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Control charts and chronic respiratory patients
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SUMMARY

Statistical Process Control has been the focus ofymesearchers who have tried to
expand its applicability to different areas, framdustry to health. The main objective of
the present work is to use Statistical Processiigaes in the control and follow-up of
respiratory patients, since in clinical practicehéts been observed that the variation
between patients is much larger than the varialwwn by a single patient. Therefore
we tried to compare, under the same experimentadiions, the most cited control
charts for control of the mean of independent det&. charts compared in this study are
the Shewhart and EWMA charts and the modified MAe Theasure used to compare
the performance of the different charts was therAge Run Length. Noteworthy is the
performance of the modified MA chart, which is munbre robust with respect to false
alarms, and also much simpler to implement than ENEMA chart. Lastly, we
constructed control charts that might provide ihtsgn medical decision-making.
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1. Introduction

The development of medicine and improving qualifylife in the Western
world have led to an increase in general life eigquexy. At the same time,
however, lifestyle changes have led to an increase¢he number of people
suffering from chronic diseases. An example is rtnenber of patients with
obstructive respiratory chronic diseases. This remiias increased in recent
years, making such diseases a public health prohlgimsocial and economic
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implications resulting from the diminished workimgpacity of patients and
from the costs associated with medical treatment.

Thus, with the objective of reducing the use of diad emergency
resources to treat acute respiratory conditiond,rationalizing the prescription
and consumption of therapeutic products, we aimmtmitor each patient,
allowing detection of any abnormal changes, and #woiding the development
of complications and allowing the use of correctiveasures and, consequently,
improving the patient’s quality of life.

However, in clinical practice, it has been obsentkdt the variations
amongst individuals can be larger than the varmaticegistered for the same
individual. In practice, an observation that istbe range of reference values
for a population can represent a relevant clindd@nge with respect to the
usual values of a patient; of course, the reciproaa also be true.

As stated by several authors (Woodall, 2006), cbmatnarts and Statistical
Process Control (SPC) can be alternative methodstife analysis and
presentation of data in the field of health. Thwe attempted to apply the
techniques of SPC in the monitoring and medicalofolup of respiratory
chronic patients.

In order to identify the charts that exhibit thesbeesults, we compare,
under the same experimental conditions, the pedoom of several control
charts for the study of the mean of individual ipeledent observations.

The control charts introduced by Shewhart in 1924 anquestionably, the
graphical method most widely known and used in thenitoring of a
production process. However, the lack of powerdtect small variations in the
process mean have inspired researchers to develeptecthniques that offer
greater sensitivity for those cases.

Thus, as alternative charts reported in the liteea{Montgomery,1991), the
EWMA (Exponentially Weighted Moving Average) chartthe CUSUM
(CUmulative SUM) charts and, more recently, theh@rts (Quesenberry, 1997)
have been implemented; these last, combined wahEdlWMA, gave rise to the
EWMAQ charts.
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In general, all studies conclude that CUSUM chdrere a similar
performance to that of EWMA charts (Montgomery, 19Quesenberry, 1995,
Lucas, Saccucci, 1990), and so the first of thes®i studied in this work.

On the other hand, in this study it is considetet the mean and standard
deviation are known. Therefore, the Q charts amilai to the Shewhart, and
EWMAQ to EWMA (Quesenberry, 1991, 1997, Montgomeegstillo, 1994).

Notably, the Moving Average (MA) charts that inguirthe development of
the EWMA charts have received less attention, mxdbey are considered
unstable due to correlation between values (Quesgntl997). However, and
in contrast to the conclusions of other authorsrg@a Yeh, 2008), it will be
shown that these charts have their own merits.

2. Methodology

Considering the situation where both parameterand ¢ are known, the
performance of the Shewhart (and Q), EWMA (and EVWQJAand MA (with
slight modification) charts is compared, for theeaf individual observations
(n=1). Simulations for individual observations wempiemented and results
are presented for the cases where the perturbatidhe mean occurs at time
instantst=1 ort=100.

The constants used in the EWMA chart, as used ansitimulations, were
(A,k)=(0.25,2.9, since for an AR}, equal to 370, Crowder (1989) and
Lucas and Saccucci (1990) verified that this paisthe best to detect a shift of
1.50 on the mean.

The measure used to compare the performance dfiffieeent charts was
the ARL (Average Run Length). ARL corresponds te tmean value of
collected samples until an out-of-control situatisrsignaled on the chart, i.e.,
a value is out of the control limits. The perforroarof the different charts will
also be elucidated by the percentage of cases whereharts signal a false
alarm. This measure is particularly important siegeessive false alarms not
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only oblige the process to be stopped with unnecgssosts (Eljaclet al.,
2006), but might also question the utility of SR athus, its use.

Brief introduction to control charts

Shewhart charts for variables are a simple and easthod of monitoring
a series of data under study. First introduced bgwhart, in the early 20th
century, they consist in a graphical representatiothe evolution, along time
(t), of the individual values of a given variable negenting a given quality
characteristic. It is assumed that the variable eundtudy is normally
distributed, i.e.,.X; ~ N(,u,az).

In the graphic, a central line is drawn (CL) whigpresents the known (or
estimated) value of the mean of the observationsyral which the values
should vary randomly when the process is stabilized

Additionally, an upper control limit (UCL) and loweontrol limit (LCL)
lines, which are obtained frony+ 30, are represented on the graph. If these
limits are surpassed by any observed value, theatgin is automatically
signaled as out of control, so that correctiveamstican be taken.

Starting from analogous principles to the Shewlhsrts, in the EWMA
charts, introduced in 1959 by Roberts (Lucas, Sagcd990), the represented
value in timet is however calculated using the equation

Z =AX +(1-1)z_, t=123,.. (1)

where X, represents the individual observations along timé is a constant
belonging to the interval [0;1] and the initial ual Z, is equal to the known
value of the meanu. The reference limits are now calculated throulgh t
equations:
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UCL = p+ ka\/(z/]—)lj (1-(1-2)")

CL=u (2)

LCL = - ka\/(z/]jj (1-(1-2)")

Similarly to the EWMA chart, the MA chart combindg information of
two or more observations, in such a way as to asgdhe performance of the
chart. Thus, the following modification is proposedlculating the statistic,

M, =X, se t<r
t

> X 3

M, =i:t‘“—;1 se t=r

and representing it on a graph whose central I®k) (is the mean of the
observations and the control limits (UCL and LClk¢ at a distance from CL
equal tok=3 times the standard deviation bf, .

The proposal corresponds to the values of the Shwehart for the first
r -1 observations, which allows rapid detection oféaperturbations for zero-
state, i.e., when the perturbation on the meanrecatt=1. The remaining
observations correspond to those generated bydt#ional MA chart. Results
are presented for values 3, 5, 7, 9, 11 and 30. The process is out ofrobiit
a point is outside the control limits.

3. Results — Estimated values for ARL and False Alars

The estimated values for ARL for the different ¢hawere obtained by
simulation, using a Visual Basic programming enwinent, for each
experimental condition. In each experiment, sampliesizen=1 (individual
observations) were generated by a Normal distdbutivith mean 1+ oo
and standard deviatioro - Xi~N(,u+50,az). When no out-of-control
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observation was detected, the process was stoppkd and of 2000 iterations

and a new experiment was initialized.
The perturbatiordo (Jd = 0.0, 0.25, 0.5, 1.0, 1.5, 2.0 and 3.0) on tharme

of the variables was studied at two distinct instam the first case, from the
instantt=1 and, in the second, with the perturbation=4100. Tables 1 and 2

show the ARL values fax=1 andt=100, respectively.

Table 1.ARL for t=1.

Shewhart EWMA MA (modified)
o] er EW(K;AQ r=3 r=5 r=7 r=9 r=11 r=30

0.00 376.3 364.4 428.6 516.7 526.2 6571 7233 1112
0.25 277.3 1342 230.2 2229 217.2 2005 201.1 4168.

0.50 157.3 41.2 83.9 64.6 56.6 50.4 49.3 42.6
1.00 44.6 10.2 16.3 13.0 11.7 11.8 12.3 22.3
1.50 15.4 5.2 6.1 5.7 6.2 7.2 8.1 131
2.00 6.3 3.4 3.3 3.8 4.4 4.9 5.4 6.2
3.00 1.9 2.2 1.7 1.9 2.0 2.0 2.0 2.0

Table 2. ARL for t=100.

Shewhart EWMA MA (modified)

5] or or _ _ _ _ _ _
Q EWMAQ r=3 r=5 r=7 r=9 r=11 r=30

0.00 364.3 367.9 435.2 507.9 600.4 659.3 732.6 5153

0.25 288.2 1405 2374 2241 220.7 209.5 202.7 1175.

0.50 153.5 39.9 83.4 65.9 56.4 53.7 48.9 41.8
1.00 45.4 9.8 15.9 13.0 11.7 11.6 11.4 16.4
1.50 14.3 51 6.2 5.6 6.0 6.5 7.2 11.4
2.00 6.2 3.4 3.4 3.9 4.5 4.9 54 8.7
3.00 1.9 2.2 2.2 2.8 3.2 3.5 3.8 5.9

In Figure 1 some of the curves obtained for ARL, thie different
experiments, are presented. In Table 3 we prekergdrcentage of false alarms
in 2000 experiments, when the perturbation on teamoccurs at time instant
t=100, i.e, the number of times that an out-of-cdngituation is signaled
before the perturbation in the mean has occurréchat=100.
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In(ARL)
In(ARL)

a) ARL, at instartt=1. b) ARL, at instarit=100
Figure 1. ARL curves for the Shewhart, EWMA and MA charts.

Table 3.False alarms far=100.

Shewhart EWMA MA (modified)

o] %r EWcli/erQ r=3 r=5 r=7 r=9 r=11 r=30
0.00 23.0 23.6 215 17.1 159 13.7 11.9 12.0
0.25 23.1 23.2 214 179 146 134 13.2 11.4
0.50 25.1 23.9 21.0 16.1 156 14.7 12.9 12.6
1.00 235 24.1 209 169 148 133 13.7 11.4
1.50 24.1 23.1 223 17.1 151 140 13.6 10.8
2.00 22.8 24.4 209 169 154 13.0 13.7 11.8
3.00 23.4 23.1 20.2 195 148 139 12.0 11.3
Mean 23.6 23.6 21.2 174 152 137 13.0 11.6

In Figure 2 we can visualize, simultaneously, théamed values of ARL
for the different charts with the percentage ofkdablarms that each chart
presents.

The EWMA chart exhibits, as expected, a good peréoce for the
different values of the perturbation on the meaoweler, it should be noted
that unlike the EWMA chart, the MA chart only usesmall subset of all the
observations. It can be observed that, for differeambinations of the
perturbation on the mean and of the value, dfie MA chart also displays good
performance, particularly with respect to the nurndfdalse alarms.
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Figure 2. ARL and Percentage of False Alarns1(00)

Moreover, in the MA chart it is possible to verthyat the lower is the value
of r, the more quickly large perturbations on the meam detected, while,
conversely, small perturbations on the mean aredmected with large values
of r.

Thus the reported results (please refer to theiguevtables and figures)
show that there is no single chart that presergsbst performance for all
values of the perturbation on the mean.

Therefore, depending on the value of the pertushathat one wishes to
detect more rapidly, the MA chart may provide restiat are superior to the

other charts, as shown in Table 4.

Table 4. ARL with different control limits for the MA chaft=100).

Shewhart EWMA  MA (modified)
5] or or r=5 r=11
Q EWMAQ k=29 k=27
0.00 364.3 3679 376.7 349.3
0.25 288.2 1405 166.8 111.3

0.50 153.5 39.9 51.9 31.6
1.00 45.4 9.8 11.8 9.6
1.50 14.3 51 53 6.4
2.00 6.2 3.4 3.8 4.8

3.00 1.9 2.2 2.6 3.4
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4. Results — Application of the studied control chartgo two
respiratory patients

Chronic respiratory diseases can cause Respiratsufficiency (RI), which is
defined as an incapacity of the respiratory systemmaintain gaseous
exchanges at adequate levels. This incapacitytsesula deficient peripheral
transport of oxygen (£ and/or deficient elimination of carbon dioxideG4J.
Setting exact limits for the levels of the oxygerdaarbon monoxide arterial
partial pressureP@0O, andPaCO,, respectively) constitutes the main difficulty
in RI diagnostics. Excess weight can also be afadfecting the well-being of
chronic respiratory patients, due to possible oiosing of air flow, and, for this
reason, doctors monitor patients’ Body Mass Ind&¥l().

In this study, we first investigated the existemméeautocorrelation in the
data, which has not been verified. This may refsath the long time intervals
between consultations, which did not take place jimecise periodic fashion.

After testing each variable for normality, and liegrin mind the previous
considerations, we applied the Shewhart, EWMA andifred MA (withr = 5)
charts to control of the variables under study (RP&#2aCQ and BMI) in two
chronic respiratory patients, as shown below.

Pt Pt S

a) Shewhart chart b) EWMA chart ¢) MA chartthwi=5
Figure 3. Control charts for Pa{of Patient A
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a) Shewhart chart
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b) EWMA chart
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c) MA chartthwi=5

Figure 4. Control charts for PaCf Patient A

a) Shewhart chart

rrrrrr

b) EWMA chart

¢) MA charithw=5

Figure 5. Control charts for BMI of Patient A

a) Shewhart chart

b) EWMA chart

¢) MA charithw=5

Figure 6. Control charts for Pagbf Patient B
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a) Shewhart chart b) EWMA chart ¢) MA charithw=5
Figure 7. Control charts for PaC{bf Patient B
A A AN I NAN
J \_/\/J ML Y Y 4
a) Shewhart chart b) EWMA chart ¢) MA charithw=5

Figure 8. Control charts for BMI of Patient B

As can be seen, for both patients, the EWMA and (Mi#&h r = 5) charts
present similar results, having simultaneously etk out-of-control situations
not identified by the Shewhart chart.

5. Conclusions

The results obtained, similar to those found ineotlvorks, as for example in
Montgomery (1991), Quesenberry (1997), Lucas arati8xi (1990) e Eljach
et al. (2006), show a good performance by the EWdArt in the detection of
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small perturbations of the mean, with the Shewltdwart having the best
performance for large perturbations of the mean.

From the results of this work, attention can benréo the performance of
the MA modified chart (usually given no importange the specialized
literature), which exhibits very close values togé of the EWMA chart. It
should be mentioned that it is simpler to implentban the EWMA chart, less
prone to autocorrelation and much more robust wegpect to false alarms.
Depending on the values ofthis chart presents values of AR&uperior to the
remaining control charts under study and exhilitselr or similar values for
ARL.. Therefore, the choice af depends on the value of the perturbation
which one wishes to detect more rapidly, and incibretext of small series, as is
the case with some medical data, the MA chart ptesgdvantages due to its
ease of use and robust results.

This work highlights the fact that control charteanc make a great
contribution to medical decision-making, since thgsaphs, as exemplified in
the two patients reported, signaled an improvenienthe clinical state of
patient B, whereas for patient A they showed adany for deterioration of the
clinical state.

However, it should be stated that regardless ostiperior performance of
the EWMA and MA charts in the detection of smalktpebations, medical
doctors find the Shewhart chart easier to readrtadoret.

In future work, we will concentrate on the use afltivariate charts in the
control of patients and, consequently, on the imgneent or worsening of the
clinical status of patients.
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