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ABSTRACT

We provide an overview and discussion of some issues and guidelines related to monitoring
univariate processes with control charts. We offer some advice to practitioners to help them
set up control charts appropriately and use them most effectively. We propose a four-phase
framework for control chart set-up, implementation, use, and maintenance. In addition, our
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recommendations may be useful for researchers in the field of statistical process monitoring.
We identify some current best practices, some misconceptions, and some practical issues

that rely on practitioner judgment.

1. Introduction

Control charts are used for monitoring variables of
interest to support the quality management of goods
and services. First introduced by Shewhart (1931) to
distinguish between expected (or common cause) vari-
ation and variation due to assignable causes, control
charts are applied in a wide variety of industries and
in healthcare applications.

With a control chart one plots over time the statis-
tics related to key variables that reflect the quality of a
process or product. In the simplest case, if the value
of the control chart statistic falls within the control
chart limits, the process is considered in control, and
any observed variation is considered common cause
variation. Conversely, if a value of the control chart
statistic exceeds the control limits, there is an indica-
tion of a potential process change that may need
attention. In this case, the observed variation in the
process or product is potentially due to a removable
assignable cause. Control charts are used to understand
variation over time with the goal of process improve-
ment. Process improvement in industrial applications is
typically characterized by centering the process on a
specified target value and reducing variation.

In our view process monitoring consists of the fol-
lowing four phases: Phase 0, Phase I, Phase II, and

Phase III, where most of the discussion in the statis-
tical process monitoring (SPM) literature has been
devoted to Phase I and II issues. It seems that the
terms Phase I and Phase II were first used by Alt
et al. (1976), although the ideas go back much further.
In our view, we also need a Phase 0, terminology first
suggested by Megahed, Wells, and Camelio (2010)
and discussed in Megahed and Jones-Farmer (2015),
Megahed (2019), and Lamooki et al. (2021), for data
collection, and a Phase III for model and chart
maintenance.

In Phase 0, the steps depend on whether the data is
gathered for the monitoring purpose or whether an
existing data source will be used. When data will be
gathered, it should be determined what key character-
istics should be measured and how they should be
measured, thereby accounting for economic aspects
such as sampling costs to finally establish a data sam-
pling plan. Alternatively, if an existing dataset is used
for monitoring, it should be determined what key
characteristics should be constructed from existing
data so that data aspects such as uniformity and suit-
ability will be considered. Finally, a data selection plan
is established. Additionally, in Phase 0, a measurement
system analysis should be conducted, and data quality
issues should be addressed.
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In Phase I, a set of time-ordered process observa-
tions are collected or constructed. Next, these data are
evaluated retrospectively to understand the process
variation, obtain clues for process improvement, and
define the normal operating conditions (or in-control
state) of the process. A model is usually estimated
from the data and the control chart for Phase II is
set up.

In Phase II, the process is monitored prospectively
for departures from the baseline in-control state. New
data are collected, pre-processed if needed, and plot-
ted on the chart. If an out-of-control signal is
observed, the practitioner needs to investigate the sig-
nal and can make a choice to continue the monitoring
or take some action.

What we refer to as Phase III involves regular
model maintenance, evaluating the Phase I model fit
regularly, updating the model or control limits over
time, and consideration of the practical significance of
the observed signals. Figure 1 gives a high-level over-
view of the four control chart phases and steps for the
implementation and use of control charts in practice.
We have purposefully included double arrows to indi-
cate that some steps require iteration to be performed.
We will discuss each phase in detail.

The Shewhart chart control limits are usually com-
puted to be plus and minus three standard errors from
the mean of the chart statistics, where the mean and
variance correspond to an in-control, stable baseline
process. Using Chebyshev’s inequality, as Shewhart
(1931, p. 95) did with 3-sigma control limits, means that
no more than about eleven percent of the observations
from a stable process will fall outside of the control lim-
its, regardless of the in-control distribution of the data.
However, a connection between the 3-sigma control lim-
its and normal distribution theory quickly took root.
For example, Shewhart (1939, p. 36) noted that if the
control chart statistics are uncorrelated and follow a
normal distribution, the probability of a false alarm with
a control chart statistic falling outside of the 3-sigma
control limits when the process is in control is 0.003. In
our view, the normal distribution assumption is not
appropriate for initial Phase I analysis, but is sometimes
useful as an approximation in Phase II to investigate
performance metrics. In addition, probability-based lim-
its usually yield charts with better detection ability for
processes with non-normal in-control distributions com-
pared to the use of 3-sigma limits.

Since the 1930s there have been many new control
charts developed, including “memory-based” charts
such as the cumulative sum (CUSUM) chart proposed
by Page (1954), the exponentially weighted moving

average (EWMA) chart proposed by Roberts (1959),
and multivariate control charts that are useful for sim-
ultaneously monitoring multiple quality characteristics
(Hotelling 1947). In addition, Psarakis and Papaleonida
(2007) reviewed the many charts for monitoring pro-
cess variables that are correlated over time while
Noorossana, Saghaei, and Amiri (2011) discussed charts
for monitoring processes that are characterized by a
functional profile. Most of the more advanced control
charts were introduced to adapt to the changes in the
types of data available in manufacturing and service
processes.

There is a vast literature with recommendations for
good practice related to using control charts in gen-
eral and univariate charts in particular. Unfortunately,
it seems that many of these recommendations have
not had much impact on the application of control
charts in practice. There are many reasons for this,
including the lack of transfer of knowledge from the
academic literature to practitioners, the lack of soft-
ware available for advanced methodology, and the
lack of knowledge of how to apply the methods in
practice. To a large extent, we agree with Crowder
et al. (1997) who wrote

There are few areas of statistical application with a
wider gap between methodological development and
application than is seen in SPC (statistical process
control). Many organizations in dire need of SPC are
not using it at all, while most of the remainder are
using methods essentially exactly as Shewhart
proposed them early this century. The reasons for
this are varied. One that cannot be overlooked is
Deming’s observation that any procedure which
requires regular intervention by an expert statistician
to work properly will not be implemented.

Many of the standard methods are becoming less
useful in practice as manufacturing and service proc-
esses become more automated. With the increases in
automation, there are increases in sampling frequen-
cies, increases in auto- and cross-correlated input data
streams, along with the importance of considering
multistage hierarchical processes. The increased com-
plexity of the data often requires the use of more
advanced SPM methods.

Various organizations, books, and sources have given
guidelines and advice on the design, set-up, and imple-
mentation of control charts. Our goal is to clarify some
points, not to give a detailed how-to description of con-
trol chart practice. Many such details were given by
ASTM E2587-16 (2021), ISO 7870-1:2019 (2019),
Mohammed, Worthington, and Woodall (2008), and
Montgomery (2019), among many others. We assume
the reader has at least basic knowledge of SPM methods.
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Figure 1. A four phase framework for control chart set-up, implementation and use.

The purpose of our paper is to consolidate some of
the recommendations for the use of univariate control
charts in practice. We focus on univariate control
charts because these are the most used in practice and
will help us to limit the scope of the paper so that it
is more easily accessible to a wide audience. Our dis-
cussion and recommendations are limited by our own
background and experience and are not exhaustive.
We point out some of the most pressing issues that
we see in current control chart practice and research.
For practitioners, we hope to provide a starting point
along with relevant citations to evidence-based
research on how best to apply univariate control

charts to current process improvement efforts. For
researchers, we provide insight into important con-
cepts to guide efforts on research topics and good
practice in terms of evaluating control chart perform-
ance. We also discuss some open issues for future
research.

The remainder of the paper is organized as follows.
In the next section, we provide a basic discussion of
univariate control charts, including both the retro-
spective and prospective use of the charts. Next, we
discuss each of the four phases in detail in four con-
secutive sections (Sections 3-6). In Section 7 entitled
“Evaluating Research” we discuss how to critically
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evaluate research on statistical process monitoring.
Researchers can use this information to guide the
evaluation of their proposed methods, while practi-
tioners can use this section to make more informed
decisions regarding the selection of methods proposed
in research papers. In addition, we hope that research-
ers can use the points we make in this section to
make their papers more useful for practitioners. We
conclude our paper with some practical issues not
addressed completely in the literature (Section 8) and
our conclusions (Section 9).

2. Univariate control charts
2.1. Shewhart-type charts

The most common charts for monitoring with con-
tinuous data and sample sizes larger than one are the
X-bar chart for monitoring the mean and either the
R-chart or S-chart for monitoring variation. If individ-
ual values are collected over time, then the X-chart
and moving range chart are typically used, although
Rigdon, Cruthis, and Champ (1994) showed that the
use of the moving range chart is unnecessary. In prac-
tice, Western Electrical Company (1956) runs rules are
often used with these and other Shewhart-type charts
although the runs rules proposed by Antzoulakos and
Rakitzis (2007) are more efficient.

The p-chart is used for monitoring proportions and
either the c-chart or u-chart is used for monitoring
with count data. The control limits for the p-chart are
based on the binomial distribution while the control
limits of the ¢- and u-charts are based on the Poisson
distribution. Alternatively, Wheeler (2011) advised
using the individuals chart for proportion and count
data, an approach that works well if the variation
between subgroups reflects only common cause vari-
ation and the sampling error. This issue was discussed
by Woodall (2017).

2.2. EWMA and CUSUM control charts

Cumulative sum (CUSUM) and exponentially
weighted moving average (EWMA) charts are used for
ongoing monitoring in Phase II. The EWMA chart is
simpler to understand but an ad hoc method, while
the CUSUM chart has some optimal detection proper-
ties. Hawkins and Olwell (1998) provided a thorough
description of CUSUM chart theory and methodology.
The CUSUM chart is designed based on the smallest
process shift size considered to be important enough
to be detected quickly. The CUSUM chart was never
intended to be able to detect a shift of any size

efficiently. The CUSUM and EWMA charts can be
designed for monitoring with a variety of assumed
underlying distributions.

Lucas and Saccucci (1990) provided a thorough dis-
cussion of the EWMA chart. EWMA-based methods
are proposed in the literature far more often than
CUSUM-based methods, likely because the mathemat-
ical analysis of the statistical performance is simpler
when both increases and decreases in the parameter
being monitored are to be detected.

The EWMA statistic is a weighted average of past
data values such that the weight given to a data value
decreases geometrically with its age. The CUSUM chart
statistics give equal weight to a random number of the
most recent data values. It is important that control
chart statistics based on weighted averages assign
weights to data values that do not increase with the age
of the data value. In process monitoring, the most
recent data values are obviously the most informative.

2.3. Monitoring for changes in the mean

When the mean is being monitored, the categorization
of shift sizes as small, moderate, and large is typically
based on multiples of the standard error of the sample
mean with shifts up to one standard error considered to
be small and shifts over three standard errors considered
large. This approach reflects statistical significance con-
siderations and not necessarily practical importance.

It has been demonstrated repeatedly that the
EWMA and CUSUM charts are more effective than
Shewhart charts in terms of more quickly detecting
small and moderate shifts in the process parameter
being monitored. The Shewhart chart is most effective
in detecting larger process shifts and assignable causes
that result in isolated outliers. We support the fre-
quent recommendation that the Shewhart chart be
used in conjunction with either the EWMA or
CUSUM chart (see, e.g., Lucas 1982, and Lucas and
Saccucci 1990).

Most research focused on the detection ability of
sustained shifts in the process mean in Phase II. If it
is of interest to detect non-sustained (transient) shifts,
cycles, or outliers, the practitioner needs to carefully
evaluate if a method is effective in detecting such pro-
cess changes. Usually, Shewhart-type charts are rec-
ommended over EWMA or CUSUM charts for
detecting transient shifts in Phase II.

3. Phase 0: Data collection/construction

The selection of key process characteristics for moni-
toring is primarily an engineering decision. In fact,



Harold F. Dodge, a colleague of Shewhart, wrote,
“Statistical quality control is 90% engineering and
10% statistics.” (Grant and Leavenworth 1980, p. 88).
In keeping with this idea, Phase 0 should include, not
only the quality engineer, but also management,
research and development, and those who manage the
process day-to-day.

Sometimes the variables to be monitored are speci-
fied by a customer or regulatory bodies and, in the
case of medical devices, required by the U. S. Food
and Drug Administration (FDA). It is essential to
obtain valid and precise measurements of the key
characteristic. For information on measurement sys-
tem analysis, we recommend Burdick, Borror, and
Montgomery (2003), Wheeler (2006), and Automotive
Industry Action Group (AIAG) (2010).

Establishing a sampling or data selection plan is an
important component of Phase 0. The sampling plan
includes both how the data will be sampled including
the sampling rate and aggregation level. This is
needed if the practitioner will collect data for moni-
toring. It is becoming more common that existing
(big) data sources are used for monitoring. In this
case, the practitioner needs to establish a data selec-
tion plan, detailing how the process characteristics of
interest should be constructed and selected from the
data source. Typically, some data preprocessing is
needed to extract useful features from the raw data.

These choices will influence the model fit as well as
the speed of change detection. For details and discus-
sion on the topics of data aggregation and sampling
frequency, the reader is referred to Zwetsloot and
Woodall (2021). Generally, sampling frequencies are
increasing in manufacturing applications. Aggregation
of data over time can be useful in removing noise and
reducing autocorrelation, but it involves a loss of
information so over-aggregation should be avoided.

Under the principle of rational subgrouping, one
collects data so that any assignable cause of atypical
process variation will result in variation between the
subgroup samples and not increase variation within the
samples. Rational subgrouping makes it easier to detect
the presence of assignable causes. Rational subgrouping
requires the use of process knowledge and some com-
mon sense. Just having a sample size larger than one
does not imply one has “rational subgroups.”

In processes measured by sensors or those related
to crowd-sourced data (such as online ratings or
social media), the observed data and measures of
quality are often contaminated with values that are
not truly part of the process under consideration. For
example, Megahed (2019) discussed the importance of
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distinguishing between actual tweets and those created
by bots in a social media surveillance application.
Lamooki et al. (2021) considered a personalized moni-
toring application for measuring fatigue related to
changes in a worker’s gait. The gait profiles gathered
from wearable sensors required significant preprocess-
ing in Phase 0 in order to eliminate measurements
not related to walking. As another example, Qiu, Lin,
and Zwetsloot (2023) consider monitoring vibration
and discuss the importance of distinguishing between
normal operating conditions and maintenance and
energy-saving operating conditions. In Phase 0 the
data should be clustered and sorted as only the vibra-
tion during operation is of interest for monitoring.
These are examples of the need to establish a data
selection plan in Phase 0 when working with existing
data.

Furthermore, the measurement systems has to be
evaluated and data quality issues should be addressed
prior to further process evaluation and outlier removal
in Phase I. Jones-Farmer, Ezell, and Hazen (2014) dis-
cussed the importance of understanding the data pro-
duction process, including four recognized dimensions
of data quality.

The ultimate goal of Phase 0 is to be ready to gather
a representative dataset that is useful to assess process
variability. Whether actively measured, or automatically
recorded, carefully evaluating the data by making sure
the right variables are measured, the sampling or data
collection plan is sound, the measurement system is
capable, and the data are of sufficient quality is vital to
successful process improvement and monitoring efforts.
Note that it is usually not required or suggested to use
a control chart in Phase 0.

4, Phase I: Retrospective analysis

The first step in Phase I is to collect or construct the
initial dataset for analysis using the work in Phase 0.
The analysis of Phase I data provides considerable
information about the process and its performance. In
ASTM E2587 — 16, Phase I was split into two stages:
process evaluation and process improvement.
Certainly, Phase I data can provide important clues
for process improvement, but for our purposes, we
focus on process evaluation. Phase I has been system-
atically explored by several authors including
Chakraborti, Human, and Graham (2008) and Jones-
Farmer et al. (2014). It is important to conduct a
comprehensive Phase I study. In this section, we offer
some practical advice based on our own experiences.
It is important to note that the success of Phase I
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depends heavily on the work completed in Phase 0 of
determining the appropriate measures, evaluating the
fitness of the measurement system, and establishing a
sampling or data collection plan.

One can plot a Shewhart chart using the Phase I
data. In fact, the focus taken by Shewhart (1931,
1939) was on Phase I analysis of fixed sets of process
data and process improvement. The removal of data
corresponding to identified and removable assignable
causes is an integral part of Phase I. Model fitting is
one of the final steps and may lead to additional data
cleaning, as is indicated in Figure 1 by a double
arrow. This step is discussed in Section 4.1 in more
detail. After an adequate model is obtained, the Phase
IT chart can be designed, a topic discussed in
Section 4.2.

4.1. Fit model from clean data set

After data collection the next step in Phase I (refer to
Figure 1) is to use the collected data from the process
of interest in order to understand the variability and
process performance and to obtain clues for process
improvement. One should check, for example, for out-
liers, autocorrelation, the necessity of using two or
more variance components, the usefulness of covari-
ates, and the necessity of accounting for input quality
when assessing output quality. Positive autocorrelation
and the presence of two or more variance components
can lead to many misleading control chart signals
unless the standard methods are modified
appropriately.

Control charts can be useful tools for studying pro-
cess stability and identifying potential outliers in
Phase I. However, it can be challenging to set up a
Phase I control chart without knowing the underlying
data distribution. Probability plots can be useful in
identifying outliers but should not be used to establish
that a particular distributional assumption is reason-
able until stability has first been achieved. Once stabil-
ity has been achieved, an appropriate statistical model
can be fit using appropriate goodness-of-fit tests or
model selection criteria. The practitioner must iterate
by assessing stability, fitting a model to the data, and
removing unusual values that are associated with
assignable causes. One should exercise caution when
removing unusual values, as removing valid data can
lead to biased parameter estimates.

It has become common practice to fit statistical dis-
tributions using automatic procedures in software.
Some examples include ‘fitter’ package for Python
(Cokelaer 2022) and the ‘fitdistrplus’ (Delignette-

Muller and Dutang 2015) package for R. These tools
can be very useful and powerful but the practitioner
should keep in mind that it only yields useful results
if applied to a clean dataset from a stable process.

In some cases, it is difficult to develop a statistical
model that would be realistic in Phase I because proc-
esses are typically unstable in Phase I and unstable in
an unpredictable fashion. Since one cannot reliably
assume a distribution even for a stable process, distri-
bution-free methods such as that of Capizzi and
Masarotto (2013) could be useful.

In some data scenarios, one does not fit a distribu-
tion to the data but rather estimates a more compli-
cated model and then fits a distribution to the
residuals of the model. For example, when the data
exhibit autocorrelation the usual practice is to first fit
a time-series model to the data and then monitor the
residuals. In healthcare applications, it is common
practice to first fit a risk adjustment model and then
monitor the event probability or the odds ratio.
Whenever this approach is taken the Phase I dataset
should be split into two parts: a training data set and
a calibration data set. Where the first w; data points,
the training data, are used to estimate the model. The
next w, data points are used to compute the residuals
by subtracting the fitted model’s one-step-ahead pre-
diction from the actual observed data. These residuals
can be used for control limit setting. Note that w =

w1 + w, is the size of the Phase I dataset.

Most of the research papers on statistical process
monitoring relate to monitoring methods performed
in Phase II under the assumption of some underlying
distribution. It would be difficult to find a distribution
that has not been studied. In our view the importance
of Phase I needs a much greater emphasis since most
of the learning about the process is accomplished in
Phase I. Contrary to the impression one would get
from many research papers, there is much more to
developing process understanding from a thorough
Phase I analysis than simply estimating process
parameters for use in Phase II.

In Figure 1, we used double arrows to link the two
steps and enclose them in a larger box. We believe
that the steps and analysis in Phase I are highly
dependent on the specific application and must be
customized to suit each case. In our experience, Phase
I typically involves a comprehensive study of the pro-
cess, followed by the definition of normal operating
conditions. However, it is not uncommon for these
two steps to overlap and become a larger iterative
analysis. Usually, these steps can be quite challenging
in practice and may require obtaining an updated
Phase I data set after an initial process study.



4.2. Selecting monitoring methods

The final step in Phase I is to set up the control chart
by determining the monitoring statistics, the type of
control chart, and setting the control limits (refer to
Figure 1). When monitoring individuals data, the
observed data are often monitored; however, one
might also monitor the residuals from a fitted linear
or nonlinear model. When the subgroup size is
greater than one, the practitioner must select the stat-
istic to monitor. For data that are approximately nor-
mally distributed the usual choice is to monitor using
the sample mean and a measure of process dispersion.
The R-chart is often used to monitor process disper-
sion when subgroup sizes are smaller than 10; how-
ever, we recommend the S- or S>-chart because the
sample range is more sensitive to outliers and less effi-
cient, as discussed by Mahmoud et al. (2010). For
clearly non-normally distributed data one can either
monitor the mean and standard deviation or one can
monitor estimates of the distributional parameters.

For variables data, some have recommended using
transformations to achieve normality in Phase I. It is
not appropriate to transform the Phase I data in an
attempt to achieve normality before plotting the data on
a control chart and checking for stability. Khakifirooz,
Tercero-Gomez, and Woodall (2021) showed that the
initial use of nonlinear transformations, such as the
Box-Cox transformation, can mask informative outliers.
In general, one should use nonlinear transformations
very carefully, if at all, in process monitoring applica-
tions. Santiago and Smith (2013) showed, for example,
that using a widely recommended power transformation
with exponentially distributed data to achieve approxi-
mate normality made it exceptionally hard to detect
decreases in the mean of the exponential distribution,
the primary goal of the monitoring.

Another common recommendation is to monitor a
function of the mean and variance rather than separ-
ately monitoring the mean and variance. In our view,
it is far better to monitor the mean and variability
separately with variables data than to monitor a func-
tion of the two parameters such as a capability index
or the coefficient of variation (Jalilibal et al. 2021).
Separate monitoring of the mean and variance is far
more interpretable and prevents the masking of some
types of parameter changes.

Another consideration in this final step of Phase I
is the type of control chart to use in Phase II. The
type of chart used for prospective monitoring in
Phase II need not be the same as any control chart
used for Phase I analysis. Depending on the size and
type of shift of interest one can select Shewhart-type
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charts or memory-based charts like the EWMA and
CUSUM charts for use in Phase II.

Finally, process capability is assessed and Phase II
chart limits are determined. The use of three-sigma
limits for Shewhart charts is common; however, these
are most appropriate if the normal distribution is at
least a reasonable fit for the monitoring statistic.
Otherwise using control limits based on the appropri-
ate percentile of the distribution of the monitoring
statistics is advised. Wheeler (2010) argued that the
use of three-sigma limits is also appropriate for non-
normally distributed data as the in-control coverage
probability of falling within the control limits is
always high. However, just considering the coverage
probability neglects the performance of the charts in
detecting changes. Using symmetric three-sigma limits
for plotted statistics that are heavily positively skewed
will result in poor detectability with the lower control
limit. It can also result in ARL-biased charts where an
out-of-control signal is more likely when the process
is in-control than when some process shifts occur. In
addition, use of standard three-sigma limits with posi-
tively skewed data can lead to situations where there
is no lower control limit.

In setting up the control limits, the effect of param-
eter estimation also needs to be considered, a topic
reviewed by Jensen et al. (2006), Psarakis, Vyniou,
and Castagliola (2014), and Does, Goedhart, and
Woodall (2020). Generally, impractically large Phase I
samples are required in order to have the control
chart performance be close to that under the assump-
tion that the in-control parameters are known. In
addition, economic aspects such as the costs of missed
versus false alarms must be considered in setting up
the control limits. Control limits are usually set based
on a pre-specified in-control average run length
(ARL) value or false alarm rate. Most research is
based on evaluating chart performance using an in-
control ARL of 200 and/or 370. However, the choice
for the in-control ARL should be made based on the
application at hand and the cost of false alarms versus
missed alarms. It also depends on choices made in
Phase 0 and Phase I. For example, Wang and
Zwetsloot (2021) monitored dengue-related mosquito
counts and set the in-control time between signals at
10years when monitoring vyearly data and at
120 months when monitoring monthly data.

5. Phase Il: Prospective monitoring

The success of Phase II monitoring depends heavily
on how well Phase 0 and Phase I were conducted.
Data are collected sequentially in Phase II to
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determine if there have been changes from the base-
line model fit in Phase I. There should be an out-of-
control action plan (OCAP) which specifies the action
required after a control chart signals. The action is
process dependent. In some cases, the process would
be stopped for a full investigation, while in other cases
one might just pay more attention to the process. Often
one cannot just stop the manufacturing process or stop
collecting data when an out-of-control signal occurs.
This is increasingly the case in modern manufacturing
and nearly always the case in social media monitoring,
personalized monitoring, and public health surveillance.
This also implies the necessity of other performance
metrics in addition to the average run length, as dis-
cussed by Woodall and Montgomery (2014).

Most current research on Phase II control charts
focuses on the detection power of charts for sustained
shifts. Phase II methods are often justified in the litera-
ture based on ARL performance. In ARL comparisons,
memory-based charts will outperform Shewhart-type
charts. However, one needs to keep in mind that transi-
ent shifts and outliers are usually better detected by
Shewhart-type methods. The choice of which chart to
use in Phase II depends on the type of shift of primary
interest; alternatively one can opt for running multiple
types of charts simultaneously. In addition, the ARL
metric is most useful under the assumption that a pro-
cess is stopped upon observing a signal. Though this
may be applicable in industrial applications, it is usually
not possible in applications using social media data or
healthcare. In those applications, in addition to the ARL
the methods could be evaluated based on recall rate,
detection percentage or conditional expected delay
(Fraker et al. 2008).

If many process variables are being monitored simul-
taneously, there must be a prioritization of signals so that
the more critical quality issues are the ones addressed
first. This issue was discussed, for example, by Sall
(2018). Woodall et al. (2018) compared and contrasted
the JMP approach discussed by Sall (2018) with the
approach used in IBM’s semiconductor manufacturing.

If the monitored statistic is based on a more com-
plicated underlying model, signal diagnosis can
become important. In our view, signal diagnosis is an
often-overlooked aspect in most research and we rec-
ommend that researchers include signal diagnosis
when developing new methodology. See, e.g., Amiri
and Allahyari (2012).

6. Phase lll: Regular model maintenance

As a standard part of the monitoring framework, we
suggest the addition of Phase III, which is dedicated

to model maintenance. We see this as a vital phase as
processes change over time resulting in designed
Phase II control charts that no longer reflect the
expected variability in the process. Phase III involves
regular evaluation of whether the Phase I model still
fits the process characteristics appropriately. If the
evaluation indicates a poor fit between the model and
data, the practitioner should return to Phase I and
repeat some of the steps. Several strategies have been
proposed in the literature, and we will discuss the
most promising and widely used solutions below.
First, we focus on evaluating the model fit.

The model fit should be evaluated regularly. For
this, we recommend using recent process data that
did not result in a signal on the control chart. Using
this data, we can perform an analysis similar to the
Phase I analysis where we study the data and deter-
mine whether the estimated model remains appropri-
ate. This can be achieved by using tools like
probability plots and statistical tests to compare the
original parameter estimates with those based on the
new dataset. Practical significance should be kept in
mind. It might not be necessary to update the control
chart (limits) if the model seems to have changed
only slightly and the difference is not of practical sig-
nificance (Woodall and Faltin 2019).

The term "regularly” can be open to interpretation,
and future research should be on establishing specific
guidelines. One potential trigger for initiating a Phase
IIT model maintenance analysis could be the observa-
tion of more frequent false alarms.

If it is concluded in Phase III that the model fit is
poor, one can update the estimated parameters from
Phase I based on new information if the process
appears stable. Capizzi and Masarotto (2020),
Huberts, Goedhart, and Does (2022) and Li (2022)
have recommended updating methods. We see this
line of research as very promising.

Other updating methods do not require checking
for process stability. For example, self-starting meth-
ods, originally proposed by Hawkins (1987), enable
Phase II monitoring to begin after just a few data val-
ues have been collected with regular updating after
each sample that does not result in an out-of-control
signal. This approach requires stringent assumptions
about the underlying model that can be impossible to
verify. Wasserman (1995) proposed a self-starting
EWMA chart, and Quesenberry (1991, 1995, 1997)
developed a series of self-starting methods known as
Q-charts. Keefe et al. (2015) studied the effect of par-
ameter estimation on the performance of univariate
self-starting control charts. Their work showed that



the chart performance is dependent on the early par-
ameter estimates. Sullivan and Jones (2002) recom-
mended supplementing a self-starting method with a
retrospective Phase I analysis after enough process
data are gathered.

Bayesian methods that incorporate prior distribu-
tional information about the process and incorporate
new information about the process have been recom-
mended by several authors for use in process moni-
toring. Colosimo and Del Castillo (2006) presented an
overview and several topics related to the use of
Bayesian methods in process monitoring. Apley
(2012) introduced a chart based on the posterior dis-
tribution as an alternative to a Phase II control chart.
Others (see, e.g., Hou et al. 2020) have blended the
idea of Bayesian methods with self-starting charts to
overcome to develop charts that are less sensitive to
initial parameter misspecification than traditional self-
starting methods.

Bayesian and self-starting methods blur the lines
between retrospective and prospective process moni-
toring. Some of the methods are more complex than
traditional control charts and the performance bene-
fits are not yet well understood, even for univariate
charts. Although our discussion below is relevant to
these methods, our primary focus is on traditional
univariate control charts.

The importance of monitoring the performance of
machine learning models used in practice has gained
recent attention in both practice and the literature.
One step in the Machine Learning Operations
(MLOps) framework, is that if the model is no longer
performing as expected, then the model may need to
be updated (see, e.g., Alla and Adari 2021). Similarly,
it is vitally important to monitor the performance of a
Phase II control chart in practice. If the chart is fre-
quently signaling events that, when investigated, prove
to be common cause variation the model established
in Phase I may no longer be valid. When this occurs,
the control limits may need to be revised at a min-
imum. In some cases, the practitioners may need to
return to Phase 0 and begin the process of discovery
over again. In manufacturing, changes in the control
chart performance can be due to slow shifts in the
underlying data due to, for example, the degradation
of equipment. In other applications, there are many
reasons for changes that might require a reevaluation
of the process monitoring methods.

Consider for example the case study of modeling
and monitoring the health of escalators as discussed
by Zwetsloot et al. (2023). One concern expressed by
the company implementing the system is the
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possibility of updating the system during its use. This
would be a Phase III analysis. The reasons for these
potential updates are multiple: new escalators are built
and need to be included in the system, maintenance,
and refurbishment policies change impacting the
monitoring required, and understanding of vibration
behavior is growing as more data are collected
enhancing the understanding of charting signals.
Some false alarms have already led to a revision of the
data selection and processing plan (Phase 0). In add-
ition, the escalator system is affected by degradation,
and safety standards may have to be updated in reac-
tion to changing legislation.

7. Evaluating research

When new and modified control charts are introduced
in the methodological literature, it is important to
properly evaluate the methods against a fair and rea-
sonable benchmarks and measures of performance.
The method should always be compared to the best-
performing alternative, not just to an arbitrary stand-
ard method. Performance measures for control charts
differ in Phases I and II. The ARL metric and related
measures are not meaningful in Phase I because the
retrospective control charts are applied to a fixed set
of data. Many use the false alarm probability (FAP)
and the out-of-control alarm probability to evaluate
performance in Phase I. The FAP is the probability of
observing at least one out-of-control signal on a retro-
spective chart when the process is stable. A better
measure, discussed, for example, in Jones-Farmer
et al. (2014) is to use the probability of correctly iden-
tifying out-of-control observations. We advocate for
evaluating the correct classification of in- and out-of-
control observations when evaluating Phase I methods
using computer simulation.

Practitioner input is necessary in order to decide
what process changes are of practical importance. In
virtually every research paper on Phase II, there is an
underlying assumption that any process change,
regardless of size, should be detected as quickly as
possible. This is not the case in an increasing number
of applications, as discussed by Woodall and Faltin
(2019) and Woodall, Faltin, and Yashchin (2022). For
highly capable processes, one can increase the width
of the Shewhart or EWMA control limits or increase
the CUSUM reference value appropriately. These ideas
are not new and were first recommended in the
1950s. It is important to ensure to the extent possible
the practical importance of control chart signals and
not base decisions solely on statistical significance.
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Adopting this approach in SPM research would
require a paradigm shift in the way competing meth-
ods are compared.

Phase IT methods are often justified in the literature
based on zero-state ARL performance. With zero-state
performance, any process shift is assumed to occur at
the very start of Phase II. As discussed by Knoth et al.
(2022, 2023), it is much more informative and impor-
tant to consider the detection ability for delayed pro-
cess changes, i.e., steady-state performance. Some
methods have good zero-state properties, but poor
steady-state properties in detecting delayed shifts and
thus should not be used in practice. An example
would be the runs rule-based synthetic control charts
critiqued by Knoth (2016, 2022). One should be suspi-
cious of any proposed method with a justification
based solely on zero-state ARL performance.

Many authors use secondary case study data to
illustrate their proposed methods. Without firsthand
knowledge of the process, however, one can only use
these data to illustrate a proposed control chart.
Secondary use of case data cannot be used to deter-
mine if one method has better performance than
another. Earlier detection of an alarm than a compet-
ing method, for example, might just be an earlier false
alarm. Generally, we see limited value in the illustra-
tive use of secondhand data, but see considerable
value in detailed case studies.

We urge researchers to publish or make publicly
available the code for the implementation of their pro-
posed methods. This enables other researchers to
compare their new methods with the proposed meth-
ods and enables practitioners to implement the meth-
ods more quickly.

8. Practical issues

We have provided an overview of design and imple-
mentation issues for control charts. Much research
has been done on control charts, both in theory and
practice. We have included some useful references
throughout our paper with the goal of providing guid-
ance to both researchers and practitioners on the use
of univariate control charts. Some additional issues
arise in practice including the following:

1. In Phase II, the most common charts for moni-
toring with continuous data and sample sizes
larger than one are the X-bar chart for monitor-
ing the mean and either the R-chart, S-chart, or
S*-chart for monitoring variation. For data that
are approximately normally distributed data, this

is a straightforward choice as the sample mean
and standard deviation are efficient estimators of
the distributional parameters. For non-normally
distributed data the practitioner has a choice,
monitoring the mean and some measure of vari-
ability or monitoring estimates of the distributional
parameters. One consideration is to monitor the
quantities that are the most interpretable.

2. In Phase II, practitioners should specify what
types of process shifts are important enough to
detect quickly. The practical significance of pro-
cess shifts must be considered, not just the statis-
tical significance of alarms.

3. Using many charts in Phase I or Phase II can
lead to an excessive number of false alarms. One
could adopt multivariate charts, but the interpret-
ation of the control chart signals becomes less
straightforward. One should consider the overall
probability of correct classification when using
multiple charts in Phase I. In Phase II omnibus
adjustments to the performance measures such as
the overall false alarm rate should be used.

4. With respect to the Phase III of control chart
implementation and model maintenance practi-
tioner input is needed to differentiate between
process changes that need to be detected and
dealt with and process changes that need to be
incorporated in the control chart design through
an updated Phase I (and possibly Phase 0) ana-
lysis. Additional guidelines and measures to
evaluate performance are needed.

5. The appropriateness of the model should be regu-
larly evaluated in Phase III. It is not always clear
what data should be included in any updating of
estimated parameters, how often the model fit
should be evaluated or when a chart should be
redesigned.

9. Conclusion

In our view, there needs to be far greater attention
given to the practical importance of the groundwork of
process monitoring in Phase 0 and Phase I. This
includes the establishment of a sampling plan or data
gathering plan, managing data quality, establishing
sampling frequency, the use of rational subgrouping,
and full Phase I studies. Nonlinear transformations
should be used sparingly, if at all, and never before
establishing stability of the process. It is important to
be able to desensitize control charts so that shifts in the
process of practical importance are the ones detected
quickly. Basing signals only on statistical significance



can lead to the detection of small changes of no prac-
tical importance resulting in a waste of time and
resources. In research, control charts should be eval-
uated fairly based on practical and relevant perform-
ance measures using scientific studies ideally illustrated
with firsthand (not secondary) case studies. In addition,
the importance of regular model maintenance, in what
we call Phase III, needs more emphasis and study.
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