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A B S T R A C T

Statistical process control (SPC) is closely related to good quality control practices in the manufacturing process.
One of the primary goals is to detect unnatural patterns, allowing the production service to control the con-
formity of the blood components produced. Despite being recommended by national and international stan-
dards, its exercise is not uniform, and sometimes the methodology used is misinterpreted as SPC. When the input
data has a Gaussian distribution, control charts for variables are proposed. However, when the data distribution
is not normal, control charts for attributes are suggested. This article presents and discusses four statistical
procedures for the control of attributes using p-, np-, u-, and c-charts. An empirical demonstration shows these
models are reliable for in routine use in the Blood Establishment quality control, as also suggests the use when
the control charts for variables are inapplicable.

1. Introduction

This manuscript follows our previous What’s Happening article,
where the general principles of statistical process control (SPC) in the
production of blood components and control charts for variables are
discussed. For a more in-depth understanding of the basic concepts
related to the SPC principles and its implementation in a Blood
Establishment, the causes of variation, data reliability, and the im-
portance of the normal distribution on the quality control, see [1]. It
must be emphasized that the control of the production of blood com-
ponents is mandatory by The European Directive 2002/98/EC [2] and
The European Committee (Partial Agreement) on Blood Transfusion
(CD-P-TS) TS111 “Good Practices Guideline” [3]. The TS111 stipula-
tions are included on the 19th edition of The European Directorate for
the Quality of Medicines & HealthCare (EDQM) of the Council of
Europe guideline (Appendix 4 of [4]). Such requisite is also part of the
American Association of Blood Banks (AABB) standards [5].

SPC could be understood as an influential group of problem-solving
tools valuable in attaining process stability and improving capability
through the decrease of the variability. If a blood component is to meet
or exceed specifications, it should be manufactured by a stable or

repeatable process. Consequently, the production process must be
capable of operating with little variability around the target or nominal
dimensions of the quality characteristics of the blood components.

It is noteworthy to mention that the common/natural/expected
causes of error are predictable roots of failure mutual to any manu-
facturing process. In this condition, the special error is higher than what
is probable. Therefore, special causes of failure are supposed to happen.
The variance and out-of-specification results are considered pre-
dominantly in a short-term strategy. The common and special causes
are observed in a long-term. The long-standing method is also intended
to the constant satisfaction of high-quality specifications, preventing
measures and significantly decreasing the products’ price. The short-
term is associated primarily with the corrective actions, and long-term
with opportunities for improvement.

Moreover, specification limits are designated agreeing to the re-
quirements for blood components. The uses of control charts are in-
tended to identify nonconforming lots or individual components and to
detect trends. Capability indexes are used to measure and classify the
level of production ability to meet the specifications. Hence it should be
clear that blood component samples are verified according to require-
ments, not according to control limits. A manufacturing process is
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classified as “world class quality” since the attribute results are “on
target” with “minimum variance.”

The primary choice of charts in SPC is the control charts for vari-
ables. However, since subgroups data is not normally distributed, two
alternative strategies are applicable: (a) control charts for variables
using normal transformed data or (b) control charts for attributes. In
the situation that a characteristic/parameter to be checked cannot be
suitably represented numerically, each result is inspected and classified
as conforming/nondefective or nonconforming/defective to a specifi-
cation. This type of characteristics is referred as attributes. For instance,
the case of the parameter to be checked in platelets, apheresis, leucocyte-
depletedin additive solution is the residual leucocyte count. This mea-
surand distribution is close to a negative binomial distribution (NBD)
[6]. On this scenario, the attribute is a characteristic of the number of
leucocytes according to a specification:< 1×106 or ≥ 1×106 per
unit, respectively, conforming or not conforming to the EDQM guide-
line (Component monographs Part C. Platelet components of [4]).
Control charts for attributes are recognized as necessary on an SPC
strategy as an alternative to the charts for variables. They help to
classify areas of production by priorities of improvement, they are es-
sential to administrative processes due to its focus on defects and de-
fective products, and because they distinguish common causes from
special causes. Control charts for attributes are applied to determine if
the defective product rate is stable and distinguish a deviation from
stability in a production process. Several types of control charts are
available according to the attributes type and sampling methods. The
four main models are considered: p-, np-, u-, and c-charts.

Sampling practices suggest testing a representative lot of the man-
ufacturing in controlled conditions consistent with good practices. The
proportion is related to full produced blood components for a specified
period. Therefore, an appropriate sampling method is needed. The use
of inadequate sampling methods could origin biased results followed by
biased decisions. It could be applied simple random, systematic, and
stratified sampling models [7]. For a more in-depth discussion on
sampling models of produced blood components, see [8]. See [9] for
further details on SPC applied to the production of blood components.

The focus of this article is the selection and implementation of
suitable control charts for attributes as an SPC methodology in a Blood
Establishment following current best practices. The cases are from the
database of the Quality Control, Portuguese Institute of Blood and
Transplantation, Portugal.

2. Material and methods

2.1. Control charts for attributes

The control charts for attributes require a count of a characteristic/
attribute of a parameter to be checked (input) instead of an analytical
measurement. For instance, the case of the residual leucocyte count
checked in platelets, apheresis, leucocyte-depleted in additive solution. The
classification of attribute results is according to the state of conformity,
i.e., no/yes, non-conforming/conforming. Let contemplate p-, np-, u-,
and c-charts. On a brief introduction, p-charts are used to control dis-
crete attribute data. It is intended to control defective and non-defective
components in a production process. This chart plots the proportion p of
the data falling into the relevant category over time using sampling
with dimension not fixed. np-charts is aversion of the p-chart used to
control data from a fixed subgroup, i.e., a sample with the same size.
The np-chart shows the number of occurrences in a category over time
rather than the proportion in the category. The actual amount in a
category is determined by multiplying the samplesize n by proportion p.
c-charts is close to the np-chart since both require a fixed number of
samples per data point. However, differently, fromthe np-charts that
represent the proportion data in a specific category, c-charts plots count
data, i.e., the number of defects/nonconformities. Finally, the u-charts,
which is a more general version of the c-chart oriented to data points

that do not come from an equal number of samples. Since the sample
sizes are different, the control limits are mobile. Typically, the number
of subgroups m is ≥25, and the number of samples n is usually from
three to five.

2.1.1. Defective products (nonconform products)
2.1.1.1. p-chart with variable sample size. The center line is equal to the
average of the number of process fraction nonconforming p. The
mathematical model is as follows (entry 7.2 of [10]):

=
∑
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where a number of nonconforming samples i, pi is the ratio of
nonconforming samples i, = …i m1, , , m is the number of preliminary
samples, and n is the number of samples of the rational subgroup. m
should be no less than 20.

The control limits, the upper control limit UCL p , and the lower
control limit LCL p , are computed using the following models:
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2.1.1.2. np-chart with fixed sample size. The center line is equal to the
average of the number of the defectives in sampling p . The model
derived from the Eq. (1), as follows (entry 7.2 of [10]):

np = p n( ) (4)

wherep is the average of the number of process fraction nonconforming,
and n is the number of samples of the rational subgroup.

The control limits, the upper control limit UCLnp, and the lower
control limit LCLnp, are calculated using the following models:

= + −UCL np np p3 (1 )np (5)

wherep is the average of the ratio of nonconforming samples, and n is
the number of samples of the rational subgroup, and;

= −LCL np − np p3 (1 )np (6)

2.1.2. Defects (nonconformities)
2.1.2.1. u-chart with variable sample size. The u rate mathematical
model is as follows (entry 7.2 of [10]):

=u x
n (7)

where x is the number of nonconformities in a sample, and n is the
number of samples of the rational subgroup.

The center line u is equal to the average of the number of process
fraction nonconforming u.

The control limits, the upper control limit UCLu , and the lower
control limit LCLu , are computed using the following models:

= +UCL u u
n

3u (8)

Where u is the observed average number of nonconformities per unit in
a initial set of data, and n is the number of samples of the rational
subgroup, and;

= −LCL u u
n

3u (9)

2.1.2.2. c-chart with fixed sample size. The c is the number of
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nonconformities.The center line c is equal to the average of the number
of nonconformities c.

The control limits, the upper control limit UCLc , and the lower
control limit LCLc , are computed using the following models:

= +UCL c c3c (10)

= −LCL c c3c (11)

2.2. Interpreting control charts

The control limits are one of the most critical issues to a robust
control chart. The control limits are regarded as trial control limits
(entry 6.2.1 of [10]). Moving limits from the center line decrease the
chance of type error I, i.e., reduction of the risk of a false out-of-control
event (false alarm) since there is no cause. However, this moving will
increase the risk of a type II error, i.e., increase the chance the there is
happing a true out-of-control event, but it is undetected on the chart.
Otherwise, the case the control limits are moved to be closer to the
center line, the risk of type I error increases, and the risk of type II
decreases. Central line ± 3s corresponds to 0.9973 or 99.73% of the
population. Consequently, the probability of type I error is 0.0027 or
0.27 % according to the standard normal table. It could be understood
that an incorrect out-of-control or false alarm is made in uniquely 27
out of 10,000 points. Moreover, the probability that point in-control
conditions exceed the three-sigma limits in one direction is 0.00135 or
0.14%, reinforcing the need to investigate special causes. Two sets or
even three sets of limits could be used. Three-sigma limits are referred
as the outer limits, mentioned as action limits. The three-sigma limits
are referred as Natural Process Limits, where the data arises from an
undisturbed process. Any results out-of-three-sigma, i.e., out-of-control,
require an investigation, and a corrective action known as out-of-con-
trol-action plan (OCAP), is taken if necessary. Two-sigma and one-
sigma are referred as warning limits, and they are useful to identify
trends that require an action for improvement to minimize the risk of
the production process to be out-of-control. The sample results from the
initial subgroups are plotted to verify whether the process was in
control when the initial data were reported. Points exceeding the three-
sigma limits are inspected. If assignable causes are identified, they are
discarded, and new trial control limits are computed.

Since 1956 that the well-established Western Electric rules are used
in the industry [11]. They are intended to recognize a sequence of
unnatural patterns, increasing the sensitivity for out-of-control events
when compared to the single use of the three-sigma rule. Three zones
are considered in the application of these rules: A, B, and C. Zone A is
between the two-sigma and the three-sigma limit, the zone B is between
the two-sigma and one-sigma limit, and zone C is between the two-
sigma and the center line. The Western Rules criteria is applied as
shown in Table 1 (first four rules). These rules differentiate the process
instability including the identification of unnatural patterns by special

causes. Table 1 includes a summary of 10 rules to be applied according
to the stability of the process. For details about the probability related
to the Western Electric rules see [1].

It is suggested that the OCAP specifies a complete set of the possible
causes to facilitate the diagnostic of the production process. Thinking
based on the Pareto principle is recommended. A history of successful
OCAP should guide the staff to an easier implementation of next OCAP.

3. Results

3.1. p-chart with a variable sample size

Let consider the residual leucocyte count in a sampling with 30 lots
with a fixed quantity of samples per sampling of platelets, apheresis,
leucocyte-depletedin additive solution. It is assumed that leucocytes have a
nonnormal distribution (NBD [6] or log-normal distribution [12]). A
daily lot is manufactured. Sampling is related to the number of blood
components produced. p-chart is illustrated in Fig. 1. See Table 2 for
input data. Eq. (1) determines the center line, and Eqs. (2) and (3) and
the control limits of p-chart chart as follows:

= = =
∑ =p 0.0085
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117

i i1
50

,

= + =−UCL 0.0085 3 0.1466p
0.0085(1 0.0085)

4
, and; =LCL 0p (note: since

<LCL 0p , it is assumed to be zero)

3.2. np-chart with a fixed sample size

The previous case is used to the np-chart shown in Fig. 2. See
Table 3 for input data. Eq. (4) determines the center line, and Eqs. (5)
and (6) and the control limits of np-chart as follows:

= =np 0.002667(25) 0.033,

Table 1
A summary of rules for Shewart control charts.

No. Rule

1 One point out of the three-sigma control limits*
2 Two of three successive points are out of two-sigma warnign limits, but

within three-sigma control limits*
3 Four of five sucessive points beyond the one-sigma limits*
4 Eight sucessive points on one side of the center line*
5 Six sucesss points in a row progressively increasing or decreasing (trend)
6 Fifteen points in a row in zone C (both above and below the center line)
7 Fourteen points in a row discontinuous up and down
8 Eight points in a row on both sides of the center line with none in zone C
9 An unusual or nonrandom pattern in the data
10 One or more points near a warning or control limit

Legend: * Western Rules.

Fig. 1. p-chart for the control of the proportion of residual leucocytes in a se-
quence of rational subgroups with variable number of samples of platelets,
apheresis, leucocyte-depleted in additive solution.

Table 2
Residual leucocytes count attributes for 30 lots with a variable number of
samples per rational subgroup of platelets, apheresis, leucocyte-depleted in additive
solution.

No. n Di p̂i No. n Di p̂i No. n Di p̂i

1 4 0 0 11 3 1 0.33 21 4 0 0
2 3 0 0 12 4 0 0 22 4 0 0
3 4 0 0 13 4 0 0 23 4 0 0
4 4 0 0 14 4 0 0 24 4 0 0
5 4 0 0 15 4 0 0 25 4 0 0
6 4 0 0 16 4 0 0 26 3 0 0
7 4 0 0 17 4 0 0 27 4 0 0
8 4 0 0 18 4 0 0 28 4 0 0
9 5 0 0 19 4 0 0 29 3 0 0
10 4 0 0 20 4 0 0 30 4 0 0

∑ =D 1i =p 0.0085
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= + − =UCL 0.033 3 0.033(1 0.0085) 0.579np , and; =LCL 0np (note:
since <LCL 0np , it is assumed to be zero)

3.3. u-chart with a variable sample size

The previous case is used to the u-chart shown in Fig. 3. See Table 4
for input data. Eq. (7) determines the center line, and Eqs. (8) and (9)
and the control limits of u-chart as follows:

= =u 0.04311
23 , = + − =UCL 0.0431 3 0.0431(1 0.0431) 0.3545u ,

and; =LCL 0u (note: since <LCL 0u , it is assumed to be zero)

3.4. c-chart with a fixed sample size

The previous case is used to the c-charts shown in Fig. 4. See Table 5
for input data. Eqs. (10) and (11) determine the control limits of c-chart
as follows:

= =c 0.1675
30 , = + =−UCL 0.167 3 1.391p

0.167(1 0.167)
4

, and;
=LCL 0c (note: since <LCL 0c , it is assumed to be zero)

All the charts and calculus are computed with Minitab® (Minitab
Inc., State College, Pennsylvania, US) software [13].

4. Discussion

For the interpretation of the charts Western Electric rules are ap-
plied. Therefore, the p-and np-charts display one out-of-control result

Fig. 2. np-chart for the control of the residual leucocytes count of in a sequence
of rational subgroups with fixed number of samples of platelets, apheresis, leu-
cocyte-depleted in additive solution (n=4).

Table 3
Residual leucocytes count attributes for 30 lots with a fixed number of samples
per rational subgroup of platelets, apheresis, leucocyte-depleted in additive solution.

No. n Di p̂i No. n Di p̂i No. n Di p̂i

1 4 0 0 11 4 1 0.25 21 4 0 0
2 4 0 0 12 4 0 0 22 4 0 0
3 4 0 0 13 4 0 0 23 4 0 0
4 4 0 0 14 4 0 0 24 4 0 0
5 4 0 0 15 4 0 0 25 4 0 0
6 4 0 0 16 4 0 0 26 4 0 0
7 4 0 0 17 4 0 0 27 4 0 0
8 4 0 0 18 4 0 0 28 4 0 0
9 4 0 0 19 4 0 0 29 4 0 0
10 4 0 0 20 4 0 0 30 4 0 0

∑ =D 1i =np 0.033

Fig. 3. u-chart for the control of the residual leucocytes count per blood com-
ponent in a sequence of rational subgroups with fixed number of samples of
platelets, apheresis, leucocyte-depleted in additive solution.

Table 4
Residual leucocytes count attributes for 30 lots with a variable number of
samples per rational subgroup of platelets, apheresis, leucocyte-depleted in additive
solution.

No. n Di ui No. n Di ui No. n Di ui

1 4 0 0 11 4 1 0.25 21 4 0 0
2 3 0 0 12 3 0 0 22 4 0 0
3 4 0 0 13 4 0 0 23 6 0 0
4 4 2 0.29 14 4 0 0 24 4 0 0
5 4 3 0.43 15 4 0 0 25 4 0 0
6 4 0 0 16 2 0 0 26 3 0 0
7 4 0 0 17 4 0 0 27 4 0 0
8 4 0 0 18 4 0 0 28 4 0 0
9 4 0 0 19 4 0 0 29 4 0 0
10 3 0 0 20 4 0 0 30 4 0 0

∑ =D 2i =u 0.0431

Fig. 4. c-chart for the control of the count of residual leucocytes in a sequence
of rational subgroups with fixed number of samples of platelets, apheresis, leu-
cocyte-depleted in additive solution (n=3).

Table 5
Residual leucocytes count attributes for 30 lots with a fixed number of samples
per rational subgroup of platelets, apheresis, leucocyte-depleted in additive solution.

No. n Di ci No. n Di ci No. n Di ci

1 3 0 0 11 3 1 0.25 21 3 0 0
2 3 0 0 12 3 0 0 22 3 0 0
3 3 0 0 13 3 0 0 23 3 0 0
4 3 2 2 14 3 0 0 24 3 0 0
5 3 3 3 15 3 0 0 25 3 0 0
6 3 0 0 16 3 0 0 26 3 0 0
7 3 0 0 17 3 0 0 27 3 0 0
8 3 0 0 18 3 0 0 28 3 0 0
9 3 0 0 19 3 0 0 29 3 0 0
10 3 0 0 20 3 0 0 30 3 0 0

∑ =D 2i =c 0.167
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(lot no. 11). A special cause is detected after an investigation. A whole
blood centrifuge is defective. Therefore, an OCAP in the manufacturing
process is required. The equipment is out-of-service waiting for suc-
cessful maintenance. On the next lots, the error is tolerable, for what
the OCAP is classified as successful. On the second data set, the u- and c-
charts detected an alarm in the lots no. 4 and 5. A special cause is
identified. A lack of skills by one new technician is recognized. OCAP is
applied and is classified as successful after lot no. 6.

The robustness of control decision is not related only to the statis-
tical model, but could also be associated with the data distribution and
outliers. Anytime the distribution should be verified; we suggest the
D’Agostino K-squared test [14] for the examination of the underlying
distribution of a random variable normally distributed. See [1] for
details on its application to blood components data. Moreover, the
decision reliability is also dependent on the trueness of the data. On this
perspective, another main concern is to input outliers [15] to the at-
tributes computations. Consequently, the staff should implement a
method to assure the detection and correction/deletion of outliers. A
particular outlier could cause a false attribute (biased attribute). As a
good practice, it is suggested the use of statistical tests such as the
Grubbs test [16], the Generalized Extreme Studentized Deviate (ESD)
test [17], or the Tukey test [18] if it is suspected more than one outlier.
Alternatively to a statistical verification, the use of a pair of analysts to
review the input data is strongly advised. For further details on the
application of these tools to the control of blood components see [1].

Furthermore, common causes of variation such as the biological
variation should also be clearly understood to recognize performance
characteristics of specific productions. Blood components manu-
facturing process f(x) has a repeatable value making a sequence of
activities transforming inputs x into reproducible outputs y. The out-
come is permanently influenced by a variation, including common
causes of variation (“background noise”). Since what is processed is
human blood components, there is always the influence of the biolo-
gical variation to the testing parameters, such as the number of leu-
cocytes. It could be interpreted as a significant variation component
that cannot be corrected (a common cause of variation) and should be
considered on the discussions when the production process has a sys-
tematic low capability index in stable conditions [19]. Note that the
biological variation is not common in most of the industry where the
full critical production variables are controlled. The biological variation
is associated with inter-individual (between-subject) and intra-in-
dividual (within-subject) sources [20]. Other common causes arise from
people, environment, methods, materials, measures, and equipment in
controlled conditions. Variability larger than the “background noise,”
regularly signifies an intolerable level of process performance. The as-
sociated sources of variability are referred as “assignable causes of
variation.” A process that is operating in the presence of assignable

causes is said to be an “out-of-control process.” Reducing the common
causes of variation is a challenge that should be understood as possible,
but it can never be removed.

Root-cause analysis, correction, and CAPA are applicable (entry
10.2 of [21]) to identify and correct special causes. The most compli-
cated processes require increased effort to determine the root-cause for
exceptional causes. The consistency of the production and waste on the
budget could occur in the cases a special cause is not detected or if there
is a false rejection of lots due to false alarms, respectively.

The attributes charts are designated to reduce the process fallout.
They add value to the evaluation of multiple step processes, and they
are an alternative when variables are unmeasurable. Their role is also
significant to perform a historical synopsis of the manufacturing pro-
cess. Additionally, they have advantages, such as the low-priced cost of
inspection due to requiring a smaller number of samples and because it
is a simpler method compared to the control for variables. Despite the
control for attributes to be intended to enhance the processes con-
tinuously, it is less effective than control for variables to decrease the
variance, to control and report the stability of the operations, to follow-
up the methods, to determine the procedure performance, and to
identify non-conformities about lot specifications at an early stage.
Control charts for attributes are not so advantageous to locate the
special causes due to be uniquely acknowledged the number or ratio of
results rejected in sampling. Likewise, the risk of accepting non-con-
forming products is substantially higher. It is due to the fact that some
rules are regularly verified in a high number of samples for which the
control is sometimes retrospective. Fig. 5 displays a diagram to select
the chart per type. Note that the use of the control charts should be a
compliment on an SPC strategy by the other six statistical tools of the
“magnificent seven” whenever appropriate: (1) histogram or stem-and-
leaf plot; (2) check sheet; (3). Pareto chart; (4) cause-and-effect dia-
gram; (5) defect concentration diagram, and; (6) scatter diagram. These
problem-solving tools should be recognized throughout the production
and quality control services. Its application able the Blood Establish-
ment to identify also opportunities for improvement and to assist in
reducing the variability, eliminating waste, and improving the pro-
duction process complementing cycles such as DMAIC (an acronym for
Define, Measure, Analyze, Improve and Control) on a Six Sigma man-
ufacturing policy [22].

In short, this article demonstrates that the implementation of con-
trol charts for attributes is an essential tool to control the production as
part of an SPC strategy. The theory and cases presented are intended to
support the laboratorian to understand the essential principles of these
type of charts based on real examples. Nevertheless, the efficient ap-
plication of the control charts for attributes depends on the compe-
tences of the personnel. Our Blood Establishment experience re-
commends as a first step to receive the support of a consultant and in a

Fig. 5. Selection of the type of chart for attributes.

P. Pereira et al. Transfusion and Apheresis Science 57 (2018) 285–290

289



second stage to start the formation of a technician to be the head to
maintain and improve the SPC procedure.
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