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Abstract

Control charts are one of the principal tools to monitor dynamic processes with the aim of
rapid identification of changes in the behaviour of these processes. Such changes are usually
associated with a move from an in-control condition to an out-of-control condition. The paper
briefly reviews the historical origins and includes examples of recent developments, focussing
on their use in fields different from the industrial applications in which they were initially
derived and often employed. It also focusses on cases which depart from the commonly used
Gaussian assumption and then considers potential effects of the big data revolution on future
uses. A bibliometric analysis is also presented to identify distinct groups of research themes,
including emerging and underdeveloped areas, which are hence potential topics for future
research.

Keywords: Bibliometric analysis; big data; co-word analysis; non-normality; R software;
statistical process control; text-mining.

1 Introduction

The origins of control charts can be traced back to the pioneering work at Bell Labs (New Jer-
sey, USA) in the 1920s. In particular, 1924 is often considered the formal beginning of statistical
quality control as it was in that year when Walter Shewhart proposed the control chart concept
—Ilater published in [61]. Shewhart’s innovative idea was to describe the variability of a produc-
tion process using statistical concepts and to subdivide variation into common and special causes.
Nowadays statistical control charts have become a powerful tool widely used by practitioners [50].

As it is known, in any production process, a certain amount of inherent or natural variability
always exists. A process that is operating with only natural causes of variation is said to be sta-
tistically in control. Another kind of variability may occasionally be present in a process, which
is generally greater than the natural variability. This type of variability can be referred to as of
assignable cause and a process that is operating in the presence of assignable causes is said to be
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statistically out of control [50]. Significant improvements in process performance can be achieved
by eliminating assignable causes or, in contrast, implementing them for a beneficial industrial use.

Quality control charts have mainly been employed to monitor industrial processes, especially in
manufacturing. However, in recent decades, they have also been used to monitor service processes,
such as the generation and distribution of electrical energy, public transportation, retail, banking
and finance, among many others [33]. In addition, control charts have also been used in marketing,
education, environment, government policies and health-care [1, 37]. Because of the growing
number of emerging technologies, it is expected that their importance will further increase in the
future and hence it is relevant for researchers in these areas to be ready to exploit new opportunities.
In addition, big data sources are providing new avenues for control charts due to the continuous
monitoring in diverse areas; see for example, [12], [30], [35] and [76].

The main objectives of this paper are to show examples of recent developments in the use of
control charts, with a focus on those involving the authors, to discuss upcoming challenges and to
highlight potential future applications. In particular, considering applications in areas other than
traditional industrial production and cases which depart from the commonly employed Gaussian
assumption, in addition to involving big data. The symmetry assumption, typical of the Gaussian
distribution, can be well justified when considering the classical problems related to measurement
errors. However, now the control chart approach has been proposed for cases in which data show
skewness; an example is provided later when a Birnbaum-Saunders distribution is applied to en-
vironmental data. This work is accompanied by a bibliometric study [22] to summarize uses of
control charts in recent literature and to identify potential future hot topics.

Basics on control charts and a classical industrial application are described in Section 2, whereas
assumptions of traditional versions of these charts, as well as the use of control charts away from
industrial applications, are introduced in Section 3. A non-industrial application related to envi-
ronmental sciences is also given in Section 3. The effects of the big data revolution on control
charts and an application relating tomography data and big data are discussed in Section 4. A
bibliometric methodology and the results of a bibliometric study on control charts are presented in
Section 5. Conclusions and future research are provided in Section 6.

2 Background and an industrial example

This section provides a general introduction to control charts along with a classical industrial
example; for a complete account of existing control chart methods, see [50].

2.1 Background

Over the intervening decades, a vast literature on control charts has appeared, which extends
their uses to many other domains. Among these domains are included: (i) control charts for
attributes; (ii) individual control charts; (iii) control charts for the standard deviation (S chart);
(iv) control charts for percentiles, considering of course the median; (v) control charts for shape
and scale parameters under non-normality; (vi) cumulative sum (CUSUM) control charts; (vii)
exponentially weighted moving average (EWMA) control charts; (viii) non-parametric control
charts; (ix) control charts for short production runs; (x) control charts for batch processes; (xi) K
and KT charts for monitoring multivariate processes; and (xii) bivariate and multivariate control
charts [24, 45, 46, 63].



Let W be a statistic related to a distributional parameter, corresponding to some quality char-
acteristic of interest. Usually, one is concerned with the mean as parameter of interest for this
characteristic. A Shewhart control chart for the mean, named X-bar chart, is the most frequently
used type of control diagram, due in part to its simplicity and ease of understanding. As the name
of the diagram implies, this is a control chart based on averages, and more specifically of subgroup
averages that are time-ordered [57]. Suppose that the mean of W is ., and its standard deviation
is o,,. Then, the lower control limit (LCL), centre line (CL) and upper control limit (UCL) of a
X-bar chart are defined as

LCL =y, — ko,,, CL=p,, UCL=p, +ko,, (1)

W

where k is a dimensionless distance from the control limits to the CL, sometimes called control
coefficient. Note that £ expressed in (1) is usually associated with a quantile of the standard normal
distribution, while 1, is often related to a predefined target value for the process mean and o, is
frequently based on the sample data. Diagrams developed according to the principles defined in
Equation (1) are called Shewhart control charts. Such diagrams are based on inspecting a sample
of size n at intervals of equidistant time. Here, an alarm is declared if the information from the
sample is k standard deviations different to expected, when the process is in its in-control (target)
condition. Establishing the control limits is an important stage that should be completed when a
control chart is designed. By moving the control limits further from the CL, the probability of
making a type-I error is reduced. Note that the probability of type-I error, often denoted by «,
defines the risk of a point falling outside the control limits, marking an out-of-control condition,
when there is no assignable cause. Then, it establishes a false alarm rate (FAR) because a point is
considered as out of control, when the process is really in control, so that the FAR is the risk a.
However, widening the control limits will also increase the probability of making a type-II error.
Thus, the probability of type-II error, often denoted by [, defines the risk of a point falling between
the control limits, when the process really is out of control. In contrast, if the control limits are
moved closer to the CL, the opposite effect is obtained, that is, « increases and ( decreases [50].
Note that £ = 3 has historically been used for expressions defined in Equation (1), because it offers
a balance between small « and quick detection of a parameter change — but any value for k£ can
be used. For example, in some fields such as internet security and industrial process monitoring,
quick detection may be more relevant than a high FAR and then £ = 2 might be more appropriate.
Note that £ = 2 and £ = 3 are related to the 97.72-th and 99.87-th standard normal quantiles,
respectively.

2.2 Phases in Shewhart control charts

In the analysis of Shewhart charts, we distinguish two phases. In Phase I, interest focusses
on establishing the limits of the control chart based on in-control samples. However, in Phase
II, interest is in detecting an out-of-control condition as quickly as possible. In both phases,
quality control researchers evaluate the performance of the control schemes using various met-
rics. The most common performance metric is the average run length (ARL), which is the av-
erage number of time points until the control chart generates an out-of-control condition [75].
ARL may be employed to assess the performance of a control chart and is computed as ARL =
1/Probability(the process is declared out of control). Therefore, an in-control ARL is denoted by



ARL, and defined as

1

Probability (the process is declared as out of control | the process is really in control)
1 1

Probability(type-1 error) o'

ARL, =

In contrast, an out-of-control ARL is denoted by ARL; and calculated as

1

Probability (the process is declared as out of control | the process is really out of control)
1 1

1 — Probability(type-II error) T 1-8

ARL, =

In summary, we can construct Shewhart X-bar control charts following three stages:

(i) Defining the CL, which represents the target mean of a quality characteristic of the process
to be monitored.

(i1) Establishing LCL and UCL, based on subgroups of data from an in-control condition of the
underlying process, which set a distance above and below the CL.

(i11) Plotting the sample points, each of them representing a new subgroup of data.

Thus, LCL and UCL provide a visualization for the expected amount of dispersion presents in
the data. Note that LCL and UCL are based on the in-control behaviour of the process, not on
the desired behaviour nor specification limits [38]. Observe that stages (i)-(ii1) used to construct a
Shewhart control chart, as mentioned, establish the following two phases [2]:

e Phase I is related to stages (i)-(ii) above. Here, a data set of size N = g x n is taken from an
in-control condition of the process to be monitored, where g is the amount of subgroups and
n is the size of each subgroup. This data set is employed (a) for estimating the parameters
of interest and (b) for computing LCL and UCL.

e Phase II is related to stage (iii) above. Here, the control limits computed in Phase I are
used to assess whether the data sample of a new subgroup from the underlying process is in
control or not. Hence, Phase II consists of using LCL and UCL to monitor any substantial
deviation of the data from a new subgroup in relation to a target mean value, ;i say.

Algorithm 1 describes how to compute the limits of this chart, whereas Algorithm 2 indicates
how the Shewhart X-bar control chart based on the normal distribution is used for monitoring a
process.

2.3 An industrial example

As an example of the historical use of traditional control charts, Figure 1 shows the X-bar and
S charts using the pistonrings data [50] from the gcc package [60] of the R software [55],
which can be secured from www .R-project .orqg. The data consist of measurements (in mm)
of the internal diameter of piston cylinder rings from a car engine with g = 40 samples of size
n = b; see [50] for further details on this example. In the control charts of Figure 1, the horizontal

4



Algorithm 1 Construction of Shewhart X-bar control limits in Phase I.

1:

Collect the data (z41, . .., Tp,) ', for h = 1,.. ., g, where as mentioned ¢ is the amount of sub-
groups for Phase I, containing the observations of a quality characteristic X of mean E(X) = p
and standard deviation SD(X') = o, in g subgroups of size n from an in-control process, that
is, with p© = /1o being the target value.

: Carry out an autocorrelation study for the data collected in Step 1 in order to detect possible

seasonal and/or serial dependence. If any dependence is detected, it must be removed using
suitable techniques before continuing to Step 3.

Estimate the mean ;;, and the standard deviation ¢ using the data collected in Step 1, from the
pooled sample of size N = g X n, considering

n

g n g 1/2
e aen (G N

h=1 i=1 h=1 i=1

]

fio =

: Set 11 at a target value as CL of the Shewhart X-bar control chart according to Equation (1),

that iS, CL = Ho-

: Fix « as the desired FAR of the control chart and then establish & = z,_, /5, where z1_,/2 is

the (1 — «/2) x 100-th quantile of the standard normal distribution.
Compute the LCL and UCL for the Shewhart X-bar control chart of FAR « according to
Equation (1), with o, = 0/+/n, as

s s
LCL = /i) — 21—aj2 —=, UCL = 11y + 21_a/2

v Vi

Algorithm 2 Process monitoring using the Shewhart X-bar control limits in Phase II.

1:

Collect the data (zp,1,...,2n,) ' containing the observations of a quality characteristic X for
each new subgroup /» = 1,.. ., m, where m is the amount of new subgroups for Phase II, but

now these data are not necessarily from an in-control process.

: Calculate the point 7, = )., xp;/n in the h-th subgroup, with b = 1, ..., m, for equidistant
time intervals, getting T4, ..., Z,,.
Plot the points 7, . . ., Z,, in the Shewhart X-bar control chart produced in Phase I with limits
generated by Algorithm 1.

: Declare the process as in control if all points z1, . .., Z,, fall between LCL and UCL obtained
in Algorithm 1; otherwise, if any of the points z1, ..., Z,, falls below the LCL or above the

UCL, the process is in an out-of-control condition.

solid lines indicate the expected value (target), whereas the dashed lines show the corresponding
LCL and UCL. The X-bar chart displays the arithmetic mean of each sample against time, while
the S chart is related to the sample standard deviation —with bias correction since E[S] # o. In
Figure 1, the first 25 observations were collected while the process was in control, that is, in Phase
I, and hence used to calibrate the chart, with the remaining 15 observations forming a short Phase
IT —the vertical dashed line divides the two phases. From the X-bar chart, there is a clear violation
of the UCL indicating that the process is out of control before subgroup 37, but there is no violation
for the limits of the S chart. This indicates a shift in the mean without a change in the variability.
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Figure 1: Shewhart control charts for the pistonring data set [S0] showing: (left) the sample
mean and (right) the sample standard deviation of each subgroup.

3 Control chart assumptions and non-industrial examples

This section provides a discussion of non-industrial applications and cases where the usual
Gaussian assumption is not valid, analyzing specifically an environmental example involving the
Birnbaum-Saunders distribution; for more details, see [37] and [45, 46].

3.1 Modelling assumptions

All control charts are most effective under their specified statistical assumptions, so that it is
important to check that they are appropriate in each application. As mentioned, Shewhart control
charts are based on the assumptions that the quality characteristic is normally distributed and obser-
vations are independent. In practice, however, these assumptions are not always fulfilled. Several
quality characteristics in modern industry and business are far from being normally distributed.
Alwan and Roberts [3] examined 235 quality control applications and found that in most cases
the assumptions of normality and independence are not valid. This often leads to over-optimistic
summaries and increased risk of incorrect identification of process behaviour.

A number of authors have studied the effect of non-normality on the efficiency of control
charts, concluding that the impact of this effect on the results obtained can be substantial [59]. If
the underlying populations are markedly non-normal, the control charts based on means may either
fail to detect real changes in the process or may generate spurious warnings when the process has
not changed [72]. If the distribution of the data is highly skewed, and/or this is believed to be
highly skewed based on the nature of the process, it is inappropriate to use control limits that are
symmetric about the mean [57]. Two of the most relevant effects of non-normality on control chart
performance are the modification of the probability of type-I error,  namely, and the precision
of estimates obtained [23]. Non-normality can be assessed through a normal probability plot of
the data and also tests for normality are available [8]. If a process is under control and the data
have a highly non-normal distribution, it might be possible to transform the data to approximate
normality, using the usual Box—Cox method. However, data transformation is not always a suitable
route, because although a practitioner could transform the data to use a traditional methodology,
some problems, such as reduction of the study power and difficulties of interpretation, could be



presented [68]. In this sense, working with the original scale of the data might be more appropriate.

The assumption of independence is also important since its lack, that is, autocorrelated data,
invalidates the control limits computed, leading to unreliable performance. When Shewhart control
charts are used to monitor autocorrelated processes, high FARs usually occur. An often-suggested
remedy is to sample less frequently, thus removing, or at least reducing, the autocorrelation. How-
ever, this is not a good idea as tight control of a process might then be lost. It is better to maintain
the usual sampling frequency [57], but to adopt a procedure suitable for autocorrelated data. The
most popular methods for this situation are residual-based control charts. These first represent the
autocorrelation using traditional time-series models, and then the predicted values are subtracted
from the data, producing residuals. If the time-series model adequately represents the process be-
haviour, then the residuals are uncorrelated. Thus, traditional control diagrams, such as Shewhart
charts, can be applied directly to the residuals for detecting process changes [13].

3.2 Non-industrial examples

Control charts have been primarily used to monitor industrial manufacturing processes. How-
ever, in recent decades they have also been employed to control service processes. In this context,
new techniques have been developed to monitor process improvements related to business, includ-
ing supply chain, human resource management, processes in finance and accounting, call centre
management, among many others [24]. They have also been used in banking, education, envi-
ronmental sciences, government, health-care and marketing [1, 37]. Therefore, control charts are
practical powerful tools for non-manufacturing processes [31], as well as their proven importance
for traditional industrial processes.

Clearly, products and services do have notable differences. For example, products are tangible
and have characteristics that can be measured, with consumers being able to return the purchased
product to the manufacturer, in case of non-conformity. Services, however, are intangible, offer-
ing considerable difficulty of measurement and quantification. Then, consumers cannot return a
physical item, but often will not take further services in case of dissatisfaction.

Montgomery [50] expressed that a fairly widespread, but erroneous, notion that variable control
charts are not applicable to the non-manufacturing environment, because ‘the product is different’.
To solve this problem, more imagination may be required to select the proper variable, or variables,
for measurement. Quality in services could be measured mostly at the level of attributes. Control
charts can be employed to monitor characteristics of the process that might be measured using
categorical or attribute data. The most common attribute control charts are the p chart, np chart
and c chart [32, 39, 40].

Control charts have also been used to monitor service quality. This is often determined by
a set of more specific features, called service quality characteristics. They can affect the global
satisfaction in different ways [36]. For example, the time to access the service, queuing time,
ability of the front-end operators, confidence on a brand, etc. It is common in practice to design
a questionnaire containing a set of questions about the satisfaction level with each specific quality
characteristic. Then, the questionnaire is submitted to a sample of consumers and the analysis of
collected data allows the determination of the true level of service quality or overall satisfaction
[18, 36]. In [27], a multi-attribute control chart is used for measuring and evaluating customer
satisfaction. This permits a simultaneous evaluation of the different characteristics of the service
and the overall quality dimension. In order to monitor quality related to customer satisfaction,
parametric and non-parametric control charts have also been suggested [27].



Applications of statistical process control in health-care are gaining acceptance to aid process
understanding, assess process stability, and identify changes that indicate either improvement or
deterioration in quality. They are also used by certification bodies and governmental agencies in
order to assess medical performance [25]. Other uses, in health-care, allow errors in the collec-
tion and labelling of blood samples to be monitored, assessing laboratory performance, tracking
productivity, detecting how well hospital provided medical services [17] and evaluating processes
in the workplace [47]. A prevalent topic is that of bio-surveillance, which deals specifically with
monitoring of health-care data in order to detect and analyse changes in disease incidence. Medi-
cal errors and infections are also important topics which can be addressed by control charts [11].
These charts have also been used as an epidemiological tool for public health-care monitoring.
For example, a study was conducted during the 1998 FIFA World Cup by 553 medical general
practitioners throughout France [29]. The used control charts were designed to provide the health
authorities with an early warning system during the final part of this World Cup. Thus, statisti-
cal process control helped the authorities by ensuring a continuous follow-up of diseases. There
are many applications of control charts in health-care monitoring and in public-health surveillance
[28, 73]. Traditional control charts are often used in the monitoring and improvement of hospital
performance. For example, it is possible to monitor infection rates, amount of patient falls, or
waiting times of several types. Some general differences between the application of control charts
to health issues and industrial applications are given in [73].

Applications of control charts in environmental monitoring are showing to be relevant and
having a good agreement with decisions made in practice by official authorities. Berthouex and
Hunter [10] and Berthouex and Brown [9] discussed the use of EWMA control charts in envi-
ronmental monitoring. Lund and Seymour [43] assessed temperature anomalies based on control
charts. Manly and Mackenzie [44] proposed CUSUM control charts for environmental monitor-
ing. Chelani [14] detected changes in pollutant concentrations at Delhi using CUSUM control
charts. Morrison [51] employed control charts to determine a stable or baseline state for ecolog-
ical indicators. Saulo et al. [58] proposed a methodology based on an X-bar control chart when
environmental contaminant concentration follows a non-normal distribution.

3.3 An example of np control charts

Leiva et al. [37] considered environmental assessment using attribute control charts. Figure 2
shows two np charts based on the Birnbaum-Saunders model as an alternative to the normal model
for data of environmental contaminants collected in Santiago, Chile, one of the most polluted cities
around the world; see [37] and Algorithm 3, for details of the criterion about environmental as-
sessment using a Birnbaum-Saunders np control chart and of the Birnbaum-Saunders model. In
Figure 2, the horizontal axis represents the day in May 2008 and the vertical axis the number of
1-hour periods in the day which do not conform to legal maximum levels [37]. In both cases, the
np chart indicates violations of the UCL. In Figure 2 (left), however, there are fewer due to the
high altitude of the site compared to Santiago in Figure 2 (right). Leiva et al. [37] showed the ex-
cellent agreement between the results obtained with this chart, based on data of particulate matter
collected by the Chilean environmental authority, and what was reported by this authority. Further-
more, Marchant et al. [45, 46] derived bivariate and multivariate control charts for an asymmetric
distribution with the aim of monitoring simultaneously two types of particulate matter (PM2.5 and
PM10) in Santiago. Both studies showed once again agreement between those reported by the
multivariate chart and the environmental decisions made by the Chilean environmental authority.
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Figure 2: Birnbaum-Saunders np charts with particulate matter pollution data [37] for two con-
trasting sites in the Santiago region of Chile: (left) Las Condes and (right) Santiago City.

Algorithm 3 Construction of a Birnbaum-Saunders np control chart.

1: Collect the data (zp1,...,2n,) ", for h = 1,..., g, containing the observations of a quality
characteristic X, which is Birnbaum-Saunders distributed of mean E(X) = p and shape pa-
rameter b, in g subgroups of size n from an in-control process in Phase I, that is, for . = /i
being the target value, which must be fixed.

2: Set the control coefficient & related to a desired FAR « and the inspection constant a = x/ /1,
with x( being a pre-defined value.

3: Compute LCL = max{0,npy — kv/npo(1 — Do)} and UCL = npy + k+/npo(1 — po), which
are obtained similarly as in Equation (1), where py = ®(—(1 /3)5 (a(l + b7 /2))), with b be-
ing the maximum likelihood estimate of b based on the pooled sample of size N = g X n,
® being the standard normal cumulative distribution function, and {(y) = /¥y — 1/\/y =
2sinh(log(/y)). Note that py is the non-conforming fraction corresponding to a target mean
(1o of X, when the process is in control, indicating the probability that X is greater than =, and
therefore pg = P(X > z¢) = 1 — Fx(x¢), where Fx is the cumulative distribution function of
X. Observe that, depending on the process to be monitored, X could be less than x( and then
Po = P(X < IQ) = Fx(l’o)

4: Count in the h-th subgroup of n data the amount d;, of times that x}; exceeds x¢ = aj,, with
h=1,...,mandi = 1,...,n, for equidistant time intervals, getting dy, ..., d,,, where as
mentioned m is the amount of new subgroups for Phase II.

5: Plot the points dy, . . . , d,,, in the Birnbaum-Saunders np chart with limits generated by Step 3.

6: Declare the process as in control if all points d, . . . , d,,, fall between LCL and UCL; otherwise,
the process is in an out-of-control condition.

Note that the monitoring criterion using the np control chart based on the Birnbaum-Saunders
distribution, detailed in Algorithm 3, is valid in a general setting. For example, it can also be
used for monitoring production processes associated with items subject to failure. In the case of
environmental monitoring, for which such a criterion was proposed, the following nomenclature
and adaptations must be used in Algorithm 3: for Step 1, g subgroups could be, for example, g



days, and the sample size n may be formed by data representing, for example, each hour of the day;
for Step 2, data might correspond to PM10 concentrations (in ;g/m3N), which must be measured
for each subgroup at one monitoring station; for Step 4, d can be the amount of times that PM10
concentrations (x;) exceed the critical value x(, which must be proportional to the target mean /.,
both of them, as mentioned, taken from an official air quality guideline; for Step 5, only the UCL
must be considered, with the corresponding LCL being equal to zero, declaring the contamination
level as dangerous (out-of-control) in one monitoring station if d > UCL or, otherwise, as non-
dangerous (in-control).

4 Big data challenges and an example with tomography data

This section discusses the likely effects of the big data revolution on control charts and high-
lights challenges for future research; for more details, see [21, 48]. In addition, we provide a new
application related to tomography data, which links big data and control charts.

4.1 Bigdata

The conventional approach to statistical process control typically assumes data sets with low-
frequency sampling and small amount of observations. Nowadays, however, data collection is
becoming increasingly more complex and many modern systems generate enormous amounts of
data during their routine operation. Due to the fast progress in computer and information technol-
ogy, automatic data acquisition is becoming increasingly common pushing data collection away
from the historically low-dimensional approaches [53].

With today’s technologies, such as digital equipment, analytical sensors, radio frequency iden-
tification, large-scale data sets are generated from industrial processes, financial markets, mon-
itoring systems and medical investigations. Thus, data can be collected efficiently, rapidly and
automatically, and are often available on-line for being accessed by researchers. This is known as
big data, whose term is used frequently to describe large, diverse and complex data sets, which are
generated from different types of instruments, sensors or computer-based transactions [7]. This
results in great opportunities for knowledge discovery and deep learning. However, facing the in-
coming big data era, many relevant concepts need to be updated. For example, it is acknowledged
that many of the traditional process monitoring tools become inadequate as the amount of variables
and data increases [74].

With the emergence of more and more data-rich environments, in both traditional and non-
traditional applications, important challenges must be addressed. First, there is the influence of
autocorrelated data. With the use of advanced sensors and sampling techniques, intervals be-
tween observations can be very small. In such cases, the sequential observation data over time
are highly correlated. Second, facing the high-dimensionality becomes relevant. For some pro-
cesses or products, a large number of variables are needed in order to adequately characterize their
quality. Changes in either all or some of the variables are likely to cause it to go out of control.
According to [16], much of the current research in multivariate process control ignores autocorre-
lation and cross-correlation, doing therefore to be it unrealistic and unreliable. Techniques based
on dimension reduction and feature extraction play essential roles in high-dimensional problems
and have many significant applications in biology, financial and risk management, health studies,
machine-learning and data-mining [16, 19].
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The challenges with processing and analysing big data are not limited to the amount of data.
These challenges include the size, or volume, as well as the variety and velocity of the data. This
was initially known as the 3Vs (volume, variety, and velocity) of the data, which were considered
the three main characteristics that could distinguish big data from the data we have had in the
past [48]. However, the notion of 3Vs has become obsolete pretty quickly, so that someone started
writing about 4Vs, 5Vs, even 10Vs, like in [4], where the 10V are volume, velocity, variety, value,
variability, veracity, validity, vulnerability, volatility and visualization. Therefore, nowadays, it is
more common to talk about multiple Vs.

An important matter is that traditional statistical process control methods only focus on numeric
data sets (structured). However, most big data applications are concerned with non-numeric data
(non-structured) obtained from several data sources [48]. Thus, it becomes more challenging when
non-structured data are considered. For example, the use of image data for process monitoring
is a promising area of statistical research [15]. Emerging measurement technologies (such as
coordinate measuring machines, machine vision systems, and 3D surface scanners) diversify the
types of data being collected. Visual data-mining tools can enhance some of the well-known
statistical process control diagrams [62]. With automation and increased computational abilities,
there has been increased emphasis on multivariate control charts, time-series methods, dimension
reduction techniques, profile monitoring, machine-learning, text-mining and other data-mining
methods. Ashton et al. [5] proposed an approach that uses latent semantic analysis to reduce raw,
non-structured text data to a set of latent semantic factors or topics. A great challenge of big data
analytics lies in translating such data into usable knowledge in real time [15].

Next, we consider two novel and diverse applications of control charts. The first is based on the
machine-learning method, which is a technique widely considered as one of the most promising
and useful for dealing with big data. The second application is based on a wavelet approach, which
deserves further exploration since it dramatically reduces the number of significant quantities to
keep under control.

4.2 Machine-learning methods

Machine-learning methods naturally lead to non-parametric control charts. Kakde et al. [34]
presented a method based on a support vector data description (SVDD) [64] for single group
classification and outlier detection, which they applied to high-frequency multivariate data. Sun
and Tsung [63] proposed an SVDD based on K charts for monitoring multivariate processes, valid
also for non-Gaussian or unknown underlying distributions. During Phase I, an SVDD training
algorithm is used by the K chart to find a centre a and a threshold R%. This is employed as the
UCL during Phase II, as well as a set of vectors and Lagrange multipliers to be used to compute the
distance from the CL and compare with the UCL. According to Kakde et al. [34], such K charts do
not fit for monitoring high-frequency multivariate data, since they are computationally intensive
and provide only an individual control chart. Therefore, the authors proposed SVDD based on KT
charts, which use sliding windows to define subgroups of observations. Furthermore, the KT chart
provides both an a chart to monitor the process CL and an R? chart for its variation. Overall, there
is an improvement in the computational time, with respect to the K chart, since it is based on a
sampling technique rather than the solution of a quadratic programming problem.

Support vector machine (SVM) methods are, according to Weese et al. [71], well suited to deal
with one of the main features of big data: The simultaneous presence of qualitative and quantitative
data. The same authors believe that future research for Phase I should be on the use of clustering,
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classifying, and mixture modelling for such multiple types of data, including discrete data. Another
important feature of SVM methods is the possibility of implementing a parallel scheme, based on
cloud computing, which reduces the amount of data to be stored in memory when using clustering
algorithms. Leskovec et al. [41, Chapter 12.3] is the reference mentioned through the review by
Weese et al. [71].

4.3 Bayesian methods

The use of Bayesian methods is relatively unexplored in big data but, as in other areas of statis-
tics, is likely to have a significant impact here. In this case, Bayesian non-parametric methods [52]
could be useful for clustering, classifying, and mixture modelling, for instance, using a Dirichlet
process, which allocates data to clusters and determines the amount of them. Another possible ap-
proach is found in [62], where spatio-temporal methods are considered. Although these approaches
are not new in statistical research, they would be very innovative in control chart applications.

Evolution of high-dimensional signals could be monitored by combining control charts and
wavelet decompositions, as suggested by Wang et al. [70]. For more details on wavelets and
their use in statistical modelling, see [66], while a summary linking wavelets and control charts is
provided next. Given a signal x(¢) and j levels of decomposition, then there exist functions z;(t),
fori =1,...,27, such that

w(t) = wi(t). (2)

It is well known that the decomposition given in (2) preserves the energy E = [22(t)dt. As
in [70], we consider the contribution E; given by each function w;(¢), that is, E; = [ a7(¢)dt
(note that the previous integrals are defined over the entire ranges of x(t) and z;(t), respectively,
according what the signal x(7) corresponds). Unlike those authors, here the particular case of the
discrete wavelet transform is considered. In this case, it holds z;(t) = w;1;(t), where w; is the i-th
wavelet coefficient and 1);(¢) is a wavelet. Because of the orthonormality of the wavelets, it follows

that F; = w? and F = 3.2 w?. As discussed in [66], most of the energy in the transformed data
is concentrated in a few wavelet coefficients. Therefore, the M largest coefficients (in absolute
value) can be considered, as well as the evolution of the corresponding energy contributions used
to detect possible anomalies. First of all, training is performed: Some instances of the signal are
observed and values AFE; = E;/E, fori=1,..., 27, are recorded and averaged into AE;. The M

signals with the largest AE; are kept. New values AFE), for [ = 1,..., M, are observed for such
M signals and used to compute the anomaly detection criterion (ADC), defined in [70], and given
by

M [R—
5 IAE, — AE|
=1

An X-bar control chart is then proposed by Wang et al. [70] to determine threshold values, namely
an UCL, for ADC. Instead of considering the coefficients w; above mentioned, several authors,
including Vidakovic and Ruggeri [67], pursued a Bayesian approach in which the coefficients w;
are considered as a noisy version of the true coefficients ;. Bayesian estimators, in general, shrink
or smooth signals by removing noise. The authors considered a Gaussian model [w;|6;, 0?7 ~
N(6;, o?), with exponential prior distribution for o7, that is, o ~ EXP(u), and double exponential
(or Laplace) prior distribution for 6;, that is, 6; ~ DE(0, 7). The authors were able to compute the
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Bayesian estimator under squared loss function. Thus, the posterior mean, in a closed form (unlike
most of the other Bayesian approaches), is given by

g _ 77" = 1/2p)) exp(—|wi]/7) + 7*(exp(=|wil V21 — exp(=|wil /7)) /1
Z (72 = 1/(2) (7 exp(=|wil /7) = (1/+/2p) exp(—|wi|v/2p))

A possible advantage in replacing w; with @ could be the removal or, at least, attenuation, of the
noise effect and its influence on signals being considered out of control just because of it. Such
a denoising step can allow control chart methods to be used in applications where noise might
swamp signal and hence widen the potential relevance.

)

4.4 An example of big data related to tomography

An important source of big data is provided by sequences of signals or images in aspects as
diverse as medical diagnosis, process monitoring and financial market analysis. In these aspects,
wavelets could then be used to identify the most relevant features of the signal or image [6] and
control these features over time. In [6], electrical resistance tomography is used to produce 49 time-
series, which monitor an evolving industrial process. These original variables are modified using a
non-decimated wavelet transformation. For each time-series, the variance of wavelet coefficients at
each level is calculated using a moving window and then these are summed over the 49 time-series
to create a rotationally invariant measure. In the original work, logistic regression was then used to
model and predict the state of the process; see [6] for further details. Given that the main aim was
to classify the state into one of bubble flow and churn flow, it seems reasonable to use a control
chart to identify this change —although no such analysis was included in the paper and hence this
suggestion represents a novel advance. Figure 3 shows an ADC criterion as defined in Equation
(3). Figure 3 (left) uses the finest scale coefficients of the original time-series data in a moving
window of width 32, whereas Figure 3 (right) shows a wavelet activity measure [6], summing over
the various resolution levels —in each, the first 10 values were used to set-up the chart. The process
changes from bubble flow to churn flow midway which has produced substantial violations of the
control limits.

S Bibliometric analysis and text-mining

This section provides a bibliometric methodology and the results of a study based on this
methodology about control charts related to the literature published during the years 2015 and part
of 2016. The aim of this study is to identify current, emerging and future hot topics or themes in
control chart research.

5.1 Study design and methodology

Bibliometrics, sometimes known also as informetrics or scientometrics [54], is a statistical
technique aiming to measure the levels of publication and dissemination of scientific knowledge
[20]. It appeared at the beginning of the 20th century as a response to the need to study and evaluate
publication and scientific communication activities. It started with the development of empirical
laws on the measurement of productivity. Many of these approaches were based on Lotka’s law,
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Figure 3: Control charts using (left) an ADC and (right) wavelet activity [6] both calibrated using
the first 10 time points with process going out-of-control at about time 22.

which describes the dissemination of scientific knowledge using the frequency of words in a text.
Zipf’s law [77] states that the distribution of words used is controlled by an aim to communicate
efficiently and with least effort; see also [42, 54, ch.5]. This means that word choices do not
change but instead, the same word is considered many times. Therefore, the most frequently used
words indicate the subject of the text.

The first step of a bibliometric analysis is to collect raw data. In the present study, a search was
performed for the words ‘control’ and ‘chart’ in the ISI Web of Science (www . webofknowledge.
com) covering the years 2015 and part of 2016. For that period, the amount of relevant papers ob-
tained was 1749. We discard many of these papers because they had the words mentioned, but
the main contribution was not on ‘control charts’. In addition, some of the found items were not
papers, but book reviews, editorials, news, letters or notes. Then, 400 papers were selected as our
statistical sample.

The second step of a bibliometric analysis is to select the type of item to analyse. Each type
of item, either abstract, title or keyword, provides a different visualization of a field of science and
results in a different analysis. In the present study, keywords were chosen as the focus of analysis.
The IST Web of Science provides the option to export files in text format, making it possible to
import the data into any software system. Here, data were prepared using the freeware program
Bibexcel.

The final, and most relevant, step of a bibliometric analysis is to extract relevant information
from the data. In the present study, two approaches were used: text-mining [49] and co-word
analysis [22]. On the one hand, text-mining is a combination of techniques used for the automatic
processing of large quantities of text data with the aim of extracting information for the purposes
of discovering hidden patterns or for automated decision-making. On the other hand, a co-word
analysis is a way to establish a network relating concepts, ideas and problems in science from a
quantitative perspective. It reduces the data by projecting it into a specific visual representation,
which maintains the essential information contained in the data. A co-word analysis draws upon
the assumption that the item (in our case keywords) in the paper constitute an adequate description
of its content. The generated network is divided into research themes, defined by their keywords.
This network is useful as it allows an overview of the division of a scientific theme into several
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subthemes. A co-word analysis also makes possible to map the themes according to a strategic
diagram representing both their internal development and their ability to relate to each other within
the network of scientific themes. A strategic diagram is a two-dimensional representation of a co-
word analysis, built by plotting themes according to their centrality rank (7.) and density rank (7).
Definitions of these, and other bibliometric indicators, are detailed next; see also [65].

5.2 Co-word text analysis

Consider a number r (rows) of documents (in our case scientific papers) on a topic of interest
(in our case on a scientific field) and a number « (columns) of words (in our case keywords) on this
field. With these numbers, an r x u matrix M = (my,) is constructed, where each element my; of
this matrix takes the value one if the paper k contains the keyword [ or, otherwise, it takes the value
zero. Thus, we obtain the u X u co-occurrence matrix by means of C' = (¢y) = M "M, which is
symmetric and each of its elements represents the association between keywords. Therefore, two
keywords are said to be co-occurring when they simultaneously appear in the same paper on the
field, while a keyword is more associated with each other if both have a higher co-occurrence. The
values of co-occurrence depends on the size of the sample considered in the bibliometric study.
Based on the co-occurrence matrix C, it is possible to define an association index between the
keywords k and [ given by

2
A= =1, l=1,...,u, k>l (4)
CrCy
where ¢, is the number of papers on the field in which the keyword k appears and ¢; is the number
of papers on the same field in which the keyword [ is present, whereas ci; represents the number
of these papers in which two keywords, k and [ namely, co-occur. The index defined in Equation
(4) ranges from zero to one, because when two keywords never appear together, their association
index is zero, whereas when they always appear together, their association index equals one. The
index defined in Equation (4) can be represented in matrix form as A = D~ 'C*D~!, where
D = diag{cy,...,c,} is a diagonal matrix with elements ¢, and C* = (cZ,), with ¢Z, being the
square of the elements ¢, of C, for k,l = 1, ..., u. Each association index of the matrix A is the
product between the relative frequency that the keyword k appears, when the keyword [ occurs,
and the relative frequency of having the keyword k& when the keyword [ occurs. The normalized
co-occurrence matrix A represents a network of keywords, where each vertex of this network is
a keyword and each association index is the value of the link between two vertices. To construct
subnetworks, a classification algorithm can be used, where each subnetwork is a theme of study
defined by their keywords linking the themes that unite them. The final network provides the
different groups or clusters composed by the more associated keywords with each other, reflecting
the themes of the field under study.

The characterization of each keyword group (network) formed with the co-word analysis is
carried out from the internal relationships within of each group and the external relationships
between groups. Then, the concepts of density and centrality need to be defined. The density
measures the internal strength of the network and it represents the degree of development within
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the network. The density index for the network .S is calculated as

>, 2 A

Dg = kES 1€S,1>k 7 )
v

where v is the number of non-null internal association indexes. Thus, on the one hand, if the
keywords within a group appear with high frequency simultaneously in different papers, it means
that the group is representing an elaborated theme and it would have a high density. On the other
hand, if the keywords within the group are present simultaneously in only some papers, but they are
also found in other papers associated with other keywords, the group represents an underdeveloped
theme and, therefore, its density is low. Hence, the density is important when characterizing a
group of keywords, because it reflects whether the theme is well developed or not. The centrality
measures the degree of interaction of a network S with other networks. Then, the centrality index
corresponds to the sum of the association indexes of all external links on a theme, computed as

> D Au

O — keS 1¢S 7 6)
w
where w is the number of non-null external association indexes. If a group has a high centrality
index, it means that the theme represented by it has a high impact on the other themes. However,
if the opposite happens, the theme is not very important. If we rank increasingly a set of 7" themes
related to a network in terms of their density indexes, the ranking of each theme can be normalized
dividing it by the total quantity of themes of the network. This index is called density rank and
defined as
rankft
Tq = )
T

where rankf is the position of the theme ¢ in the list of themes in an increasing order of density and
T is the number of themes in the whole network. Note that the density rank defined in Equation
(7) takes values between zero and one. Similarly, a centrality rank can be defined as

t=1,...,T, (7

rank;
= , t=1,....T, 8
re=— ®)

where rank; is the position of the theme ¢ in the list themes in an increasing order of centrality.

It should be noted that two nearby themes in the strategic diagram do not necessarily have to
be strongly linked semantically, but they have similar roles in the field. The strategic diagram is
divided into four quadrants whose characteristics are as follows:

(i) Themes in the upper-right quadrant are well developed and important for the structure of a

research field. They play a key role in the scientific field and are known as the motor-themes.

(i1) Themes in the upper-left quadrant can be characterized as highly specialized, but isolated in
the scientific field of study. These themes are peripheral in character.

(ii1) Themes in the lower-left quadrant are weakly developed and marginal. The themes of this
quadrant mainly represent either emerging or disappearing themes.

(iv) Themes in the lower-right quadrant are well related but are also underdeveloped. They can
be considered as emerging or bridge-themes.
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5.3 Study results

As stated before, our bibliometric analysis is based on keywords of 400 papers from the ISI
Web of Science published during the years 2015 and part of 2016. The first calculation performed
on the bibliometric data was a frequency analysis of keywords based on the tm package [26, 49]
of the R software implemented to carry out text-mining; see [69] for the use of R with big data.
Figure 4 shows a bar graph with the most frequent keywords, representing a Pareto diagram. The
most frequent keywords are ‘spc’ (statistical process control) and ‘arl” (ARL), with ‘control chart’
and ‘ewma’ (EWMA) being also well represented. Figure 5 displays a word-cloud using the most
frequent keywords, highlighting once again ‘control chart’, ‘spc’, ‘arl’, and ‘ewma’.
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Figure 4: Summary of the most frequent keywords for bibliometric data.
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Figure 5: Word-cloud for bibliometric data.
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The second calculation performed on the bibliometric data was a co-word analysis carried out
using Ay, Dg, Cs,rq and r. defined in (4), (5), (6), (7) and (8), respectively, with the support of
the mpa package [56] of the R software. In this analysis, first, the co-occurrence and association
matrices are obtained, classifying the keywords. Values of the density and centrality ranks (r4 and
r. defined in (7) and (8), respectively) of each network are presented in Table 1. Here, five main
research themes are identified establishing the different networks: Phase I (Network 1), ARL (Net-
work 2), Markov chain (Network 3), average time to signal (Network 4), and CUSUM (Network
5). The five networks of themes obtained in our bibliometric study are represented in Figures 6 to
8, where each network has a main theme (identified in gray) and seven subthemes (identified in
black), totalling eight keywords in each network.

Table 1: Density and centrality ranks for the indicated network (keyword) with bibliometric data.

Network Keyword Density Centrality
1 Phase | 0.0615 0.0122
2 ARL 0.0585 0.0124
3 Markov chain 0.0391 0.0090
4 Average-time-to-signal ~ 0.0328 0.0121
5 CUSUM 0.0189 0.0115

phase-ii

conforming—-run-length

phase-i standard-deviation-arl false-alarm-rate

c—control-chart
bootstrap

iy
S VAL -
V\"V monte—carlo—simulati

profile—monitoring
X

k ranked-set-sampling

Figure 6: Results showing well developed themes in the Network 1 (left) and important themes in
the Network 2 (right) for bibliometric data.
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Figure 7: Results showing weakly developed and marginal themes in the Network 3 for bibliomet-
ric data.
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Figure 8: Results showing well related but underdeveloped themes in the Network 4 (left) and
weakly developed themes in the Network 5 (right) for bibliometric data.

Figure 9 displays the strategic diagram for our bibliometric data, which is interpreted as fol-
lows. Based on the four quadrants of the strategic diagram and the mentioned networks established,
we have the following interpretations:

@

(ii)

(iii)

(iv)

Two main themes are located at the upper-right quadrant, labelled as ‘phase-i’ and ‘arl, cor-
responding to the Networks 1 and 2. They are designated as motor-themes and play a key
role in the literature of control charts based on our bibliometric data. In the case of the
Network 1, formed by the main theme ‘phase-i’ and its subthemes ‘phase-ii’, ‘profile mon-
itoring’, ‘standard-deviation-arl’, ‘spc’, ‘bootstrap’, ‘mewma’ (multivariate EWMA) and
‘monitoring-process’, it corresponds to well developed themes in the field under analysis.
The Network 2, constituted by ‘arl’ and its subthemes ‘false-alarm-rate’ (FAR), ‘control-
chart’, ‘conforming-run-length’, ‘synthetic-control-chart’, ‘monte-carlo-simulation’ (Monte
Carlo simulations), ‘ewma’ and ‘ranked-set-sampling’, indicates important themes for the
topic according to our study.

Observe that no themes are found in the upper-left quadrant, which should be related to spe-
cialized but isolated topics on control charts.

The theme labelled as ‘markov-chain’ is plotted in the lower-left quadrant. This main theme
corresponds to the Network 3, which is constituted by the subthemes ‘genetic algorithms’,
‘economic design’, ‘attribute-control-chart’, ‘runs-rules’, artificial neural networks (‘ann’),
SVM (‘svm’) and principal component analysis (‘pca’). This network shows weakly de-
veloped and marginal themes for control charts and could be seen as an opportunity to be
further developed.

The themes in the lower-right quadrant are emerging or may be disappearing. The main
themes displayed in this quadrant are labelled as ‘average-time-to-signal’ and ‘cusum, which
correspond to the Networks 4 and 5, respectively. The Network 4 is formed by ‘average-
time-to-signal’ as main theme, being its subthemes ‘variable-sampling-interval’, ‘unbiased-
control-chart’, ‘time-between-events’, ‘generalized-likelihood-ratio’, ‘weibull-distribution’,
‘change-point’ and multivariate statistical process control (‘multivariate-spc’). This network
contains well related but underdeveloped themes for control charts and might also be seen
as opportunities to future research. The Network 5 has as main theme ‘cusum’ and as sub-
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themes ‘shewhart-chart’, ‘non-normality’, ‘autocorrelation’, ‘hotelling’s-t-2-chart’, ‘quality-
control’, ‘extra-quadratic-loss’ and ‘run-length’, which are also weakly developed for the
topic.
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Figure 9: Strategic diagram for bibliometric data.
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6 Conclusions and future research

Control charts, and quality control in general, have a long and valuable history. They have made
a substantial impact across a wide range of industrial and non-industrial applications, producing
enormous cost-benefit improvements. Early research focussed on industrial manufacturing, and
not surprisingly were restricted to normality and independence assumptions. More recently, the
focus has moved into environmental, financial and health-related applications, with generalisation
into the use of heavy-tailed and skew distributions to deal with more general usages. In addition,
the employment of modelling based on time-series to cope with autocorrelated data has been con-
sidered in the subject of control charts. With the birth of the big data revolution, however, the
field of control charts has again been reopened with a range of new challenges, which will require
new theory to be developed, but it will permit an ongoing role of the most traditional statistical
topics. One of aims of this research was to highlight the use of recent developments, which have
included non-Gaussian distributions and correlated data, with new applications in environmental
science and tomography, and considering modern statistical techniques such as wavelet methods.
Many of these new applications involve the authors.

The principles of bibliometric analysis have been used to allow common research themes to
be identified, and to distinguish the classical and overdeveloped from the emerging and underde-
veloped — this latter grouping is clearly an area for future research. The bibliometric analysis is
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a technique which has been applied to identify and predict novel and potentially important future
research areas. In particular, themes requiring further development include principal component
analysis, genetic algorithms, artificial neural networks and support vector machines, among oth-
ers. Emerging topics include generalised likelihood ratio, variable sampling interval, multivariate
statistical process control and change point methods. Although quality control methods are well
established and perhaps unfashionable, there is scope for renewed interest and renewed vigour as
a high-profile research topic.
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