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This study aims to develop a risk-adjusted Exponentially Weighted Moving
Average (EWMA) control chart for computer-based performance monitoring
in cardiac surgery. Patients have distinct risk factors that impact the surgical
process before it even begins. As a result, risk adjustment is carried out
utilizing the Accelerated Failure Time (AFT) model to consider these factors.
Before using the risk-adjusted EWMA chart, the optimal parameter design
should be established, considering the required statistical and economic

factors. A model for Multi-Objective Decision Making (MODM) with multiple
assignable causes has been proposed to accomplish this. The model is solved
using a two-stage methodology based on the Multi-Objective Particle Swarm
Optimization (MOPSO) method and the Vlekriterijumsko KOmpromisno
Rangiranje (VIKOR) method. An actual case study for cardiovascular patients
has been undertaken to demonstrate the performance and effectiveness of the
suggested model. The multi-objective and pure economic models have been
thoroughly compared. The economic model with statistical constraints and
the multi-objective model have also been compared again. The findings
suggest that the multi-objective design of the risk-adjusted EWMA chart
exhibits higher statistical performance in both cases against a small augment
in cost.

average; Risk-adjustment; Accelerated
failure time; Multi-objective particle swarm
optimization; PSO; Vlekriterijumsko
KOmpromisno Rangiranje; VIKOR.

1. Introduction

Monitoring health systems has become an essential part of modern health care, which improves
the quality of surgical and other medical services and leads to the proper decision-making in a
healthcare system. Control charts are the foremost practical monitoring tools in healthcare, which
are used to detect shifts in process parameters [1]. However, one of their best types is the EWMA
control chart, which performs better for statistical monitoring and detecting small shifts in
healthcare. When this chart is used for process monitoring, four parameters must be determined:
sample size, sampling interval, control limit, and parameter designed to detect a specific shift in the
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chart optimally. Choosing a set of these parameters is called control chart design [2]. Control chart
design has many economic and statistical aspects. To monitor the mean of a process with a single
assignable cause, Duncan [3] established the first economic design. The design parameters were
chosen such that the estimated cost of each product was kept to a minimum. His cost model included
sampling costs, expenses related to out-of-control alarms, expenses of detecting and correcting
assignable causes, and expenses of receiving a defective product from the customer. After that, other
researchers carried out influential studies, and until today, many articles have been published about
the economic design of control charts. Another famous model for economic design was proposed by
Lorenzen and Vance [4], which is more flexible than Duncan's model. In this model, the process can
stop or continue its work while searching to discover and correct the assignable cause. In the
following, Serel [5] worked on the economic design of EWMA control charts based on Taguchi's loss
function. Lu and Huang [6] investigated the statistically constrained economic design of maximum
double EWMA control charts based on loss functions. Xue et al. [7] proposed an economical design
for a residuals EWMA control chart incorporating variable sampling intervals and sample sizes.

However, the economic design of control charts may lead to poor statistical properties, making
managers' decisions to use control charts doubtful. Statistical properties include the probability of
type | and Il errors or the in-control and out-of-control Average Run Length (ARL) [8]. Saniga [9]
introduced the Economic-Statistical Design (ESD) by adding type | and type Il errors as constraints to
Duncan's economic model to improve the statistical properties of a control chart designed with
economic models. The ESD helps to achieve the desired economic and statistical properties
simultaneously. After that, many works were done in this field. Niaki et al. [10] compared the ESD
and economical design of EWMA control charts and introduced a particle swarm optimization
method to solve it. Amiri et al. [11] created an EWMA control chart with a scenario-based robust
economic and ESD to consider economic and statistical criteria and uncertainty. Katebi and
Pourtaheri [12] examined the ESD of the Poisson EWMA control charts for nonconformity monitoring.
Lee et al. [13] scrutinized the ESD of the variable sampling interval Poisson EWMA chart.

Monitoring hospital outputs and clinical processes has become essential for health systems.
Patients in these systems form a heterogeneous community due to having different preoperative
characteristics such as age, gender, diabetes, blood pressure, etc. Therefore, the probability of death
of each patient after surgery depends not only on the surgeon's skill but also on the preoperative
characteristics of each patient. Therefore, monitoring and evaluation of surgical performance should
be adjusted based on these characteristics. This process is called risk adjustment [14]. It is important
that it is only possible to diagnose the appropriateness or inappropriateness of surgical quality by
considering risk adjustment. If risk adjustment is not considered, control charts lose their efficiency
as a quality improvement tool. Sego et al. [15] presented a procedure to control censored surgery
data using a novel risk-adjusted control chart. Mohammadian et al. [16] suggested phase | risk-
adjusted geometric control charts to monitor healthcare systems. A risk-adjusted-based monitoring
procedure has been addressed by Begun et al. [17] to detect shifts in the revision rates of hip
replacement. Kim et al. [18] utilized a risk-adjusted control chart to monitor the surgical outcomes
and set the training plan for laparoscopic pancreaticoduodenectomy. Yeganeh et al. [19] applied a
risk-adjusted method to monitor patients’ mortality rates based on an evolutionary artificial neural
network.

To the best of our knowledge and based on the careful literature review, the design of risk-
adjusted charts to control patients' treatment process and recovery has not been conducted. The
present study intends to develop a multi-objective ESD model for risk-adjusted EWMA control charts.
There are different methods to solve the proposed model, among which the MOPSO and the VIKOR
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are the two most potent optimization methods. MOPSO is an advantageous evolutionary algorithm
to achieve optimal solutions from the multi-objective model [20]. Therefore, this algorithm is utilized
to find non-dominated solutions for the suggested model. Then, VIKOR is applied to classify the
prioritization of the non-dominated solution [21]. VIKOR has been extensively used to solve multi-
criteria problems in management and economy areas, including assessing the challenges to
renewable energy technologies [22] and the performance assessment of circular economy [23]. Thus,
by defining appropriate alternatives, VIKOR can also be utilized in multi-objective economic-
statistical design. Therefore, this paper aims to assess and reach the optimal parameters in the multi-
objective design of the risk-adjusted EWMA control chart in the treatment process and recovery of
patients with both statistical and economic considerations using MOPSO and VIKOR methods.

The paper is structured in the manner described below. The overview of the risk-adjusted EWMA
control chart is covered in Section 2. Section 3 of the risk-adjusted EWMA discusses the risk-adjusted
EWMA's economic design. The MOESD paradigm is further explained in Section 4. Section 5 describes
the MOPSO and VIKOR algorithms that are used to solve the model. Section 6 shows a factual
example involving cardiovascular patients to illustrate how the proposed approach should be used.
The comparisons of the proposed and existing models are covered in Section 7. Section 8 offers
concluding remarks and a conclusion.

2. The Overview of the Risk-adjusted EWMA Scheme

The Surgical and recovery process of cardiovascular patients is considered when it is planned to
monitor the mortality rate. In healthcare systems, patients have distinct and unrivaled health
backgrounds, evaluated commonly by risk factor scores. The risk factor score is a well-known method
for determining the probability of patient death from a specific treatment process [24]. According to
the definition of this score, it is clear that the performance of a patient's surgical process depends on
these preoperative risks. Hence, the control chart must be risk-adjusted to have a capable monitoring
procedure. The risk-adjusted monitoring scheme is a significant issue in the healthcare system that
has received much attention. To quickly identify shifts in the mortality rate, a monitoring approach
based on patient survival time adjusted for the impact of risk factors is required.

Additionally, the duration of survival is a variable with a predictable character. Two critical
characteristics of reliability make the monitoring of such data complicated. The first is that reliability
data frequently adhere to location-scale and log-location-scale specific parametric distributions. The
second problem is that capturing precise reliability data values is only sometimes possible for time
and financial reasons. This issue forces one to consider the censoring mechanism as a different factor
when working with reliable data. To tackle the problem of heterogeneity among patients, a
regression model is required, which includes the use of covariates. The AFT model, a subset of
survival analysis regression models, has been applied [25]. Therefore, it is interesting that censored
survival times monitoring requires specific techniques. A vector of distribution parameters based on
the AFT model will be depicted as A; = (f, xi), where fsignifies a vector of regression coefficients and
x; denotes risk factors for the patient i (a vector of covariates).

As previously indicated, the AFT regression model may simulate survival times using the
parametric distributions from location-scale and log-location-scale families. The log-logistic
distribution is among the most valuable and practical distributions among them. If the random
variable of survival time is considered to follow a log-logistic distribution, the density function and
survival function are expressed by:
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in which, & > 0 is the scale parameter and Y > 0 is the shape parameter [15]. Based on what has
been discussed for the AFT model, the scale parameter of the log-logistic distribution will be related
to the unique risk factor (covariate). Doing so, the survival function is formed as follows:

B P S I PP 2 ?
S(y|X) |:1+(6Xp(,80 +131X)) :| |:1+(‘98Xp(ﬁlxi)) :|

in which /% and S represent regression model parameters. It is clear from the above equations
that the scale parameter and the shape parameter are both included in the AFT model for the log-
logistic distribution. It is noteworthy that the log-logistic distribution represents the mean survival
time. As a result, a shift in the average survival time has the same meaning as a shift in the scale
parameter, which is the shift for which the EWMA control chart was meant to work optimally. The
risk-adjusted EWMA chart must be created and used when the AFT model has been properly
constructed to consider preoperative risks about survival time.

A new patient score has been proposed in this study to provide a more accurate and easy-to-
understand assessment of surgical outcome quality. This score called the area score, calculates the
area under a patient's expected mortality distribution between zero and their actual survival time,
taking into account both the observed and expected outcomes based on continuous measurement.
This new score provides a more detailed and precise description of surgical outcome quality without
adding complexity to its implementation or understanding. The area scores can then be used as
control statistics in control charts for monitoring the surgical outcome quality in a risk-adjusted
manner. The area score for each patient i who has surgery is given as si, and y; is the value
corresponding to the measured survival time. The anticipated result is determined by subtracting the
expected mortality from 1. The equation is used to determine the likelihood that a patient will survive
by utilizing the log-logistic survival function (Eq. (2)). The area score is defined as

-1

t; Y
fl1- 1+(t—iJ dt, if 0<y <c
Jexp(B.x)

. j (L-S;(t)dt _ a)

0-(1-S;(1)) 0-|1- 1+(t—‘j , Ootherwise
gexp(B,x;)
in which
t. = min(y,,c) (4)

Where c represents hew long after surgery is right-censored [26], this work is planned to discover
diminishing shifts in the mean survival periods according to the sensitive essence of healthcare
systems and the high and irreversible cost of errors in patients' lives. We converted the area scores
as follows for this purpose:
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An effective patient survival time monitoring system combines the area score and the EWMA
control chart. The statistic of this risk-adjusted EWMA chart (C) is as a result:
C,=As;+(1-A)C_,, 0<A<], (6)

The smoothing parameter A is a number between zero and one. The starting value C, equals to

i-17

the mean of patient scores from the in-control process. Liu et al. [27] demonstrated that a small A
(A = 0.005) can be good at discovering a slight shift. Since an EWMA control chart for detecting
decreasing shifts is presented, it is only necessary to consider a lower control limit (LCL).
Consequently, the EWMA chart sets off an alarm that is out of control as soon as C, < LCL. Therefore,

more investigation is required to identify the underlying causes, and remedial actions must be
implemented to ensure a recovery.

3. The Economic Aspect on Healthcare Monitoring

The design parameters of the risk-adjusted EWMA control chart must be chosen to keep the cost
of implementing the monitoring scheme to a minimum to consider the economic element of this
chart. The risk-adjusted EWMA control chart's design parameters are:

e The sample size (n),

o Sampling interval (h),

e Lower control limit (LCL), and

« Defined coefficient for the best identification of a particular shift (v).

To economically design the risk-adjusted EWMA chart, this study uses Lorenzen and Vance's [4]
cost function with the property of numerous assignable causes. The period until the /! assignable
cause occurs is assumed to follow an exponential distribution, and the process starts under controlled
conditions. Hospital costs and sample costs related to out-of-control patient treatments and
expenses about assignable cause diagnosis and corrective action make up the total anticipated cost
in a cycle for healthcare monitoring. Additionally, a cycle's expected length consists of three distinct
components:

1. The anticipated time until an assignable cause occurs,

2. The time until an out-of-control signal is seen, and

3. Thetime it takes to identify the underlying cause and make the necessary changes to the process.
So, for the envisaged length of a cycle, given by:

Exp, =L +[Z;Ai.[(h.(ARLl),-)—rj]}+[Zj=lﬁj.(r|J.+ch)} .

Zsjzlﬂ'j zs,-:l’?“j Zsjzlﬂ”j

where 4; denotes the rate of occurrence of the ji assignable cause per hour, s indicates the
number of assignable causes, and 7 is the expected time of occurrence of the ji assignable cause
between the ut" and u+1% samples which is obtained as

1-(1+4,.h)e™"
~2;.h
A, (1—e 77)

(8)
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Moreover, Tl; and TG are the expected times to identify and repair the ji assignable cause,
respectively. Subsequently, the total expected cost of a cycle is equal to:

1 [ XA ARL) ) =51] 340y T s, TC) |

S + S + S
CE Zjﬂ/lj Zj:l/lj Zj:l/lj
| h (9)
| >, 4CO,(ARLY), | +[ A€l +CC )|
Zj:lﬂj Zj:l/lj

where CE represents the expenses associated with sampling for each patient; CO; is the hospital's
cost related to out-of-control treatment for each patient due to the j assignable cause, Clj and CG
are the costs to identify and fix the j" assignable cause, respectively. Besides, 7, = 1 if the process
continues during the identification, and j; = O otherwise. j»; = 1 if the process continues during
repairing time and j,; = 0 otherwise. Generally, the expected cost of the process expressed in unit
time can be calculated as Expa = Expc / Expr. Subsequently, a multi-objective problem is presented in
the next section to overcome the weak statistical characteristics of the economic design.

Exp; =

+

4. Economic and Statistical Design of risk-adjusted EWMA Monitoring Scheme

Multi-objective decision-making (MODM) intends to reach solutions in scenarios with several
objectives that must be optimized simultaneously. MODM consists of constraints and inconsistent
objectives related to mathematical programming procedures to solve problems [28]. As was already
established, the main issue with the control charts' economic design is the need for the appropriate
statistical characteristics. It should be emphasized that the probability of types | and Il errors, the
ARLo and ARL;, or the average time to signal when the process is under control (ATSo = h.ARLo) and
average time to signal when the process is out of control (ATS:1 = h.ARL1) are statistical features. As a
result, the ESD is created, and certain statistical restrictions need to be added to the pure economic
model to achieve the desired statistical features. The statistical properties are improved compared
to the pure economic design technique, although the predicted cost is slightly higher. As a result, the
ESD model helps to increase the control chart's performance for identifying shifts.

Herein, the ESD model of the risk-adjusted EWMA chart is constructed to consider both the
economic and statistical properties. The optimal design parameters in the proposed MODM model
are selected to maximize the ATSo and 1/ATS: and minimize the Expa cost function. Therefore, the
proposed MODM design model for the risk-adjusted EWMA chart is formed as follows:

Min  Exp,(D)

Max ATS,(D)

(- L

ATS,(D) > AATS; (D) (10)
st.
ATS,(D)>ATS,

ATS, (D) <ATS!
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where a probable combination of design parameters is denoted by D = (n, h, LCL, v). In addition,
ATS1V and ATSo' refer to the upper and lower bound of out-of-control and in-control average time to
signals, respectively. Hence, it is apparent that the MODM problem tries to optimize a set of
conflicting objectives. The solution approach built on the combination of MOPSO and VIKOR for
optimizing the multi-objective problem provided in Eq. (10) is described in more detail in the next
section.

5. The Two-stage Solution Methodology

Several methods can be suggested to work out the given MOESD model. However, Pareto
solutions are produced when numerous objectives are optimized concurrently. MOPSO, one of the
most well-liked multi-objective evolution algorithms for resolving several issues, may be effectively
applied to choose the optimal Pareto set. MOPSO has been used in some research on the control
chart design to produce the ideal Pareto set, including the one presented by Tavana et al. [29].
Similarly, MOPSO is used in this study to solve the model shown in Eqg. (10). However, applying this
technique presents a difficulty since it frequently offers several options, and it might be challenging
to select the most crucial solution from the optimal Pareto set. The VIKOR ranking and prioritizing
tool for Pareto solutions is presented as a solution to this problem. To find the optimal solutions of
the MODM model of the risk-adjusted EWMA control chart, a two-step solution approach based on
MOPSO and VIKOR is proposed in this paper. To that aim, before presenting the VIKOR approaches,
a quick introduction to MOPSO is given. It should be highlighted that the MATLAB (version R2016a)
environment was used to assist the computations connected to the solution approach.

5.1 MOPSO

These algorithms aim to study a feasible area in search of non-dominated answers quickly. The
effectiveness of four meta-heuristic algorithms when used to the ESD of charts was compared by
Niaki et al. [10], who concluded that PSO is the most effective method for resolving their issue. As a
result, the suggested MOESD model is solved using a MOPSQO. The MOPSO algorithm is recommended
when the PSO technique resolves the multi-objective optimization issue. The multi-objective
optimization issue is complicated and contradictory and is currently under investigation. Fast
convergence, outstanding robustness, and high dependability of MOPSO make it easier to find the
local optimal value in multi-objective optimization problems [20]. The steps of the MOPSO algorithm
are summarized as follows:
1. Specify the required parameters for MOPSO.
Randomly initialize population positions as the initial population.
Evaluate the fitness values for every position.
Identify non-dominated solutions and delete all dominated solutions simultaneously.
Update pbest and gbest for each particle, where pbest represents a particle's best location and
gbest represents the position of all the particles together.
6. Calculate the velocity vector for each particle according to Eq. (11):

V. (t+1)=wcV, (t)+coe,.r,[pbest, (t)—x, (t)]+coe,.r,[gbest (t)-x, (t)] (11)

vk wnN

where xi(t) depicts the position of the it particle in the t" iteration, wc is the weighting
coefficient, coe; and coe; are the acceleration coefficients, and r1 and r» are random variables
ranging from 0 to 1.

7. Move the particles to the new positions according to the Eq. (12):
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Xt+D)=x(t)+V (t +2) (12)

8. Continue from step 3 until the termination requirement is met.
The risk-adjusted EWMA control chart's parameters in this study serve as the model's decision
variables.

5.2 VIKOR

The VIKOR technique was developed to optimize complex problems using several criteria. The
compromise ranking roster, compromise solution, and weight stability intervals for preference
stability of the compromise solution created using the original weights are all included in this section.
This approach concentrates on ranking and choosing from a list of possibilities when there are
conflicting criteria. It recommends employing a multi-criteria ranking index built around a specific
norm for an answer's "closeness" to the "ideal" response. The steps of the VIKOR method are
summarized as follows [30]:
1. Establish the decision matrix,

After concluding the design alternatives and criteria, the decision matrix having an order of MxN

is represented as:

X1 X1, XN W
X X cee X
21 22 2N
DMxN = : : : (13)
[ X1 Xm 2 XMNJ

A decision matrix element x; (i=1, 2, ..., Mandj=1, 2, ..., N) represents the actual measured
value of the " alternative in terms of the i" criteria when there are M choices and N criteria.

2. Specify the ideal and negative ideal solutions,
In ranking process, the ideal solution (xj)max and the negative ideal solution (xjj)min are computed
via Eq. (14) and Eq. (15):

(X Jmax = Max[x;,1=12,..,M]
_ . : if jisbenefitcriteria (14)
(X Jmin = MiN[X;,1=1,2,..,. M
(X )max =Minx;,1=12,..,M]
) , if jisnotbenefitcriteria (15)
(X ) min = Max[x;,1=12,..,M]

3. Calculate the utility measure and the regret measure,

Eqg. (16) to Eq. (17) may be used to represent the utility measure ut;and regret measure re; values
for each non-dominated solution:

ut. = x Weightj[(x ij)max_xij]' (16)
I j=1 [(Xij)max_(xij)min]

(17)

Welght [(X ij )max —X ij ]
re, = max” of b =y

[(X ij )max - (X ij )min]
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where the weight;is the weight of the ji criteria. The weights are usually specified by the decision
maker.

4. Calculate the VIKOR index,
The VIKOR index Q; is calculated using Eq. (18):

Q, =§R:L;Ut‘}+(1—§)[@] ut” =max[ut,,i =1,2,..,M ],

c_ut” re" —re’ (18)

ut, =minfut,,i =1,2,..,M1], re/ =max[re,,i =1,2,..,M], re; =min[re,,i =1,2,...M ]

where, & € [0, 1] is a weight for the maximum value of utility and (1-¢) € [0, 1] is a weight of the
individual regret. The value of &is usually taken as 0.5.

5. Rankthe order of preference,

6. The best alternative option is the one with the smallest VIKOR index. The ranking is then
maintained by the VIKOR index's ascending order.

7. Validate the ranking results based on the measure Q;,
To do so, the following two conditions need to be satisfied:
Condition 1) Acceptable stability in decision-making: Alternative A® must also be ranked best by
ut or/and re. Al is the alternative with the first position in the ranking list by Q.
Condition 2) Acceptable advantage:

QA -QANH 21/ (M -1) (19)

A? is the alternative with second position in the ranking list by Q and M is the number of
alternatives.

A series of compromise solutions is provided if one of the prerequisites is not met, and they
consist of:

e Alternative A! and A2 if condition 1 is not satisfied, or

e Alternative A%, A, ..., A" if condition 2 is not satisfied. A” specified by Eq. (20) for maximum n.

QA" -QAY) <1/ (M -1) (20)

6. The Study of Cardiovascular Patients in Government Hospital

This section explores the implementation of the risk-adjusted EWMA monitoring scheme at a
cardiovascular surgical center in the western region of Iran using its ESD (Imam Reza Hospital). The
surgical treatment known as a coronary artery bypass graft (CABG) was selected for this case study,
and information on 100 patients was collected throughout time. The dataset contains data on the
date of admission, the primary care physician, the treatment regimen, the duration of survival, and
the risk factor score. A weighted combination of each patient's preoperative risks makes up the risk
factor score, considered the single covariate influencing survival time in this treatment technique.
The preoperative risks for patients with cardiovascular conditions are listed in Table 1.
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Table 1

The risk factors of patients utilized to calculate the influential variable

Risk factors

Assigned weight

Female gender

Age: 70to75/76to79/80to..
Diabetes

Hypertension

Morbid obesity: Over 1.5 times ideal weight
Congestive failure

COPD

Ejection fraction: <30% /30 to 49%

Left-main disease

Preoperative Intra-aortic balloon pump
Reoperation

Cardiogenic shock

Endocarditis, active

Tricuspid

Transmural acute myocardial infraction
Ventricular septal defect, acute

Ventricular tachycardia, ventricular fibrillation, aborted sudden death
Asthma

Endotracheal tube, preoperative

Idiopathic thrombocytopenic purpura

Pulmonary hypertension: mean pressure > 30
Cirrhosis

Dialysis dependency

Renal failure, acute or chronic

Carotid disease

Peripheral vascular disease, severe

Blood products refused

Severe neurologic disorder

Percutaneous transluminal coronary angioplasty or catheterization
Substance abuse

6
25/7/11
3

3

1

6
2.5

8/6.5

2.5

4
10

12
6.5

12.5
13.5
35
2
35
11
5
5.5
4.5

The log-logistic AFT model, as previously indicated, modifies the preoperative risks on patients'
survival periods. The patients' survival rates were suppressed on the fourteenth day due to the laws
and restrictions of Iran's Ministry of Health and Medical Education. The 14th day was chosen since it
is the standard benchmark for clinical performance for cardiovascular patients at the government
hospital, and patients typically have stable symptoms by then. Table 2 provides the computed risk

factor scores and the patient survival rates.
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Table 2
The survival times and risk factor scores for cardiovascular patients
Patient No. Risk factors score Survival time Patient No. Risk factors score Survival time
303569 22 14 304084 27 14
303597 16.5 14 304087 16.5 14
303599 52.5 3 304096 19.5 14
303600 14 14 304098 21 14
303605 14.5 14 304120 10 14
303609 11 14 304136 19 14
303620 20 14 304244 47 8
303624 335 14 304254 22 14
303626 17.5 14 304264 19 14
303634 16 14 304270 36 14
303645 11.5 14 304279 43.5 5
303652 11 14 304280 24 14
303670 16 14 304288 13.5 14
303672 10 14 304293 21 14
303673 27 14 304305 13 14
303687 32 14 304321 26 14
303711 29 14 304334 14 14
303732 16 14 304337 16.5 14
303754 23.5 14 304342 12.5 14
303755 115 14 304344 15 14
303905 11 14 304350 31 14
303908 7 14 304355 21.5 14
303927 10 14 304367 9 14
303932 18.5 14 304380 15 14
303936 39 11 304385 26 14
303938 11.5 14 304386 16 14
303942 23 14 304415 8 14
303953 24 14 304419 7 14
303959 19 14 304437 10 14
303962 22.5 14 304456 30.5 14
303964 25 14 304459 9 14
303969 20 14 304462 11 14
303972 11 14 304470 9 14
303995 29.5 14 304474 10.5 14
304001 37 14 304482 15 14
304008 10 14 304502 61 2
304020 28 14 304513 24.5 14
304024 26 14 304518 19 14
304028 21 14 304520 11.5 14
304040 14 14 304536 25 14
304041 10.5 14 304538 16 14
304065 38.5 14 304566 15.5 14
304071 43 6 304581 25 14
304072 20.5 14 304586 25 14
304073 13 14 304587 18.5 14
304077 37 14 304591 19 14
304078 13 14 304593 57 4
304081 28 14 304595 11 14
304082 34 14 304596 14 14
304083 27 14 304599 18 14
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Initially, the information gathered from 100 patients was considered to create the proper
distribution and calculate the parameter values. The findings indicated that a Gamma distribution
with scale and shape parameters of 4.590 and 4.545 was present in the data corresponding to the
risk factor score. The log-logistic AFT model's in-control parameters were then estimated via
maximum likelihood estimation (¢ = 8.0021, Y = 0.2400 and £ = 0.0194). So, the survival function
and the area score of the risk-adjusted EWMA are computed using Eq. (2) and Eq. (5).

Furthermore, the design parameters must be established to generate the risk-adjusted EWMA
chart throughout the surgical process. This suggests that the risk-adjusted EWMA must have the
optimal coefficient of descending shift following the proper lower limit to fulfill both the economic
and statistical characteristics throughout the surgical procedure and post-operative recovery of
cardiovascular patients. As mentioned earlier, the critical problem of surveillance patients in
healthcare systems makes the value of n constant and equal to 1.

In addition, due to hospital rules and policies, a patient's case can be reviewed every 12 hours.
Thus, the h value is also constant (h = 12). However, v ranges from 0.01 to 0.2, and LCL ranges from
-0.75 to -0.01. Consequently, the described MODM model is applied to choose the combination of
parameters (LCL, v) to reach the desired objectives of maximum statistical properties and the
minimum expected cost. In the surgical and recovery process of cardiovascular patients, it was
observed that two assignable causes that are medication errors and ventilator failure, happen with
the rates of A1 = 0.025h and A, = 0.005h. When medication errors are the assignable cause, the
patient's chance of survival decreases by around 90%, whereas the chance of survival decreases by
about 95% when ventilator failure is the assignable cause.

Concerning filling out the risk factor questionnaire, conducting tests, and taking other steps to
get risk factor score records, each patient's sample expenses amount to 2,000,000 Rials. 53,373,000
Rials are the expenditures incurred by the hospital in the out-of-control conditions brought on by
medication errors. These costs cover check-ups, consultant, treatment, anesthesia, consumables,
consumable medications, nursing services, ICU beds, and public beds. Similarly, the hospital was
required to pay for check-ups, consultations, and consumable drugs, totaling about 2,393,000 Rials,
due to the out-of-control conditions brought on by the assignable cause of the ventilator failure. The
expenditures incurred by the hospital for the two assignable causes are shown in Table 3.

Table 3
The descriptions of the costs in the out-of-control situations corresponding to the incidence of the two
assignable causes

Action The assignable cause related to The assignable cause related to Cost
medication errors ventilator failure (in Rial)
Check-ups * * 1,705,000
Consultant * * 208,000
Anesthesia * 684,000
Publi f 14
m“gmz beds  for * 20,240,000
Consumable " 5 900000
products e
Treatment * 5,720,000
Consumable drugs * * 1,110,000
ICU bed for 2 nights * 15,244,000
Nursing services * 3,236,000

* symbol indicates that if an assignable cause occurs, the cost of action will be imposed on the hospital.

In addition, it takes five hours to identify the assignable cause of medication errors and the time
required to convene a committee and look into the issue. Additionally, taking corrective action for
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medication errors takes 2.5 hours on average. Similarly, it takes an expert in medical equipment
around 4 hours to identify the reason for a ventilator failure and an average of 80 hours for a
ventilator to be mended or replaced. About 20,000,000 Rials will be spent searching for the
medication error-related assignable cause, while 16,000,000 Rials will be used to rectify medication
errors. Researching ventilator failure to find the problems typically costs 14,500,000 Rials, and
15,000,000 Rials are being considered for ventilator repair or replacement. Table 4 lists the input
parameters concerning the assignable causes that have been explored.

Table 4
Input parameters values
The assignable cause Tl;(Hours) TC;(Hours) CO;j (Rials) Cl; (Rials) CG; (Rials) i Y2
medication errors 5 2.5 53,373,000 20,000,000 16,000,000 1 1
Ventilator failure 4 80 2,393,000 14,500,000 15,000,000 1 0

The values of the statistical criterion were then obtained through intensive simulation studies.
The number of repetitions was 10,000 to reduce inaccuracy in the simulation research. For a unique
alternative, the ARLp values are calculated without any shift. However, the ARL; values are computed
when the mean survival time decreases because of the incidence of the assignable cause linked to
medication errors or ventilator failure, respectively. Figure 1 depicts the algorithm for computing the
ARLo and ARL; of the risk-adjusted EWMA chart.

In the algorithm presented in Figure 1, first, a new value is defined for LCL and v, and where the
run length is equal to 0, the first iteration is started, and the statistics of the EWMA chart are adjusted
for the initial values. Then, under in-control conditions, a patient is entered into the process, for
which the value of risk factors and survival time are measured, and the statistics of the EWMA chart
are updated. According to the patient's entry, the value of one must be added to the run length;
otherwise, another patient must be entered into the process until the value of one is added to the
run length. In this situation, the first iteration ends. This process is executed for 10,000 iterations,
and the average length of the obtained sequences shows the value of ARLy. To determine the value
of ARL;, it is treated similarly to the above steps, with the difference that patients in out-of-control
conditions must be entered into the process.

Subsequently, to avoid having a signal when the process is in-control, and to receive a quick alarm
when the process is out-of-control, the two statistical constraints were considered: ATSo(D) > 240,
and ATSy(D) < 60.

Therefore, the estimated time cost of using the suggested risk-adjusted EWMA chart in the
healthcare above system could be determined. Because of the properties of the suggested MODM
model and the successful operation of MOPSO, the set of non-dominated solutions was initially
identified utilizing the stated technique. In other words, the MOPSO implementation with 500
replications, n-pop of size 100, coe1 = 2 and coe; = 2, number of grids = 30, and wc = 0.5 were used
to determine the optimal Pareto solutions. Forty solutions were chosen as non-dominated ones using
the MOPSO. Table 5 and Figure 2 present the findings.
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Assign a new value to LCL and a new value to v, Iteration = 0

v

Run length = 0, Iteration = Iteration + 1, Set the EWMA
statistic to its initial value

v

v

Generate x and y using
the in-control parameters

Generate x and y using
the out-of-control

No

v

v

Update the area score and statistic of EWMA using Eq. (5) and

Eq. (6)

v

Run length = Run length +1

statistic < LCL

Updated

No

Record the obtained Run length

v

v

ARLo = Average of the
recorded Run length

ARL: = Average of the
recorded Run length

Iteration = 10000

No

Fig. 1. The algorithm for computing the LCL, ARL; and ARL,
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Table 5

Non-dominated solutions from the proposed multi-objective design model

Design parameters

Objective function

LCL 2] Expa ATSo ATS:1
-0.41 0.01 3,683,789.50 1610.33 55.33
-0.42 0.01 3,714,927.32 1618.66 56.27
-0.47 0.01 3,718,993.87 1621.32 56.39
-0.60 0.01 3,738,711.27 1690.97 57.00
-0.62 0.01 3,738,240.20 1649.12 56.98
-0.89 0.01 3,795,005.43 1732.98 58.73
-1.07 0.01 3,798,251.89 1801.42 58.83
-0.26 0.02 3,305,949.88 1019.68 44.49
-0.43 0.02 3,331,907.86 1061.62 45.20
-0.66 0.02 3,309,812.76 1056.76 44.59
-0.70 0.02 3,344,844.94 1097.52 45.56
-0.79 0.02 3,339,840.66 1091.02 45.42
-0.84 0.02 3,380,904.69 1146.94 46.56
-0.90 0.02 3,364,582.39 1125.86 46.10
-1.01 0.02 3,396,215.20 1175.41 46.98
-1.19 0.02 3,397,717.22 1188.54 47.02
-1.27 0.02 3,417,319.33 1192.80 47.57
-1.33 0.02 3,433,551.31 1259.51 48.03
-1.35 0.02 3,430,020.96 1245.59 47.93
-1.37 0.02 3,421,543.59 1231.69 47.69
-1.43 0.02 3,451,874.68 1273.48 48.55
-0.46 0.03 3,206,022.32 854.44 41.79
-1.02 0.03 3,245,188.42 928.97 42.84
-1.17 0.03 3,265,870.84 972.19 43.40
-1.28 0.03 3,259,566.29 968.87 43.23
-1.33 0.03 3,288,123.15 1011.27 44.00
-1.34 0.03 3,271,412.37 998.80 43.55
-0.30 0.04 3,135,747.45 701.15 39.93
-0.66 0.04 3,142,981.22 714.80 40.12
-0.68 0.04 3,155,860.06 758.24 40.46
-0.74 0.04 3,167,788.80 759.63 40.78
-0.86 0.04 3,168,743.40 773.90 40.80
-1.35 0.04 3,212,052.11 874.31 41.95
-0.36 0.05 3,114,475.05 617.92 39.38
-0.55 0.05 3,114,889.62 664.59 39.39
-1.05 0.05 3,151,434.73 717.68 40.35
-1.44 0.05 3,178,866.37 821.75 41.07
-0.40 0.06 3,096,608.48 576.88 48.91

Design parameters Objective function

LCL [ Expa ATSo ATS1
-0.66 0.06 3,104,651.23 610.56 39.12
-0.64 0.07 3,103,219.50 578.84 39.09
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Fig. 2. Pareto front for F1 = ATS,, F2 = 1/ATS; and F3 = Expa

Figure 2 shows that in the space of two parameters, LCL from -0.75 to -0.01 and v from 0.01 to
0.2, there are only forty combinations of (LCL,v) whose solutions are better than those of other
combinations. As mentioned earlier, the solutions for each combination of parameters are ATSo,
1/ATS1, and Expa. In addition, drawing these forty solutions on the Pareto frontier shows that they
have no absolute superiority over each other and are identified as non-dominated solutions.

The VIKOR method was used to optimize the non-dominated (Pareto) solutions. Hence, the initial
decision matrix was formed based on the information in Table 5, in which the design parameters
were considered alternatives, and the three objective functions were considered evaluation criteria.
In this matrix, the two criteria of Expa and ATS1 were negative. Then, the criteria' ideal and negative
ideal values were determined from Table 5 using Eqg. (14) and Eq. (15) shown in Table 6.

Table 6

Values of ideal and negative ideal
Ideal and Negative Ideal Expa ATSo ATS1
Ideal 3,096,608.48 1801.42 38.92
Negative Ideal 3,798,251.89 576.88 58.83

In the next stages, the values of the ideal and the negative ideal of criteria were utilized for
calculating the utility measure (ut;), regret measure (re;), and the VIKOR index (Q2;) using Eq. (16), Eq.
(17), and Eq. (18). Table 7 is a list of the conclusions of these computations. In this study, the
importance of cost function and statistical properties were considered equal to 0.333 from the
healthcare experts' perspective. Also, the value of £ was considered to be 0.5.

357



Decision Making: Applications in Management and Engineering
Volume 7, Issue 1 (2024) 342-363

Table 7
Utility measure, regret measure and VIKOR index

Alternatives Criteria

(LCL, v) ut re Q
(-0.41, 0.01) 0.605 0.279 0.740
(-0.42,0.01) 0.633 0.293 0.821
(-0.47, 0.01) 0.637 0.295 0.831
(-0.60, 0.01) 0.637 0.305 0.858
(-0.62, 0.01) 0.648 0.305 0.873
(-0.89, 0.01) 0.681 0.331 0.996
(-1.07, 0.01) 0.666 0.333 0.978
(-0.26, 0.02) 0.405 0.213 0.274
(-0.43, 0.02) 0.418 0.201 0.259
(-0.66, 0.02) 0.399 0.203 0.236
(-0.70, 0.02) 0.420 0.191 0.235
(-0.79, 0.02) 0.417 0.193 0.236
(-0.84, 0.02) 0.441 0.178 0.226
(-0.90, 0.02) 0.431 0.184 0.229
(-1.01, 0.02) 0.447 0.170 0.214
(-1.19, 0.02) 0.445 0.167 0.201
(-1.27, 0.02) 0.462 0.166 0.222
(-1.33, 0.02) 0.460 0.160 0.202
(-1.35, 0.02) 0.460 0.158 0.198
(-1.37, 0.02) 0.456 0.155 0.183
(-1.43, 0.02) 0.473 0.169 0.246
(-0.46, 0.03) 0.358 0.258 0.333
(-1.02, 0.03) 0.373 0.237 0.298
(-1.17, 0.03) 0.381 0.226 0.276
(-1.28, 0.03) 0.376 0.226 0.271
(-1.33, 0.03) 0.391 0.215 0.260
(-1.34, 0.03) 0.379 0.218 0.252
(-0.30, 0.04) 0.335 0.299 0.418
(-0.66, 0.04) 0.338 0.295 0.411
(-0.68, 0.04) 0.338 0.284 0.378
(-0.74, 0.04) 0.348 0.283 0.392
(-0.86, 0.04) 0.345 0.279 0.377
(-1.35, 0.04) 0.358 0.252 0.318
(-0.36, 0.05) 0.338 0.322 0.486
(-0.55, 0.05) 0.326 0.309 0.433
(-1.05, 0.05) 0.345 0.295 0.419
(-1.44, 0.05) 0.342 0.266 0.335
(-0.40, 0.06) 0.333 0.333 0.510
(-0.66, 0.06) 0.331 0.324 0.482
(-0.64, 0.07) 0.339 0.332 0.516
weight 0.333 0.333 0.333

The alternative solution with the lower VIKOR index was identified as the optimal solution in the
VIKOR method's sixth stage. The ranking was then expanded following the increasing order of the
VIKOR index. The ranking of the design parameters based on Q;, ut;, and re; is presented in Table 8.
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Table 8
Ranking of the alternatives based on VIKOR index, utility measure, and regret measure

Alternatives Ranking

(LCL, v) ut re Q
(-0.41, 0.01) 34 34 23
(-0.42,0.01) 35 35 27
(-0.47,0.01) 36 36 29
(-0.60, 0.01) 37 37 33
(-0.62, 0.01) 38 38 32
(-0.89, 0.01) 40 40 37
(-1.07,0.01) 39 39 39
(-0.26, 0.02) 17 21 14
(-0.43,0.02) 14 23 12
(-0.66, 0.02) 10 20 13
(-0.70, 0.02) 9 24 10
(-0.79, 0.02) 11 22 11
(-0.84,0.02) 7 26 8
(-0.90, 0.02) 8 25 9
(-1.01, 0.02) 5 28 7
(-1.19, 0.02) 3 27 5
(-1.27,0.02) 6 32 4
(-1.33,0.02) 4 30 3
(-1.35,0.02) 2 31 2
(-1.37,0.02) 1 29 1
(-1.43,0.02) 12 33 6
(-0.46, 0.03) 21 13 21
(-1.02, 0.03) 19 15 19
(-1.17, 0.03) 18 18 17
(-1.28,0.03) 16 16 18
(-1.33,0.03) 15 19 15
(-1.34,0.03) 13 17 16
(-0.30, 0.04) 27 4 31
(-0.66, 0.04) 26 6 30
(-0.68, 0.04) 24 5 26
(-0.74, 0.04) 25 12 25
(-0.86, 0.04) 23 11 24
(-1.35,0.04) 20 14 20
(-0.36, 0.05) 31 7 35
(-0.55, 0.05) 29 1 34
(-1.05, 0.05) 28 10 28
(-1.44, 0.05) 22 9 22
(-0.40, 0.06) 32 3 40
(-0.66, 0.06) 30 2 36
(-0.64, 0.07) 33 8 38

Finally, in step 7 of the VIKOR method, the validation of the ranking results was examined. For
Condition 1, the solution (-1.37, 0.02) is the first design parameters according to Q2 index, and the
solution (-1.37, 0.02) is the first design parameters according to re measure. According to this result,
Condition 1 is valid. For Condition 2, there is a calculation depending on the difference of Q values
of the first position in the ranking list and the second position in the ranking list and the number of
alternatives. Thus, based on Eq. (19):
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Q(A")=0.183, Q(A%)=0.198, Q(A®)=0.201,
Q(A)=0.202, Q(A®)=0.214, M =40, and
0.198-0.183 < 0.026,
0.201-0.183<0.026,
0.202-0.183 < 0.026,
0.214-0.183>0.026.

According to this result, Condition 2 is also invalid. As a result, four solutions (-1.37, 0.02), (-1.35,
0.02), (-1.33, 0.02), and (-1.01, 0.02) are considered to be the optimal design parameters of the risk-
adjusted EWMA control chart in the surgical process and recovery of cardiovascular patients. Finally,
according to the preferences of the decision-makers of the study case, among the optimal solutions,
the solution with the lowest cost was selected, i.e., (LCL =-1.01, v = 0.02) with Expa = 3,396,215.20
Rials, ATSo = 1175.41 and ATS:1 = 46.98. As a result, the risk-adjusted EWMA created using the above
parameters combines the most favorable statistical and economic considerations.

7. Comparison of the Proposed Multiple-Objective Model with Single-Objective Model

This part compared the single-objective (economic) model and the proposed ESD model of the
risk-adjusted EWMA control chart. It should be emphasized that for performance evaluation, both
the pure and the proposed models with statistical aspects are investigated. The ideal parameters for
three competing models are shown in Table 9. The ATSo has improved by roughly 51% compared to
the pure economic model, but the ATS; has seen no significant improvement. In contrast, the Expa
has increased up to 8%. This demonstrates that the statistical performance of the risk-adjusted
EWMA control chart might be greatly enhanced by applying the ESD approach, with just a slight
increase in cost. Interestingly, the single objective economic model with statistical properties cannot
compete with the suggested MODM design model.

Table 9

A comparison of multi-objective and single-objective design model
Design (LCL, v) ATSo ATS1 Expa (Rials)
Multi-objective model (-1.01, 0.02) 1175.41 46.98 3,396,215.20
Pure economic model (-0.40, 0.06) 576.88 4891 3,096,608.48

8. Conclusion

To manage the surgical process and recovery of cardiovascular patients effectively, the economic-
statistical design of the risk-adjusted EWMA chart with various objectives was examined. The risk-
adjusted EWMA chart was used to explore downward shifts in the survival times of cardiovascular
patients. The AFT, a well-known risk-adjusted regression model, was used to successfully account for
the impact of risk variables on the patients' survival times. A multi-objective design model was then
developed by taking into account the expected cost function (Expa), the average time to signal when
the process is under control (ATSo), and the average time to signal when the process is out of control
(ATS1). The suggested MODM model includes several assignable causes with various occurrence rates
and consequences during the surgical procedure.

Given that the sample size and sampling interval remained constant throughout the process, (LCL,
v) was chosen as the optimal design parameter. The optimal design parameters were then provided
using a two-stage ranking evaluation process with the MOPSO and VIKOR parameters. The suggested
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MODM model was used in an actual case study at the government hospital for cardiovascular
patients with two unique assignable causes by the provided solution algorithm. The proposed multi-
objective model and single-objective models were then compared for performance. Based on the
analysis, the following conclusions can be drawn:

e The MOPSO algorithm accurately identified 40 non-dominated solutions out of a large set of solutions.

e The VIKOR technique could accurately rank non-dominated solutions based on the Expa, ATSo, and ATS;
criteria.

e To use the risk-adjusted EWMA control chart, the LCL and v parameters should be set to -1.01 and 0.02,
respectively.

e Using the risk-adjusted EWMA control chart with selected parameters, with Expa equal to 3,396,215.20,
ATSoequal to 1175.41, and ATS; equal to 46.98, is the best economic-statistical design of the risk-adjusted
EWMA control chart.

e The results unequivocally show that the multi-objective design outperforms the pure economic model
when statistical constraints are considered, as it increases the statistical properties by 51% with a slight
increase in the cost amount.

Thus, the suggested method for creating the risk-adjusted EWMA chart may be effectively used
to detect shifts in the decreasing survival time of cardiovascular patients within healthcare systems.

Finally, an exciting area worthy of continued research is to compare the results obtained here
with other methods used to construct control charts, such as non-parametric approaches. In addition,
it is essential to categorize the assignable causes into different groups based on their ability to shift
the mean survival time, which can be small, moderate, or large. Using the fuzzy set theory to
represent the severity of each category could be an exciting approach. How to incorporate the
correlation while using the AFT regression models is a potentially helpful area for future research.
Another attractive research area for future research involves investigating and comparing methods
other than MOPSO and VIKOR to solve the multi-objective model.
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