achieved by generating random numbers from a 
uniform distribution function using Excel, and then trans-
forming these numbers by taking their logarithms and 
multiplying by (–100) to produce a set of exponentially 
distributed data samples.

The histogram for one of the generated samples is 
displayed in Fig. 3, a. Fig. 3, b illustrates the empirical 
DF on a probability plot for the exponential distribution. 
Both sections of Fig. 3 affirm that the sample’s point 
distribution closely aligns with an exponential distribu-
tion1. The descriptive statistics parameters are as follows: 
the mean is 105.5; the standard deviation is 105.0; skew-
ness is 1.82; kurtosis is 3.78 (Note: Excel 2013 calculates 
excess kurtosis); the minimum value is 0.51; the maxi-
mum value is 541.4; the median is 73.9; the first quartile 
is 31.1; the third quartile is 142.8; and the upper boun-
dary for extreme outliers is determined to be 477.87, 
which allowed for the identification of eight extreme out-
lier (EO)2 points (these are clearly visible in Fig. 3, b).

After removing EOs, the control chart for individual 
values and moving range (x-mR) was created using stan-

Fig. 2. Histograms and empirical distribution functions (DFs) for many repeated measurements

Рис. 2. Гистограммы и эмпирические ФР для многократных повторных замеров

Fig. 3. Histogram (а) and empirical DF (EDF) (b)  
for simulated random data

Рис. 3. Гистограмма (а) и эмпирическая ФР (b)  
для смоделированных случайных данных

1 Note to practitioners: When analyzing data, it's often unclear which 
distribution function (DF), if any, is appropriate to describe them. What 
should be done in such cases? Here's a solution: if the dataset contains 
more than 50 points, construct a histogram; if fewer, create a box-and- 
whisker plot. Often, these visual representations will indicate whether a 
normal approximation is feasible. Additionally, employing probability 
papers (such as normal, log-normal, or Weibull paper) can be beneficial 
help in some situations.

2 The Tukey method was used to detect EOs, the coefficient 1.5 being 
replaced by 3.0.
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dardized values of ShCCs coefficients [19]: E2 = 2.66; 
D4 = 3.27. The resulting x-mR chart is depicted in Fig. 4, 
with the control limits illustrated by dashed lines. The pro-
cess is identified as unstable, as seven points (representing 
1.8 % of the total) in the chart for individual valu es (x) 
and nine points (accounting for 2.2 %) in the chart for 
moving range (mR) exceed the upper cont rol limit (UCL). 
However, based on the findings in [17], the coefficient d2 
for an exponential DF should be 2.99, not 2.66. The limit, 
recalculated using the revised coefficients, is also dis-
played in Fig. 4, marked by long dashes. It is observed 
that with this adjustment, only six points in the x-chart 
exceed the UCL. Similarly, on the mR chart, the count 
of points exceeding the upper control limit dropped 
to four from nine, nearly halving the number of signals. 
Therefore, in this scenario, the incidence of false alarms 
was reduced by 14 % on the chart for individual values 
and by 44 % on the moving range chart. Using a chart for 
medians, instead of means, would have produced identi-
cal outcomes.

In a second example, monthly data on the number 
of technological violations at a large mining and proces-
sing plant are presented in a Table.

The question arises: Should the increased value in 
September be considered an assignable cause of varia-
tion, or in other words, is the process stable? 

To address this, an x-mR chart needs to be constructed. 
Using the traditional methodology for creating ShCCs, we 
obtain the following parameters for the chart: the center 
line (CL) is 20.7; the mean moving range (MMR) is 13.2; 
the UCL is 55.7. With the September value exceeding the 
UCL, it suggests that the process is unstable, and an inter-
ference cause should be identified. However, this conclu-
sion comes from the traditional approach. The critical 
inquiry then is whether employing the traditional method 
was appropriate for this analysis.

Given the small sample size, a box-and-whisker plot 
was chosen over a histogram (Fig. 5). This plot clearly 
indicates that the data are asymmetric. The question then 
arises: Is this level of deviation from normality significant? 
One method to address this question involves calculating 
the skewness and kurtosis values. Excel reports skew-
ness as 2.0 and kurtosis as 4.7. However, Excel calculates 
excess kurtosis, meaning the actual kurtosis value is 7.7. 
According to [17], for kurtosis values exceeding 7.0 – 

Violations of technological discipline at the plant

Нарушения технологической дисциплины на комбинате

Dynamics of technology violations for the year
January February March April May June July August September October November December

13 14 8 11 14 8 33 24 60 15 22 26

Fig. 4. x-mR chart for simulated data:
а – x chart; b – mR chart

Рис. 4. Карта x-mR для смоделированных данных:
а – x карта; b – mR карта
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when the specific DF matching our data is unknown – 
it is recommended to use the coefficient value for the 
closest point on the plane of Pearson curves (Fig. 5, b). 
For the data in question, the nearest point is B5, corre-
sponding to the Barr DF. The E2 value for this DF = 2.81 
and adjusted UCL = 57.7 [17]. Therefore, the value for 
September still exceeds the UCL, leaving the assessment 
of process stability unchanged. However, if the data had 
been closer to an exponential distribution (for example, if 
the kurtosis were about 9), then the adjusted coefficient 
would be 2.99, the adjusted UCL would become 60.1, 
and the process would be considered stable, indicating no 
assignable causes of variation on the chart. 

These examples demonstrate an important aspect 
of the ShCCs that is often overlooked by many schol-
ars and not fully grasped by practitioners: ShCCs are 
the tool that necessitates direct interaction with the pro-
cess. The construction of the ShCCs cannot be entirely 
reduced to an algorithm [20]. To use ShCCs effectively, 
one must possess a deep understanding of the process’s 
nuances as well as a solid grasp of control chart theory. 
The authors claim that the absence of such a synergistic 
approach is likely the main reason why this potent tool 
frequently fails to give a practitioner a helping hand.

 Reflections on process stability
 

and analysis techniques

As mentioned earlier, the Shewhart control chart is 
the only tool for determining process stability. However, 
different types of instability necessitate varied responses. 
Let us examine the process shown in Fig. 6, which comes 
from a real case with data collected from a machine-
building plant in Russia. The manufacturing techno-
logy for the part being monitored did not change at all 
du ring the period of observation, and the production sys-
tem remained the same. Fig. 6 illustrates that all manu-
factured parts met tolerance requirements (there were no 
rejections), which means the customer’s standards were 
met. From the perspective of process stability, let us 
examine the subject first through the eyes of an engineer 
unfamiliar with SPC procedures, whom we will refer to 
as a novi ce, and then from the standpoint of a user well-
versed in SPC methods, referred to as an expert. 

A novice, without hesitation, will analyze all avai-
lable data and derive the x-mR chart as illustrated in 
Fig. 7. The CL will be calculated at 40.865, the UCL 
at 40.913, and the lower control limit (LCL) at 40.817. 
This chart suggests that the process exhibits instabi-
lity (with one point exceeding the UCL and four points 
surpassing the UCLmR on the mR chart). Alternatively, 

Fig. 5. Box-and-whisker plot for Table data (а)  
and Pearson curve plane from [17] (b) 

Рис. 5. Ящик-с-усами для данных таблицы (а)  
и плоскость кривых Пирсона из работы [17] (b)

Fig. 6. Run chart for the hole diameter 40.87 ± 0.05

Рис. 6. Карта хода процесса для отверстия диаметром 40,87 ± 0,05
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it could be interpreted that the process was stable dur-
ing August and September 2021 and in March 2022 but 
entered a phase of instability in October 2021 and again 
in March 2022. For the novice, computing the Process 
Capability Index (PCI) also presents no challenge: Cp 
will be equal to 1.04 (0.1 divided by 6 sigma, with sigma 
being the mean moving range divided by d2 ). A Cp value 
of 1.04 equates to a potential non-conformity level (NL) 
of 0.18 % or a process yield (PY) of 99.82 %. 

An expert would observe that the process is distinctly 
heterogeneous and recommend its division into homoge-
neous segments for more accurate analysis. This approach 
of stratification is depicted in Fig. 8, where four segments 
are identified, each with distinct CL values and control 
limits: 

Section 1: August – October 2020.
CL = 40.8665; CLmR = 0.0173; UCL = 40.9124; 

LCL = 40.8206; UCLmR = 0.0564.
Section 2: February 2021.
CL = 40.8830; CLmR = 0.0189; UCL = 40.9331; 

LCL = 40.8329; UCLmR = 0.0616. 
Section 3: March 2021. 
CL = 40.8662; CLmR = 0.0123; UCL = 40.8990; 

LCL = 40.8334; UCLmR = 0.0403.
Section 4: end of March and August 2021.
CL = 40.8537; CLmR = 0.0256; UCL = 40.9218; 

LCL = 40.7856; UCLmR = 0.0837.

The PCI values for each section are as follows: 
section 1: Cp = 1.09; section 2: Cp = 1.00; section 3: 
Cp = 1.53; section 4: Cp = 0.73. Calculating NL for each 
section yields values ranging from 4.7 to 27,525 ppm. 
Given such a jaw-dropping difference, two pressing ques-
tions arise: 

– Which analytical method is most appropriate for 
process improvement? 

– How should the stability of such a process be inter-
preted? 

Let us address the latter question first.

 Various forms of process instability

It’s clear that instability can manifest itself in vario us 
forms. Dr. Deming highlighted this distinction in his 
introduction to Shewhart’s 1939 book [2]: “A signifi-
cant contribution of the control chart lies in its ability 
to methodically differentiate variation sources into two 
categories: (1) systemic causes (“change causes”, as 
Dr. Shewhart termed them), which fall under manage-
ment’s purview; and (2) assignable causes, referred 
to by Deming as “special causes”, which are tied to tran-
sient events and can typically be identified and eliminated 
by the process expert. A process is deemed to be in sta-
tistical control when it is free from the impact of special 
causes. Such a process, once in statistical control, exhi-
bits predictable performance”. Fig. 9, drawn from [21], 
explores various special causes of variation identified 

Fig. 7. x-mR chart constructed by a novice:
а – not stratified x chart; b – not stratified mR chart

Рис. 7. Карта x-mR, построенная новичком:
а – не стратифицированная x карта; b – не стратифицированная mR карта
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in different processes. In three of the four illustrations, 
a step change in the mean, outliers, and a drift in the mean 
are evident. However, only the illustration depicting out-
liers aligns with the “ephemeral event”. Deming men-
tioned in the previously quoted text. Deming wasn’t 
alone in this viewpoint. W. Woodall in the paper [22] 
provides this definition: “Common cause variation is 
attributed to the intrinsic characteristics of the process 
and cannot be modified without altering the process itself. 

“Assignable (or special) causes” of variation are unusual 
shocks or other disruptions to the process, the causes 
of which can and should be removed”.

The two left images in Fig. 9 indicate that the pro-
cess underwent a change due to some cause. The question 
arises: Is this cause common or assignable? Given that 
common causes are regarded as “constant” (a term used 
by Shewhart in his works [1; 2]) and inherent to the pro-
cess itself, the causes for the variation seen in the left 

Fig. 8. x-mR chart constructed by an expert:
а – stratified x chart; b – stratified mR chart

Рис. 8. Карта x-mR, построенная экспертом:
а – стратифицированная x карта; b – стратифицированная mR карта

Fig. 9. Different types of variation:
1 – short-term; 2 – long-term

Рис. 9. Различные типы вариаций:
1 – кратковременная; 2 – долговременная
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part of Fig. 9 should be classified as assignable. How-
ever, these causes differ from outliers and other transient 
events. Thus, it appears suitable to acknowledge different 
types of assignable (special) causes. In reference [13], 
the authors suggest introducing two types of assignable 
causes of variation. After slightly altering the language 
of [13], we propose the following definitions:

Definition 1. An assignable cause of variation, Type I 
(Intrinsic) does not alter the system within which the pro-
cess functions (for example, it does not change the type 
of the underlying DF). As a result, this kind of assignable 
cause can be naturally perceived as part of the system 
(though this is not a strict requirement).

Definition 2. An assignable cause, Type X (eXtrinsic) 
modifies the system in which the process operates (for 
example, it changes the type of the underlying DF). Con-
sequently, this kind of assignable cause can be naturally 
viewed as external to the system (though this, too, is not 
an absolute necessity).

If the scientific community agree with this idea, 
the distinction between a novice and an expert will boil 
down to understanding the nuances between various 
types of assignable causes. Regardless, the process under 
study is unstable. However, the different forms of insta-
bility are fundamentally distinct. When confronted with 
Type I instability, it is crucial to search for the root causes 
of interference within the system. This responsibility 
should fall to the process team, as they possess deep 
insights into the process and system. Conversely, when 
dealing with Type X instability, identifying the root cause 
outside the system becomes necessary. Dr. Deming often 
stated, “A system must be managed; it will not ma nage 
itself” [23] In such instances, the senior management 
responsible for overseeing the system as a whole should 
undertake the search for root causes. 

 Which analysis method is more suitable
 

for process improvement

The answer is obvious – it relies on the specific goal 
and current condition of the process. Each approach 
may be effective in one context yet ineffective in 
another, a notion that circles back to the initial discus-
sion in the article. Technically, ShCCs might seem ele-
mentary, yet their practical use is more complex. Even 
a grade school student might grasp the basic formulas for 
chart parameter calculations. But proper use of ShCCs 
requires a deep understanding of the analyzed process 
and a keen awareness of the many assumptions and limi-
tations that come into play in practical settings. More-
over, it demands the integration and effective applica-
tion of knowledge from diverse areas. Collaborative 
efforts often lead to the most successful outcomes with 
ShCCs. We agree with the statement expressed in [12]: 
to get closer to G. Wells’ vision that statistical thinking 

is as vital for competent citizenship as literacy, statisti-
cal thinking should be incorporated early in educational 
programs. This means that ShCCs fundamentals should 
be included in the elementary school curriculum.

 Conclusions

Our examination of the usage of ShCCs has revealed 
that, despite their widespread use, several challenges 
obstruct their more effective practical application. 
To address some of these challenges, we suggest:

– ignoring the standard assumption that data are nor-
mally distributed when analyzing measurement systems;

– using alternative constants to calculate ShCCs cont-
rol limits when it is evident that process data are non-
normal;

– adopting a new method for identifying assignable 
causes of variation.

Implementing these recommendations could signifi-
cantly refine the application of ShCCs, leading to more 
accurate decisions when analyzing real data and, there-
fore, enhancing the management quality of the processes 
in question. 

Our research revealed a significant insight: the proper 
deployment of ShCCs cannot be algorithmized auto-
matically. A deep understanding of the process details 
and additional analyses, such as understanding the dis-
tribution function or the sequencing of data points, is 
essential. This understanding is crucial for choosing 
the right sections of the process, deciding on the chart 
type, setting the length of phase 1, or picking the right 
coefficients for calculating control limits. Such under-
standing can’t be programmed into statistical software; 
it comes from the interac tion between the person manag-
ing the process and the process itself.

We hope that this article will help convey a straight-
forward yet overlooked point: the Shewhart control 
chart may seem simple as an SPC tool, but that simpli-
city is deceptive. To use it effectively, one needs a thor-
ough understanding of the process and solid knowledge 
of the theories underlying variability.
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