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Mohsen 3 months ago

Greetings and respect

Is it possible for the author who is from Iran to print the article without paying the printing fee? It is

almost impossible for us to pay this fee, but we would like the article to be published in Access

Journal.

reply

Mohammad Afzal 3 months ago

Is IEEE Access is Q1 Journal?

based on the idea that 'all citations are not created
equal'. SJR is a measure of scientific influence of

journals that accounts for both the number of citations
received by a journal and the importance or prestige of
the journals where such citations come from It
measures the scientific influence of the average article

and non citable documents.

Year Documents
2013 64
2014 124
2015 236

number of documents published in that journal. The
chart shows the evolution of the average number of

times documents published in a journal in the past two,
three and four years have been cited in the current year.
The two years line is equivalent to journal impact factor
™ (Thomson Reuters) metric.

Cites per document Year Value
Cites / Doc. (4 years) 2013 0.000
Cites / Doc. (4 years) 2014 3.703
Cites / Doc. (4 years) 2015 4.910
Cites / Doc. (4 years) 2016 5.943
Cites / Doc. (4 years) 2017 5.907
Cites / Doc. (4 years) 2018 5.371
Cites / Doc. (4 years) 2019 5.704
Cites / Doc. (4 years) 2020 4.783
Cites / Doc. (4 years) 2021 4.840

Total Cites  Self-Cites

Evolution of the total number of citations and journal's

self-citations received by a journal's published
documents during the three previous years.
Journal Self-citation is defined as the number of citation

from a journal citing article to articles published by the
same journal.

Cites Year Value
f

External Cites per Doc  Cites per Doc

Evolution of the number of total citation per document

and external citation per document (i.e. journal self-
citations removed) received by a journal's published
documents during the three previous years. External

citations are calculated by subtracting the number of
self-citations from the total number of citations received
by the journal’s documents.

% International Collaboration

International Collaboration accounts for the articles that

have been produced by researchers from several
countries. The chart shows the ratio of a journal's
documents signed by researchers from more than one

country; that is including more than one country address.

Year International Collaboration
2013 18.75
2014 41 13

Citable documents  Non-citable documents

Not every article in a journal is considered primary

research and therefore "citable", this chart shows the
ratio of a journal's articles including substantial research
(research articles, conference papers and reviews) in

three year windows vs. those documents other than
research articles, reviews and conference papers.

Documents Year Value

Cited documents  Uncited documents

Ratio of a journal's items, grouped in three years

windows, that have been cited at least once vs. those
not cited during the following year.

Documents Year Value
Uncited documents 2013 0
Uncited documents 2014 28
Uncited documents 2015 65
Uncited documents 2016 82

% Female Authors

Evolution of the percentage of female authors.

Year Female Percent
2013 15.09
2014 18.06
2015 20.61
2016 24.55
2017 24.76
2018 27 09

Documents cited by public policy (Overton)

Evolution of the number of documents cited by public

policy documents according to Overton database.

Documents Year Value
Overton 2013 0
Overton 2014 0
Overton 2015 0
Overton 2016 0
Overton 2017 0

Documents related to SDGs (UN)

Evolution of the number of documents related to

Sustainable Development Goals defined by United
Nations. Available from 2018 onwards.

Documents Year Value
SDG 2018 1004
SDG 2019 2567
SDG 2020 3559
SDG 2021 2805
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Melanie Ortiz 3 months ago

Dear Mohsen,

Thank you for contacting us.

We are sorry to tell you that SCImago Journal & Country Rank is not a journal. SJR is a

portal with scientometric indicators of journals indexed in Elsevier/Scopus.

We suggest you visit the journal's homepage or contact the journal’s editorial staff , so

they could inform you more deeply.

Best Regards, SCImago Team

M
SCImago Team
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Yadpirun Supharakonsakun <yadpirun.suph@pcru.ac.th>

IEEE Access - Decision on Manuscript ID Access-2024-36883
1 ข้ อความ

IEEE Access <onbehalfof@manuscriptcentral.com> 15 ตุลาคม 2567 เวลา 15:29
ตอบกลับไปยัง: hdshao@hnu.edu.cn
ถึง: yadpirun.suph@pcru.ac.th
สำเนา: hdshao@hnu.edu.cn

15-Oct-2024

Dear Dr. Supharakonsakun:

Your manuscript entitled "Empirical Bayes Prediction for an Attribute Control Chart in Quality Monitoring" has been
accepted for publication in IEEE Access.  The comments of the reviewers who evaluated your manuscript are
included at the foot of this letter.  We ask that you make minor changes to your manuscript based on those comments,
before uploading final files. 

Please be advised that you are not permitted to add or remove authors or references post-acceptance, regardless of
the reviewers' request(s).  Any request to add an author post-acceptance will be denied.  However, we encourage
you to check the formatting of your references to ensure that they are accurate in terms of bibliographic details as well
as consistent with IEEE style.  Additionally, please take this opportunity to improve the English grammar and check
spelling, as the article is only lightly edited before publication.

You can submit your final files through the IEEE Author Portal.  

All files intended for publication need to be submitted during this step, even if some files are unchanged from
the initial submission.  If you do not submit all files during this step, it can delay the publication of your article, or
result in certain files not being published.  Please be advised that once you submit final files the article will be
considered published and cannot be withdrawn.

To assist you with preparing your final files, attached please find a Final Files Checklist.
 
Once you have completed the submission of your final files, the accepted version of your article will be posted Early
Access on IEEE Xplore within 2-3 business days.  Within 7-10 business days the corresponding author will receive
your page proofs, at which point you can make minor edits as necessary.  Once the corresponding author approves
the proofs, the final version will replace the Early Access version on IEEE Xplore. 
 
For more information on what to expect after you submit final files, please visit our Post Acceptance Guide.
 
After you submit final files you will automatically be directed to the Electronic Copyright Form. Once the copyright
information is completed, within a few business days you will receive an email from Copyright Clearance Center
(CCC) to settle your APC balance of $1,995 USD plus applicable local taxes by check, credit card, or wire transfer.
Please note that once you submit final files your article is considered published, and you are responsible for
covering the cost of the APC.  If you need assistance with the payment process, please contact CCC Customer
Service at IEEESupport@copyright.com.
 
Thank you for your fine contribution.  On behalf of the Editors of IEEE Access, we look forward to your continued
contributions to IEEE Access.

Sincerely,

Prof. Haidong Shao
Associate Editor, IEEE Access
hdshao@hnu.edu.cn

Reviewer(s)' Comments to Author:

Reviewer: 1

Comments:
The novelty of the article is very marginal as a similar work is discussed in  https://www.jstor.org/stable/25470976. The
comments of previous revision are not fully discussed.
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Additional Questions:
Please confirm that you have reviewed all relevant files, including supplementary files and any author response files,
which can be found in the "View Author's Response" link above (author responses will only appear for resubmissions):
Yes, all files have been reviewed

1) Does the paper contribute to the body of knowledge?: No

2) Is the paper technically sound?: Partly

3) Is the subject matter presented in a comprehensive manner?: No

4) Are the references provided applicable and sufficient?: Yes

5) Are there references that are not appropriate for the topic being discussed?: No

5a) If yes, then please indicate which references should be removed.:

Reviewer: 2

Comments:
Regrettably, the author failed to address the reviewers' concerns adequately. Consequently, I cannot endorse the
publication of this manuscript in its current form.

Additional Questions:
Please confirm that you have reviewed all relevant files, including supplementary files and any author response files,
which can be found in the "View Author's Response" link above (author responses will only appear for resubmissions):
Yes, all files have been reviewed

1) Does the paper contribute to the body of knowledge?: y

2) Is the paper technically sound?: y

3) Is the subject matter presented in a comprehensive manner?: y

4) Are the references provided applicable and sufficient?: n

5) Are there references that are not appropriate for the topic being discussed?: No

5a) If yes, then please indicate which references should be removed.:

If you have any questions, please contact article administrator: Mr. Ankit Srivastava a.srivastava@ieee.org

* Final-Files-Checklist.docx
210K

mailto:a.srivastava@ieee.org
https://mail.google.com/mail/u/0/?ui=2&ik=b417c1c905&view=att&th=1928f4bced6d0ec9&attid=0.1&disp=attd&safe=1&zw
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ABSTRACT A control chart is a valuable statistical tool used in production process control to ensure
that products meet quality standards. The c-chart, a specific type of control chart, monitors the number
of nonconformities or defects in a production process, thus maintaining product quality. The aim of this
study is to introduce an improved c-chart for monitoring nonconformities via the Empirical Bayes approach.
An exponential distribution, a special case of the single-parameter gamma distribution, is employed as
suitable model for this analysis. To calculate the control limits, the posterior distribution and the predictive
density are derived for the unconditional predictive density of the run length. The performance of the c-chart
is evaluated via the average run length (ARL) and the standard deviation of the run length (SDRL), with a
focus on Phase II analysis, where the chart is used for continuous monitoring of an in-control process. The
proposed method’s efficiency is compared with that of existing methods, demonstrating its superiority in
achieving large ARL values for an in-control process, particularly when the parameter c is between 5 and
15. The effectiveness of the proposed method increases with increasing inspection unit size, highlighting
its robustness and reliability. This enhanced performance highlights the advantages of the Empirical Bayes
method in control chart applications, providing a practical and efficient tool for quality monitoring in various
industrial processes.

INDEX TERMS Average run length, empirical Bayes, standard deviation of run length, predictive density,
c-chart, Monte Carlo simulation, attribute control charts.

I. INTRODUCTION
In recent years, quality control methods have become increas-
ingly vital for ensuring the efficiency and reliability of
production processes across various manufacturing indus-
tries [1], [2], [3] and healthcare monitoring [4], [5], [6], [7].
Among these methods, the c-chart, a type of Shewhart control
chart, has emerged as a prominent tool for monitoring the
occurrence of nonconformities or defects in manufacturing
processes. Developed for count data, the c-chart provides a
systematic approach to tracking the number of nonconformi-
ties per inspection unit over time.

Despite its widespread adoption, the conventional
approach to constructing c-charts often relies on assumptions
that may not fully capture the complexity and variability

The associate editor coordinating the review of this manuscript and

approving it for publication was Haidong Shao .

inherent inmanufacturing environments. Traditional methods
for setting control limits typically involve specifying prior
distributions based on expert judgment or historical data.
This approach can lead to suboptimal results when faced with
evolving process dynamics or limited data availability.

In response to these challenges, the Bayesian approach has
been recognized as a powerful alternative to classical meth-
ods, particularly in term of statistical inference; it integrates
historical information about parameters through prior distri-
butions, making it beneficial in various contexts, including
statistical process control (SPC) schemes. This approach is
particularly useful in situations where prior knowledge can
significantly inform parameter estimates [8], [9], [10], [11].
Moreover, Bayesian methods have been effectively applied
in sequential sampling plans to estimate parameters and
construct control limits based on posterior and predictive
densities [12], [13], [14], [15], [16], [17]. The use of prior
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distributions, where parameters are known or estimated inde-
pendently from observed data, enhances the flexibility and
accuracy of monitoring strategies.

Conversely, when the hyperparameters are unknown and
estimated from the observed data, this method is referred
to as the Empirical Bayes (EB) approach [18], [19], [20].
The Empirical Bayes approach has shown promising results
in parameter estimation and classification research, demon-
strating efficient performance across a wide range of applica-
tions [21], [22], [23], [24], [25], [26], including SPC [27],
[28], [29], [30]. This method stands out by leveraging
empirical data to refine prior parameter estimates, thereby
improving the robustness and adaptability of control charts,
such as the c-chart.

Recent advancements in the Empirical Bayes methodology
have further enhanced its applicability in the SPC. For exam-
ple, Empirical Bayes has been utilized to improve parameter
estimation in sampling plans and other SPC-related applica-
tions [31], [32], [33], [34]. The incorporation of empirical
data into the Bayesian framework allows for a more dynamic
and responsive approach to quality control, addressing the
limitations of traditional methods. In particular, the use
of predictive densities based on non-informative Jeffreys
prior has demonstrated superior performance compared with
classical methods [35], [36], [37], [38]. This methodology
improves the determination of average run length (ARL) by
considering the run length distribution, which is crucial for
assessing the performance of control charts [39], [40].
Moreover, recent research by Supharakonsakun [46] has

extended the c-chart to the Bayesian methodology by the
gamma distribution to establish control limits. Supharakon-
sakun’s work compares the performance of the Bayesian
approach with that of existing methods and shows that the
Bayesian method offers larger ARLs and smaller false alarm
rates (FARs), indicating improved effectiveness in process
monitoring. However, challenges remain with large values of
the λ parameter, suggesting that hyperparameter adjustment
is necessary for optimal performance.

Similarly, Bayarri and Garcia-Donato [47] introduced a
sequential, fully Bayesian approach to U-control charts, over-
coming the limitations of the Poisson model and eliminating
the need for a base period. Their work demonstrated that
the Bayesian U-control chart is a powerful tool for process
monitoring, highlighting the potential of Bayesian methods
for improving control chart performance.

ARL measures the expected number of samples taken
before the first out-of-control signal appears, thus reflect-
ing the control chart’s ability to monitor process stability.
It is often associated with a geometric distribution, which
corresponds to a nominal probability of 0.0027 that a point
will exceed the 3-sigma control limits, resulting in an ARL
of 370.4 for an in-control process [41]. A large ARL value
is typically desirable for processes that are stable and in
control.

The aim of this study aims to build upon the literature
on both the c-chart and Empirical Bayes methodologies by

exploring the application of Empirical Bayes techniques in
enhancing the performance of the c-chart for quality con-
trol purposes. The proposed methodology focuses on using
empirical data to estimate prior parameters, establishing con-
trol limits, and computing ARL values through predictive
density procedures. In doing so, this study extends previous
work by comparing frequentist and Bayesian methods with
the Empirical Bayes approach, further contributing to the
Phase II analysis of process monitoring and control.

II. CHARACTERISTIC OF C-CHART
In this research, the c-chart is employed to monitor the num-
ber of nonconformities in a production process. This type of
control chart is specifically designed for count data, tracking
the number of defects or nonconformities per inspection unit
over time. The c-chart is extensively used in the manufactur-
ing and service industries to oversee processes where defects
may occur, such as in product quality control, machine per-
formance monitoring, and evaluation of service errors.

To establish the c-chart via the collected data, the average
number of nonconformities (c̄) is calculated. The control
limits of the c-chart are derived from this average. The upper
control limit (UCL) and lower control limit (LCL) are deter-
mined via the following formulas:

UCL/LCL =

{
c̄+ 3

√
c̄

c̄+ 3
√
c̄.

(1)

These limits help assess whether the process is in control
(within limits) or out of control (outside limits). The inspec-
tion unit size must remain constant throughout themonitoring
period to ensure accurate control limit calculation and inter-
pretation periods to ensure accurate control limit calculation
and interpretation.

III. RESEARCH METHODOLOGY
The c-chart, also known as a count chart, is a control chart
employed in statistical process control to track the number
of nonconformities (defects) within a fixed-size sample of
products or processes over time. This chart is designed for
count data, specifically monitoring the number of defects in
a consistent inspection unit size, such as per item, batch,
or area.

The c-chart is based on the statistical assumption that the
number of nonconformities follows a Poisson distribution,
which is suitable for infrequent events that occur indepen-
dently within a fixed area or volume. When inspection units
are chosen randomly at uniform time intervals, the count of
nonconformities in the ith inspection is expected to adhere to
a Poisson distribution characterized by a specific parameter
c̄, represented by:

f (xi|c) =
e−cλxi

xi!
, xi = 0, 1, 2, . . . , i = 1, . . . ,m ; c > 0.

(2)

In this study, an informative prior is utilized within
the Bayesian approach. Assume that a random variable,
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denoted X , follows an exponential distribution with param-
eter α, expressed as X ∼ Exp(α). The probability density
function of the exponential distribution is expressed as
follows:

π (c) = αe−αc
; α, c > 0. (3)

Supharakonsakun and Jampachasri [24] proposed the
Empirical Bayes estimator of λ by estimating the hyperpa-
rameter c via the maximum likelihood estimator (MLE) of
the posterior marginal distribution (see [42]). The MLE for
the hyperparameter c is obtained as follows:

α̂MLE =
m
m∑
i=1

xi

=
1
x̄
. (4)

The posterior distribution can be derived as follows:

h
(
c|X

)
=

L (c) π (c)∫
L (c) π (c)dc

, (5)

where L (c) denotes the likelihood function of the Poisson
probability mass function.

Thus, the posterior distribution can be expressed as
follows:

h
(
c|X

)
=

(
m+ α̂

) m∑
i=1

Xi+1

0

(
m∑
i=1

Xi + 1
)e−(m+α̂)λλ

m∑
i=1

Xi
. (6)

The posterior distribution of the parameter c follows a

gamma distribution with parameters
m∑
i=1

Xi + 1 and m + α̂.

It is expressed in the following form:

πj(λ|data) =

(
n+ α̂

) m∑
i=1

xi+1

0

(
n∑
i=1

xi + 1
)e−(n+α̂)cc

m∑
i=1

xi+α̂−1
. (7)

The unconditional predictive density can be derived as fol-
lows [19]:

f
(
xf |data

)
=

∞∫
0

f
(
xf |c

)
πj(λ|data)dc. (8)

In this context, Xf represents the anticipated number of non-
conformities in an upcoming inspection unit.

Here,

f
(
xf |data

)
=

∞∫
0

e−ccXf
(
m+ α̂

) m∑
i=1

Xi+1
e−(m+α̂)cλ

m∑
i=1

Xi

Xf !0
(

m∑
i=1

Xi + 1
) dc.

(9)

We have,

f
(
xf |data

)
=

(
m+ α̂

) m∑
i=1

Xi+1
0

(
m∑
i=1

Xi + Xf + 1
)

Xf !0
(

m∑
i=1

Xi + 1
) (

m+ α̂ + 1
) m∑
i=1

Xi+Xf +1
.

(10)

The previously mentioned equation can be restated as a pre-
dictive density, illustrated as follows:

f
(
xf |data

)
=

0

(
m∑
i=1

Xi + Xf + 1
)

0

(
m∑
i=1

Xi + 1
)

0
(
Xf + 1

)

·

(
m+ α̂

m+ α̂ + 1

) m∑
i=1

Xi+1 (
1

m+ α̂ + 1

)Xf
.

(11)

Hence, the predictive density conforms to a negative bino-

mial distribution characterized by parameters
m∑
i=1

Xi + 1 and

m+α̂
m+α̂+1 . This can be represented as

Xf ∼ NB

(
m∑
i=1

Xi + 1,
m+ α̂

m+ α̂ + 1

)
. (12)

In this research, the c-chart is employed to evaluate the
performance of different methods for monitoring noncon-
formities. Specifically, the Empirical Bayes approach is
compared with the classical and Bayesian methods, with a
focus on the average run length (ARL) and standard devi-
ation of the run length (SDRL). By conducting simulations
and analyzing these performance metrics, the aim of this
research is to demonstrate the effectiveness and robustness of
the proposed Empirical Bayes c-chart in maintaining process
control.

IV. SIMULATION RESULTS
This paper compares the unconditional average run lengths
(ARLs) and unconditional standard deviation of run lengths
(SDRLs) via classical methods, Bayesian methods with the
Jeffreys prior [39], and the proposed method. The upper and
lower control limits are computed for varying values of c and
m. The Bayesian procedure is obtained through the predictive
density.

The simulation study considers c = 1, 2, 3, 4, 5, 8, 10, 15,
20, 30, 40, and 50 andm = 5, 10, 15, 20, 25, 30, 50, 100, 200,
and 500. The number of simulations is 20,000 iterations. The
results of the proposed method are compared with those of
the Raubenheimer and Merwe method and Chakraborti and
Human method.

The results in Table 1 and Figure 1 show that for small
inspection unit sizes (i.e.,m = 5), the frequentist method pro-
vides the largest ARLs for most values of c (e.g., c = 1, 2, 3,
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TABLE 1. Comparative unconditional ARL and SDRL performance for
m = 5.

4, 10, 15, 20, 30, 40, and 50). This suggests that the classical
method is more stable in these cases. However, the proposed
Empirical Bayes method outperforms the classical approach
for c = 5 and 8, indicating its ability to provide better average
run lengths in these specific scenarios. The SDRLs for all
methods are consistently smaller than the ARLs, indicating
that the variability in run lengths is well-controlled across all
methods.

FIGURE 1. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 5.

Table 2 and Figure 2 show the performance for m = 10.
The frequentist approach continues to provide the largest
ARLs for most values of c, particularly at c = 1, 2, 3, 4, 5,
15, 20, 30, 40, and 50. However, the proposed method shows
better performance for c = 8 and 10, suggesting that it is
more suitable for certain values of c even as the sample size
increases. The SDRLs are slightly smaller than the ARLs,
indicating that the variability is controlled.

Table 3 and Figure 3 present the performance for m =

15. As the inspection unit size increases to m = 15, the
classical method continues to dominate for most values of
c, providing the largest ARLs for c = 1, 2, 3, 4, 20,

TABLE 2. Comparative unconditional ARL and SDRL performance for
m = 10.

FIGURE 2. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 10.

TABLE 3. Comparative unconditional ARL and SDRL performance for
m = 15.

30, 40, and 50. However, the proposed method consistently
outperforms the classical approach for intermediate values
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of c such as 5, 8, 10, and 15. The results indicate that the
Empirical Bayes method can be particularly effective for
these moderate scenarios. The SDRLs remain smaller than
the ARLs do, showing stable and consistent performance
across all methods.

FIGURE 3. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 15.

TABLE 4. Comparative unconditional ARL and SDRL performance for
m = 20.

FIGURE 4. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 20.

Table 4 and Figure 4 show the performance for m = 20,
and the pattern remains largely consistent. The frequentist
method provides the largest ARLs for extreme values of c
(i.e., c = 1, 2, 3, 4, 20, 30, 40, and 50), while the proposed
method continues to outperform for intermediate values such
as 5, 8, 10, and 15. The smaller SDRLs across all methods
suggest that each method remains relatively stable, with low
variability in performance for different sample sizes.

TABLE 5. Comparative unconditional ARL and SDRL performance for
m = 25.

FIGURE 5. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 25.

Table 5 and Figure 5 show the results for m = 25. The
findings are consistent with those observed in previous sce-
narios. The frequentist method provides the largest ARLs for
extreme values of c = 1, 2, 3, 4, 20, 30, 40, and 50, whereas
the proposed method performs better for intermediate values
(c = 5, 8, 10, and 15). This pattern confirms that the Empir-
ical Bayes approach may offer a more balanced performance
in cases where the process does not exhibit extreme levels of
nonconformity. The SDRLs remain smaller than the ARLs
do, showing controlled variability in the run lengths.
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Table 6 and Figure 6 present the results for m = 30.
The proposed method continues to provide the largest ARLs
for intermediate values (c = 5, 8, 10, 15, and 20), while
the frequentist method remains dominant for extreme cases
(c = 1, 2, 3, 4, 30, 40, and 50); this suggests that as the
inspection unit size increases, the proposed method retains
its relative advantage for moderate scenarios, whereas the
frequentist approach maintains strong performance in more
extreme cases.

TABLE 6. Comparative unconditional ARL and SDRL performance for
m = 30.

FIGURE 6. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 30.

Table 7 and Figure 7 display the results for m = 50. The
proposed method remains effective for intermediate values
of c, providing the largest ARLs for c = 5, 8, 10, 15, and
20, whereas the classical method continues to provide larger
ARLs for extreme values. The SDRLs continue to be smaller
than the ARLs across all methods, demonstrating that the
variability in performance is kept under control.

Table 8 and Figure 8 present the results for m = 100.
The proposed method performs well for intermediate values
of c = 1, 5, 8, 10, 15, and 20, providing the largest ARLs in

these cases. The classical method still dominates for extreme
values such as c = 2, 3, 4, 30, 40, and 50. These results
suggest that for larger inspection units, the proposed method
maintains its strength in more balanced scenarios, whereas
the classical method remains reliable in extreme cases.

Table 9 and Figure 9 show the results for m = 200. The
proposed method shows robust performance for intermediate
values of c = 1, 4, 5, 8, 10, 20, and 40, providing the largest
ARLs in these cases; this demonstrates the proposed to handle
larger inspection units effectively. The Raubenheimer and
Merwe method performs well for c = 15, but overall, the
classical method provides the largest ARLs for extreme cases.
The SDRLs remain smaller than the ARLs, indicating stable
performance.

Finally, Table 10 and Figure 10 show that for the largest
inspection unit size of m = 500, the proposed method
continues to perform well, providing the largest ARLs for
moderate values of c = 1, 4, 5, 8, 15, and 40. The frequentist
method remains dominant for very small and large values

TABLE 7. Comparative unconditional ARL and SDRL performance for
m = 50.

FIGURE 7. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 50.
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TABLE 8. Comparative unconditional ARL and SDRL performance for
m = 100.

FIGURE 8. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 100.

FIGURE 9. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 200.

c = 2, 3, 20, 30, and 50, whereas the Raubenheimer and
Merwe method performs well for c = 10.

TABLE 9. Comparative unconditional ARL and SDRL performance for
m = 200.

TABLE 10. Comparative unconditional ARL and SDRL performance for
m = 500.

FIGURE 10. ARL curves of the frequentist, Bayesian and Empirical Bayes
methods for m = 500.

The simulation results indicate that while the classical
method tends to perform well for extreme values of c (very
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TABLE 11. Comparison the performance methods for c = 20.

low or very high nonconformity rates), the proposed Empir-
ical Bayes approach consistently provides larger ARLs for
intermediate values; this suggests that the proposed method
is particularly well-suited to scenarios where the process
exhibits moderate levels of nonconformity, offering a bal-
anced approach to process monitoring. The SDRLs for all
methods are smaller than the corresponding ARLs, indicating
that the variability in run lengths is well-controlled and stable
across all inspection unit sizes and process conditions.

The classical method’s dominance in extreme cases is
likely due to its ability to maintain consistent ARL per-
formance under stable conditions, whereas the proposed
method excels in more nuanced scenarios where empirical
data can be used to adjust hyperparameters dynamically. The
Raubenheimer andMerwemethod sexhibits occasional effec-
tiveness, particularly for certain values of c, but is generally
less competitive overall.

In summary, the proposed Empirical Bayes approach offers
a robust framework for handling processes with moderate
nonconformities, whereas the frequentist method provides
reliable performance for more extreme conditions.

V. APPLICATION
Consider the example from Montgomery [45], Example 6-3
on Page 277, which has also been studied by Chakraborti,
Human, Raubenheimer, and Merwe. This example examines
the number of nonconformities observed in 26 successive
samples of 100 printed circuit boards, with the inspec-
tion unit defined as 100 boards. Across the 26 samples,
516 nonconformities were found, resulting in an esti-
mated c̄ = 516/26=19.85. Upon further investigation, units
6 and 24 were identified as out-of-control and subsequently
removed. Revised control limits were then calculated using
the remaining 24 samples, where m = 24 and

∑m
i=1 xi =

472. The recalculated average number of nonconformities per
inspection unit is c̄ = 472/24 = 19.67.
Using this example, we set m = 24 and

∑m
i=1 xi = 472.

According to Human and Raubenheimer, the Jeffreys prior
for c results in a gamma posterior distributionwith parameters∑m

i=1 xi+0.5 andm. In contrast, our proposedmethod uses an
exponential prior via Empirical Bayes, resulting in a gamma
posterior distribution with parameters

∑m
i=1 xi+1 andm+

1
x̄ .

For this example, the posterior distribution of c is Gamma
(273, 24.0021).

To evaluate the performance of the c-chart for the observed
value

∑m
i=1 xi = 472, we investigate the unconditional

ARL using the unconditional false alarm rate (FAR). Control

limits, the unconditional ARL is calculated via the frequentist
and Raubenheimer and Merwe methods, and then compared
with our proposed procedure using c = 20 to calculate the
CARL. The results are presented in Table 11.

Table 11 shows that the Empirical Bayes method provides
a wider interval than the classical and Bayesian methods
do, resulting in a larger CARL value. This is desirable for
processes that are stable and in control.

VI. DISCUSSION
The Empirical Bayes approach in our study proved effective
for designing a c-chart to monitor nonconformities, utilizing
sample data to estimate prior parameters, thereby leading
to a Bayesian predictive posterior distribution. This method
involves the use of an exponential prior, which is a special
case of the gamma distribution with a single parameter where
the shape parameter equals 1. The selection of this prior was
motivated by its simplicity and efficiency, as supported by
relevant literature [39], [40]. The exponential prior simplifies
the derivation of predictive densities for constructing control
limits, contributing to the method’s practical applicability.

In comparing our approach with previous methodolo-
gies, we observed that the Empirical Bayes method with an
exponential prior yielded control limits, average run lengths
(ARLs), and standard deviations of run length (SDRL) that
were generally favorable, particularly for moderate to large
inspection units. Our Monte Carlo simulations, comprising
20,000 iterations for ARL and SDRL calculations, revealed
that the Empirical Bayes approach consistently provided high
ARL values for parameters c = 4 to 20, aligning well with
the nominal value of 370.4. This large ARL is indicative of a
lower false alarm rate, reinforcing the method’s robustness.

However, the method’s effectiveness was somewhat lim-
ited for small inspection units, where it presented slightly
lower ARL values and greater variability. This suggests that
while the Empirical Bayes approach is generally robust, there
is room for improvement in scenarios involving small sample
sizes or low nonconformity counts.

The literature on the selection of prior distributions in
Bayesian inference supports the efficiency of the exponen-
tial prior in the Empirical Bayes context. For example,
Gelman et al. [43] emphasized that the exponential prior
provides a practical balance between simplicity and infor-
mativeness, making it suitable for a variety of applications
where prior knowledge is either limited or straightforward.
Additionally, Kass and Wasserman [44] highlighted the suit-
ability of exponential priors in hierarchical models, noting
their utility in empirical Bayesian frameworks due to their
flexibility and ease of integration with posterior distributions.

For future work, exploring alternative priors such as other
special cases of the gamma distribution or more informative
priors based on additional historical data could enhance the
method’s adaptability and performance in diverse contexts.
Such investigations would help refine the Empirical Bayes
approach, ensuring its robustness across different parameter
settings and inspection unit sizes.
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VII. CONCLUSION AND RECOMMENDATIONS
The Empirical Bayes approach for designing a c-chart
effectively utilizes sample data to estimate prior parame-
ters, leading to a Bayesian predictive posterior distribution.
Employing an exponential prior (a special case of the gamma
distribution) simplifies the derivation of predictive densities,
making it particularly useful for constructing control limits in
quality monitoring.

Our analysis indicates that the Empirical Bayes method
excels with moderate to large inspection units, providing
optimal ARLs for parameters c = 4 to 20. Its performance
diminishes slightly with smaller inspection units, suggesting
a need for further adaptation in these cases. A key advantage
of this method is its ability to avoid the arbitrary setting of
hyperparameters, instead deriving them from sample data,
thereby ensuring robust performance without the complica-
tions associated with inappropriate hyperparameter choices.
Furthermore, our results indicate that smaller values of the
hyperparameter α are associated with higher ARL values,
demonstrating the benefit of selecting small α values for
improved performance. The sensitivity of the hyperparameter
is powerfully demonstrated in Table 12, which highlights the
substantial impact of α on ARL performance for different
sample sizes. Table 12 provides an unconditional ARL sen-
sitivity analysis of α for inspection units m =10, 30, and
50 given c = 10, revealing how smaller α values lead to
significantly higher ARLs across all inspection units.

TABLE 12. Unconditional ARL sensitivity analysis of α for m = 10, 30 and
50 given c = 10.

From our application results, the Empirical Bayes method
provides the largest value of ARL compared with the clas-
sical and Bayesian methods. This finding indicates that the
Empirical Bayes approach not only offers a robust framework
for hyperparameter estimation but also enhances control chart
performance, particularly for stable and in-control processes.
This finding aligns with the conclusions of recent research
by Supharakonsakun [46], which similarly highlighted the
potential of Bayesian approaches in improving ARL perfor-
mance in control charts for nonconformities

For future research, we recommend investigating the effi-
cacy of alternative prior distributions within the Empirical
Bayes framework. Exploring other forms of the gamma

distribution or incorporating more informative priors based
on extensive historical data could increase the method’s flexi-
bility and effectiveness. Additionally, further simulations and
empirical studies could help identify optimal strategies for
addressing scenarios with small sample sizes or low non-
conformity counts, thereby broadening the applicability and
robustness of the Empirical Bayes approach in various quality
monitoring contexts. Recent research, such as that by Bayarri
and Garcia-Donato [47], on U-control chart methodologies,
provides valuable insights into alternative approaches and
could serve as a foundation for future studies exploring
advanced techniques in control chart design.
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