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The majority of research that looked at the Bayesian Markov Chain Monte Carlo
(MCMC) approach for prognostic modelling of cardiovascular disease only focused on
the use of the Bayesian approach in variable selection, model selection, and prior
distribution selection. But very few of this research has looked at the Markov chains'
convergence in the model. In this study, convergence diagnostics were carried out to
evaluate the convergence of Markov chains using both visual inspection and additional
diagnostics. The National Cardiovascular Disease Database-Acute Coronary Syndrome
(NCVD-ACS) registry, which included 1248 female patients with ST-Elevation Myocardial
Infarction (STEMI) between 2006 and 2013, was used for this study's analysis. The
multivariate Bayesian model identified six significant variables: dyslipidaemia,
myocardial infarction, smoking, renal disease, Killip class, and age group. The trace plots
did not reveal any distinctive patterns based on these significant variables, and the
model's MCMC mixing is typically good. While for the autocorrelation plots, mild
autocorrelations for age group, Killip IV, as well as the intercept term in the model. Since
there were only mild autocorrelations, no thinning is needed. Also, the Geweke
diagnostic showed that the chain is divided into two windows containing a set fraction
of the first and last iterations which produced standard Z-scores. The Geweke diagnostic
did not provide evidence of non-convergence, as none of the Z-scores fell in the extreme
tails of the N (0,1). In this study, a number of plots and additional diagnostic tools
showed that the Markov chains have reached convergence, which is relevant to the
general use of the MCMC approach.

1. Introduction

Cardiovascular disease (CVD) is the main cause of death worldwide; an estimated 17.9 million
people die from cardiovascular diseases (CVD) every year, and one-third of these deaths happen
before the age of 70 [1-3]. In Malaysia alone, the leading cause of mortality is still CVD [4]. In
comparison to the neighboring countries, Malaysians are developing CVD at a younger age, according
to the National Cardiovascular Disease-Acute Coronary Syndrome Registry [5]. STEMI is the most
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lethal form of acute coronary syndrome; hence, it was chosen for this study [6]. Although STEMI is
frequently assumed to affect men, it can also have an impact on women [7].

In comparison to male patients, female CVD patients, particularly STEMI, are understudied,
poorly treated, and result in worse outcomes [7,8]. What's worse is that females have a lower survival
rate following a STEMI than males do [9]. The pathophysiology, clinical presentation, and
management outcomes are different for females, which is part of the reason for this, but there are
other wider social and economic issues in society that have a significant impact on clinical outcomes
[7,9,10].

Furthermore, there is inadequate representation of females in clinical trials, inadequate
understanding of the mechanisms behind STEMI, and potentially significant sex-specific treatments.
In addition, due to the index event bias, females with STEMI may have a poorer prognosis than males
in the index episode, but they may appear to be "protected" in the event of a recurring episode [10].
For STEMI patients, it is essential to identify risk factors as soon as possible in order to commence
treatment, counselling, and medication.

To identify the risk factor, a Bayesian approach is applied. This approach has grown in favor of a
way to do a meta-analysis of medical data [11,12]. It is feasible to directly combine prior knowledge
(prior) and current knowledge (current) about a particular variable in order to generate future
predictions (posterior) using Bayes' Theorem [13,14]. This theorem provides a mathematical method
to adjust the likelihood of a hypothesis based on new data or information, allowing a flexible and
thorough framework for study.

Within the realm of medical research, this entails the incorporation of previous studies, expert
viewpoints, and recently obtained data to enhance the accuracy and dependability of the
conclusions. The Bayesian technique can enhance the evaluation of a novel treatment by
incorporating previous clinical trials and expert consensus, in addition to fresh trial data, to improve
the accuracy of estimations of treatment effectiveness [11]. This iterative procedure not only
strengthens the reliability of the analysis but also enables ongoing updates when new data becomes
available, rendering it especially valuable in the constantly evolving domain of medical research [13].

As far as we have noticed, Malaysia has not utilized Bayesian models based on the Markov Chain
Monte Carlo (MCMC) approach widely for the analysis of CVD data. Additionally, the majority of
Bayesian studies in the literature didn't employ convergence diagnostic to assess the Markov chains'
convergence. In order to ensure that researchers are sampling from a chain that has converged after
a desired burn-in period, prognostic Bayesian models must take into account stopping criteria for
how long a Markov chain simulation should be run as well as monitoring of chain convergence
[15,16]. Thus, the main objective of this study is to examine the convergence of Markov chains in a
Bayesian model of female patients in Malaysia who has been diagnosed with CVD after the risk
factors have been discovered. In this study, the convergence of the Markov chains was monitored
using visual inspection and additional diagnostics such as the Geweke diagnostic.

2. Methodology
2.1 Source of Data

The National Cardiovascular Disease Database-Acute Coronary Syndrome (NCVD-ACS) registry
was used to identify 1248 female patients with ST-Elevation Myocardial Infarction (STEMI) between
2006 and 2013. Data were gathered from the time a female STEMI patient was admitted to the
hospital until 30 days following discharge. Variables related to demographics, risk factors,
comorbidities, clinical presentations, and treatments were categorized. The Killip classification,
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based on clinical presentation, forecasts a patient's likelihood of surviving within 30 days, with Killip
class IV patients having a higher risk of dying [17].

2.2 Statistical Methods

The data has been divided into training and test datasets in a 70:30 proportion. The test dataset
was used to validate the model after it had been built using the training dataset. Univariate logit
models were built for the Bayesian analysis to determine significant variables individually. A
multivariate model was then used to obtain the estimated posterior means for the parameters. With
"1" denoting death and "0" denoting alive or otherwise, a logistic regression model was implemented
to estimate the likelihood of the outcome variable. Non-informative priors were used in this study as
the regression parameters' descriptions were insufficient. The posterior distribution is generated by
Bayesian model development by multiplying the prior distribution by a likelihood function and
dividing the result by the data distribution. This posterior distribution is then used to develop all
Bayesian inferences. Eq. (1) demonstrates how Bayes' theorem is used to derive the posterior
distribution where y is the data point, 8 some model parameter, p(6) is the prior probability before
knowing any information about y, p(y|8) is the likelihood function that indicates the probability of
observing y conditioned on 8, and p(8|y) is the posterior probability after observing y.

_ p@pl6)
p(@ly) = o) (1)

The MCMC approach is then used to estimate the posterior distribution. MCMC refers to
algorithms for estimating and inferring model parameters that combine the Monte Carlo method and
a mathematical random process known as Markov chains [18].

For all simulation work in this study, multiple parallel chains with different starting points were
implemented using the Bayesian MCMC approach to monitor chain convergence. At the univariate
level, numerous chains were run for 10,000 iterations each [19,20] with a burn-in of 1000 [6,19] to
mitigate some of the effects of the parameter's initial values. The multivariate simulation runs were
set to 100,000 iterations, with the first 10,000 burn-in samples excluded from the study [6,21].

By using MCMC, samples from the posterior distribution are produced, and one of the objectives
is to determine whether these samples are sufficiently close to the posterior to be used for inference.
The estimated Monte Carlo (MC) error for the posterior means can be used to monitor the
convergence of the model's Markov chains [22,23]. The variability of each estimate generated by a
Markov chain simulation is measured by the MC error [24]. When lower values of MC errors obtain,
the parameter estimates are more accurate [15,25]. As the number of iterations increases, the MC
error value decreases and ought to be small [26]. The MC error must be smaller than 5% of the
posterior standard deviation to ensure model convergence [23,27]. Therefore, a very much smaller
value of MC error is obtained.

Furthermore, there are two other main methods for determining convergence: visual inspection
and additional diagnostics. There are trace and autocorrelation plots for visual inspection. Additional
diagnostics such as the Geweke diagnostic are also carried out in this study.

2.2.1 Visual Inspection
The most basic approach to evaluate convergence is to simply plot and look at the traces of the

observed MCMC sample. A trace plot is a plot of the iteration number against the value of the draw
of the parameter at each iteration. Viewing the trace plots of the individual parameters is an excellent
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concept. The plot has a tendency to develop poor mixing if there is a strong association in the
parameter space [15,28].

While the autocorrelation plot shows the first several lag-autocorrelations for each parameter in
each chain and the degree of association between MCMC samples with various lags between them.
The level of correlation between each MCMC sample and itself, for instance, is represented by a lag
of 0. The iterative samples are regarded as independent and the Markov chains as convergent if the
autocorrelation levels among them fall to zero after some finite lags [29].

2.2.2 Geweke Diagnostic

The Geweke diagnostic examines the first and last non-overlapping parts of the Markov chain and
compares their means, using a difference of means test to determine whether the two parts of the
chain are drawn from the same distribution. The test statistic is a standard Z-score with
autocorrelation-adjusted standard errors. According to Geweke (1992), the Geweke diagnostic did
not provide indications of non-convergence if none of the Z-scores fall in the extreme tails N (0,1)
[30]. The statistic which this diagnostic is based is given by

_ X1—X
\/§1(0)/"1+§2 (0)/n;

(2)

where X, is the sample mean in an early segment of the chain, X, is the sample mean in a later
segment and the variance estimate §(0) is calculated as the spectral density at frequency zero to

account for serial correlation in the sampler output.
3. Results

Descriptive statistics for the training dataset, which comprised 1248 STEMI female patients,
revealed that female patients of ethnic Malay made up more than 50% of all patients (55.9%), even
though they were not displayed. The majority (56.6%) of female patients were under the age of 65.
The most frequent risk factor for STEMI in female patients was hypertension (74.5%) [31], followed
by diabetes mellitus (55.6%) and dyslipidemia (35.8%), respectively. The most prevalent comorbidity
was myocardial infarction (M), which was followed by renal disease and cerebrovascular disease.
Killip 1 (59.6%) and Killip Il (25.1%) were the most common diagnoses in female patients at the time
of presentation. Treatment-wise, cardiac catheterization (34.4%) was the most often performed
procedure which similar with the results from the previous study [32,33], followed by percutaneous
coronary intervention (PCl) (28%).

Table 1 shows the results of univariate analysis of the Bayesian model for female patients. If the
p-value for the likelihood ratio test is less than 0.25 and the 75% credible interval of the posterior
mean does not contain zero, a variable is deemed significant at the univariate level [6,21]. Seven of
the fifteen variables were significant namely dyslipidemia, family history of CVD, Ml history, smoking
status, renal illness, Killip class, and age group of the patients, according to the Bayesian univariate
analysis in Table 1.
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Table 1
Results of univariate analysis of the Bayesian model
Variable Characteristic F;:‘;»e::i;rdrirl‘::rl‘nterval) :)a(::)s(OR) p-value
Ethnicity Chinese 0.216 (-0.060, 0.495) 1.241
Indian -0.244 (-0.539, 0.087) 0.783 0.389
Others -0.679 (-1.226, 0.181) 0.507
Age group Age (265) 1.039(0.791, 1.273) 2.826 <0.001
Diabetes Mellitus Yes 0.166 (-0.068, 0.400) 1.181 0.400
Hypertension Yes 0.252 (-0.037, 0.516) 1.287 0.258
Smoking status Yes -0.672 (-1.410, -0.057) 0.511 0.132
Dyslipidemia Yes -0.482 (-0.728, -0.215) 0.618 0.02
Family history of CVD Yes -0.779 (-1.206, -0.202) 0.459 0.082
Ml history Yes 0.642 (0.329, 0.974) 1.900 0.018
Chronic lung disease Yes 0.580 (-0.240, 1.263) 1.786 0.424
Cerebrovascular disease Yes -0.168 (-0.687, 0.565) 0.845 0.890
Peripheral vascular disease Yes -0.947 (-1.103, -0.105) 0.391 0.458
Renal disease Yes 1.147 (0.757, 1.560) 3.165 <0.001
Killip class Killip class II 0.881 (0.584, 1.191) 2.413
Killip class Il 1.474 (1.042, 1.958) 4.367 <0.001
Killip class IV 2.646 (2.321, 2.953) 14.100
PCI Yes -0.069 (-0.321, 0.197) 0.933 0.792
Cardiac catheterization Yes -0.123 (-0.363, 0.129) 0.884 0.530

To identify prognostic indicators, the seven significant variables were once again incorporated
into a Bayesian multivariate analysis. The Bayesian model's multivariate analysis generates the
results shown in Table 2. After a burn-in period of 10,000, the posterior means were determined with
a Monte Carlo error of less than 5%. Only six of the seven initial variables, namely dyslipidemia, Ml,
smoking, renal illness, Killip class, and age group of the patients, were shown to be statistically
significant in the multivariate analysis.

Female patients with dyslipidemia had a lower mortality risk (OR = 0.53). While female patients
with a history of Ml were 1.88 times more likely to die than those without. Unexpectedly, patients
who smoked had a lower mortality rate than non-smokers (OR = 0.40). Renal disease increased the
risk of death by 2.29 times compared to those without it. Patients in Killip class IV had a 16.54 times
higher mortality rate than those in Killip class I, as was expected. Additionally, the risk of death was
three times higher for female patients from the age group > 65 than those from the age group < 65.
The stationarity of the MCMC algorithm needs to be validated when the model's results are
generated. The Markov chain convergence was demonstrated using both visual inspection and
additional diagnostics.
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Table 2
Results of multivariate analysis of the Bayesian model

Variable Posterior mean SE MC error OR (95% Credible Interval)
Dyslipidaemia -0.638 0.044 0.00077 0.528 (0.312, 0.861)
Ml history 0.631 0.048 0.00043 1.879 (1.024, 2.984)
Smoking -0.911 0.081 0.00054 0.402 (0.124, 0.972)
Renal disease 0.829 0.072 0.00057 2.291 (1.051, 3.923)
Killip class Il 0.860 0.049 0.00070 2.363 (1.369, 2.975)
Killip class Il 1.141 0.077 0.00072 3.130(1.254, 7.283)
Killip class IV 2.806 0.050 0.00069 16.544 (12.247, 20.992)
Age (2 65) 1.101 0.040 0.00044 3.007 (1.862, 4.688)
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Fig. 1. Trace plots of the Bayesian model
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3.1 Visual Inspections

The visual inspections of Markov chains convergence for the Bayesian model of female patients
were performed using trace plots and autocorrelation plots. Figure 1 shows the trace plots of
significant variables from the Bayesian multivariate analysis. The trace plots show no specific trends,
and the mixing of MCMC tends to be good for the Bayesian model of female patients. Figure 2 showed
that the autocorrelation levels among variables fall to zero after some finite lags which indicates the
convergence of the Markov chains. Moreover, Figure 2 suggests mild autocorrelations for the age
group, Killip IV as well as the intercept term in the Bayesian model for female patients. Since there
were only mild autocorrelations, no thinning is needed.
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Fig. 2. Autocorrelation plots of the Bayesian model
3.2 Additional Diagnostics

The Geweke diagnostic test from Table 3 showed that the chain is divided into two windows
containing a set fraction of the first and last iterations, which produced standard Z-scores. Since the
statisticis only applicable to a single chain, the test was applied separately to each of the three chains.
The Geweke diagnostic did not provide evidence of non-convergence, as none of the Z-scores fell in
the extreme tails of the N (0,1).

161



Journal of Advanced Research in Applied Sciences and Engineering Technology
Article in Press

Table 3

Geweke diagnostic of the Bayesian model
Variable Zscores

Chain 1 Chain 2 Chain 3

Intercept -0.1115 0.8412 -0.5679
Dyslipidaemia 1.1277 -0.4595 -0.2875
Ml history -0.9045 -0.2918 -0.1747
Smoking -0.5304 -1.346 -1.1230
Renal disease 2.4484 0.2209 1.6134
Killip class Il 0.1099 -0.5830 -0.2436
Killip class Il 1.2203 -0.4922 -0.2293
Killip class IV -0.8977 -0.2538 0.5114
Age (= 65) 0.5981 -0.9824 1.8316

Fraction in 1st window =0.1  Fraction in 2nd window = 0.5
4. Discussion

In addition to model-building methods and prior selection [34,35], additional important aspects
in the development of prognostic Bayesian models include stopping criteria for Markov chain
simulations and chain convergence [15,16]. This study has shown how the latter two aspects were
evaluated using CVD data from Malaysian female patients. The multivariate Bayesian model of
female patients revealed six significant variables. Convergence was then assessed based on these
significant variables. The maximum number of iterations for an MCMC simulation should be used to
achieve model convergence [36]. Since computing technology has evolved, iterations up to millions
of runs are no longer seen as impossible. While other research suggested that at least 1000 and up
to a million iterations should be used for estimation, in this study, 100,000 iterations with a burn-in
of 10,000 were adequate to achieve convergence [20].

The number of chains must also be taken into account. In order to find novel posterior modes,
Geweke suggested using a very long run on a single chain [30]. Similar to other studies, this study
also used numerous chains to compare the chains' convergence, which was monitored using analysis
of variance both within and between the chains [37]. As previously mentioned, the convergence of
the Markov chains was monitored in this study using both visual inspection and additional diagnostics
like the Geweke diagnostic. As there is no single comprehensive test that provides the full perspective
of model convergence, a number of convergence diagnostics were required [16]. Furthermore, each
diagnostic assesses the convergence from a different perspective. For instance, the trace plot
examines the mixing of the Markov chain, whereas the autocorrelation plot shows the first several
lag-autocorrelations for each parameter in each chain [34].

Furthermore, convergence cannot be firmly verified by completing a visual inspection alone. A
phenomenon known as metastability, in which the chain may unexpectedly migrate to another part
of the parameter space after some period of stability around this value, is a major reason why visual
inspection alone cannot firmly verify convergence [35]. Therefore, additional diagnostics, such as the
Geweke diagnostic, were required to reach a reliable convergence conclusion. Plotting and examining
MCMC sample traces make it the easiest to determine convergence. An iteration count versus the
value of the parameter's draw at each iteration is plotted on a trace plot. Viewing the trace plots of
the individual parameters is an appealing concept. All six parameters, including the intercept (b0) in
Figure 1, did not show any distinctive patterns in this study, and the MCMC mixing was typically good.
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The plot has a tendency to have poor mixing if there is a strong correlation in the parameter space
[35]. Similarly, the autocorrelation plots showed mild autocorrelations for certain variables in the
model.

Table 3 compares the means of the first 10% of the chain and the latter 50% of the chain using
the Geweke diagnostic. Stationary time series are particular types of MCMC procedures. Geweke
(1992) therefore proposed a spectral density convergence diagnostic based on the spectral density
for time series. According to the Geweke diagnostic, two subsequences' measurements in a
convergent chain should be equal [38]. Geweke diagnostic does not require the sampler output to
be assumed to be normally distributed [30]. Regardless of the underlying distribution, the limiting
distribution of the test statistic is standard normal. When Z is large (|Z| > 1.96) the null hypothesis
of equal location that predicts convergence is rejected [38]. The algorithm demonstrates that
Geweke diagnostic places more emphasis on testing stationary than mixing. The notion that the two
subsequences are asymptotically independent is one that underlies Geweke diagnostic. The first 10%
and the last 50% were therefore recommended [30].

5. Conclusion

In this study, visual inspections, such as trace and autocorrelation plots, and additional
diagnostics, including the Geweke diagnostic, were used to access the Markov chains convergence of
a prognostic Bayesian model. In this prognostic Bayesian model of STEMI female patients,
dyslipidemia, myocardial infarction, smoking, renal disease, Killip class, and age group were found to
be significant variables. The results of the convergence diagnostics in this study showed that the
model's MCMC mixing is normally good and that the trace plots did not show any distinctive patterns
based on these significant variables. Mild autocorrelations for age group, Killip IV, and the intercept
term in the model are shown in the autocorrelation plots. No thinning is required since there were
only mild autocorrelations. The Geweke diagnostic also revealed that the chain is split into two
windows that each contain a particular proportion of the first and last iterations, which resulted in
standard Z-scores. Since none of the Z-scores fell in the extreme tails of the N (0,1), the Geweke
diagnostic did not reveal signs of non-convergence. Plots and additional diagnostic tools used in this
study demonstrated that the Markov chains have reached convergence, which is relevant to the
general use of the MCMC approach.

Acknowledgement
This research was supported by Malaysian Ministry of Higher Education through Fundamental
Research Grant Scheme (FRGS) (Project Code: FRGS/1/2023/STG06/ UMS/02/2).

References

[1]  Khairi, Nur Afikah, Mohd Azrul Hisham Mohd Adib, Nur Hazreen Mohd Hasni, and Mohd Abdullah Shafie. 2020.
“Effect of Hemodynamic Parameters on Physiological Blood Flow through Cardiovascular Disease (CVD) — The
Perspective Review.” Journal of Advanced Research in Fluid Mechanics and Thermal Sciences 74 (1): 19-34.
https://doi.org/10.37934/arfmts.74.1.1934.

[2] WHO. 2021. “Cardiovascular Diseases (CVvDs).” https://www.who.int/news-room/fact-
sheets/detail/cardiovascular-diseases-(cvds).

[3] Hegde, Pranav, Shenoy B. Gowrava, A. B.V. Barboza, S. M.Abdul Khader, Raghuvir Pai, Masaaki Tamagawa, Ravindra
Prabhu, and D. Srikanth Rao. 2021. “Numerical Analysis on A Non-Critical Stenosis in Renal Artery.” Journal of
Advanced Research in Fluid Mechanics and Thermal Sciences 88 (3): 31-48.
https://doi.org/10.37934/ARFMTS.88.3.3148.

[4] Suboh, Mohd Zubir, Nazrul Anuar Nayan, Noraidatulakma Abdullah, Nurul Ain Mhd Yusof, Mariatul Akma Hamid,
Azwa Shawani Kamalul Arinfin, Syakila Mohd Abd Daud, Mohd Arman Kamaruddin, Rosmina Jaafar, and Rahman

163


https://doi.org/10.37934/arfmts.74.1.1934
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://doi.org/10.37934/ARFMTS.88.3.3148

Journal of Advanced Research in Applied Sciences and Engineering Technology
Article in Press

(5]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]
(19]

(20]

(21]

(22]

Jamal. 2021. “Cardiovascular Disease Prediction Among the Malaysian Cohort Participants Using
Electrocardiogram.” Computers, Materials & Continua 71 (1): 1111-32.
https://doi.org/10.32604/CMC.2022.022123.

Juhan, Nurliyana, Zarina Mohd Khalid, Yong Zulina Zubairi, Ahmad Syadi Mahmood Zuhdi, Wan Azman Wan Ahmad.
2019. “Risk Factors of Cardiovascular Disease among St-Elevation Myocardial Infarction Male Patients in Malaysia
from 2006 to 2013.” Jurnal Teknologi 81 (3). https://doi.org/10.11113/jt.v81.12194.

Juhan, Nurliyana, Yong Zulina Zubairi, Zarina Mohd Khalid, and Ahmad Syadi Mahmood Zuhdi. 2020. “A Comparison
between Bayesian and Frequentist Approach in the Analysis of Risk Factors for Female Cardiovascular Disease
Patients in Malaysia.” ASM Science Journal 13 (April): 1-7. https://doi.org/10.32802/asmscj.2020.sm26(1.1).
Alexander, Thomas, Suma M. Victor, Balakumaran Jayakumaran, Sabari Rajan, and Ajit Mullasari S. 2021. “Sex-
Related Differences in Outcomes for Patients With ST Elevation Myocardial Infarction (STEMI): A Tamil Nadu-STEMI
Program Subgroup Analysis.” Heart, Lung and Circulation 30 (12): 1870-75.
https://doi.org/10.1016/J.HLC.2021.04.017.

Juhan, Nurliyana, Yong Zulina Zubairi, Ahmad Syadi Mahmood Zuhdi, and Zarina Mohd Khalid. 2023. “Comparison
between Suitable Priors in Bayesian Modelling of Risk Factor of Malaysian Coronary Artery Disease among Female
Patients.” AIP Conference Proceedings 2500. https://doi.org/10.1063/5.0110494.

Dafaalla, Mohamed, Muhammad Rashid, Harriette G.C. Van Spall, Laxmi Mehta, Purvi Parwani, Garima Sharma,
Renee Bullock Palmer, Saadig Moledina, Annabelle Santos Volgman, and Mamas A. Mamas. 2022. “Women Are
Less Likely to Survive AMI Presenting With Out-of-Hospital Cardiac Arrest: A Nationwide Study.” Mayo Clinic
Proceedings 97 (9): 1608-18. https://doi.org/10.1016/J.MAYOCP.2022.06.011.

Gonzalez-Del-Hoyo, Maribel, Oriol Rodriguez-Leor, Ana Belén Cid-Alvarez, Armando Pérez de Prado, Soledad Ojeda,
Ana Serrador, Ramon Lépez-Palop, et al. 2022. “Short-Term Mortality Differs between Men and Women According
to the Presence of Previous Cardiovascular Disease: Insights from a Nationwide STEMI Cohort.” International
Journal of Cardiology 367 (November): 90-98. https://doi.org/10.1016/J.lJCARD.2022.08.036.

Aggarwal, Gaurav, Isaac Cheruiyot, Saurabh Aggarwal, Johnny Wong, Giuseppe Lippi, Carl J. Lavie, Brandon M.
Henry, and Fabian Sanchis-Gomar. 2020. “Association of Cardiovascular Disease With Coronavirus Disease 2019
(COVID-19) Severity: A Meta-Analysis.”  Current Problems in Cardiology 45 (8): 100617.
https://doi.org/10.1016/).CPCARDIOL.2020.100617.

Hu, Pengwei, Kanika I. Dharmayat, Christophe A.T. Stevens, Mansour T.A. Sharabiani, Rebecca S. Jones, Gerald F.
Watts, Jacques Genest, Kausik K. Ray, and Antonio J. Vallejo-Vaz. 2020. “Prevalence of Familial
Hypercholesterolemia among the General Population and Patients with Atherosclerotic Cardiovascular Disease: A
Systematic Review and Meta-Analysis.” Circulation 141 (22): 1742-59.
https://doi.org/10.1161/CIRCULATIONAHA.119.044795.

Held, L., and D Bové. 2020. Likelihood and Bayesian Inference: With Applications in Biology and Medicine - Leonhard
Held, Daniel Sabanés Bové - Google Books. Second Edi. Springer Nature.

Vundavilli, Haswanth, Aniruddha Datta, Chao Sima, Jianping Hua, Rosana Lopes, and Michael Bittner. 2019.
“Bayesian Inference ldentifies Combination Therapeutic Targets in Breast Cancer.” IEEE Transactions on Bio-
Medical Engineering 66 (9): 2684—92. https://doi.org/10.1109/TBME.2019.2894980.

Roy, Vivekananda. 2020. “Convergence  Diagnostics for  Markov  Chain  Monte Carlo.”
https://doi.org/10.1146/annurev-statistics-031219-041300 (March): 387—-412.

Harrington, Sean M, Van Wishingrad, and Robert C Thomson. 2020. “Properties of Markov Chain Monte Carlo
Performance across Many Empirical  Alignments.” Mol. Biol. Evol. 38 (4): 1627-1640.
https://doi.org/10.1093/molbev/msaa295.

Killip, T, and J T Kimball. 1967. “Treatment of Myocardial Infarction in a Coronary Care Unit. A Two Year Experience
with 250 Patients.” The American Journal of Cardiology 20 (4): 457-64.
http://www.ncbi.nlm.nih.gov/pubmed/6059183.

Jackman, Simon. 2009. Bayesian Analysis for the Social Sciences. Chichester, UK: John Wiley & Sons, Ltd.
https://doi.org/10.1002/9780470686621.

Besag, Julian, Jeremy York, and Annie Molli. 1991. “Bayesian Image Restoration, with Two Applications in Spatial
Statistics.” Annals of the Institute of Statistical Mathematics 43 (1): 1-20. https://doi.org/10.1007/BF00116466.
Torman, Vanessa Bielefeldt Leotti, and Suzi Alves Camey. 2015. “Bayesian Models as a Unified Approach to Estimate
Relative Risk (or Prevalence Ratio) in Binary and Polytomous Outcomes.” Emerging Themes in Epidemiology 12 (1).
https://doi.org/10.1186/s12982-015-0030-y.

Juhan, Nurliyana, Yong Zulina Zubairi, Ahmad Syadi Mahmood Zuhdi, and Zarina Mohd Khalid. 2021. “Priors
Comparison in Bayesian Models of Risk Factor of Malaysian Coronary Artery Disease Male Patients.” Journal of
Physics: Conference Series 1988 (1). https://doi.org/10.1088/1742-6596/1988/1/012101.

Ogunsakin, Ropo Ebenezer, and Lougue Siaka. 2017. “Bayesian Inference on Malignant Breast Cancer in Nigeria: A

164


https://doi.org/10.32604/CMC.2022.022123
https://doi.org/10.11113/jt.v81.12194
https://doi.org/10.32802/asmscj.2020.sm26(1.1)
https://doi.org/10.1016/J.HLC.2021.04.017
https://doi.org/10.1063/5.0110494
https://doi.org/10.1016/J.MAYOCP.2022.06.011
https://doi.org/10.1016/J.IJCARD.2022.08.036
https://doi.org/10.1016/J.CPCARDIOL.2020.100617
https://doi.org/10.1161/CIRCULATIONAHA.119.044795
https://doi.org/10.1109/TBME.2019.2894980
https://doi.org/10.1146/annurev-statistics-031219-041300
https://doi.org/10.1093/molbev/msaa295
http://www.ncbi.nlm.nih.gov/pubmed/6059183
https://doi.org/10.1002/9780470686621
https://doi.org/10.1007/BF00116466
https://doi.org/10.1186/s12982-015-0030-y
https://doi.org/10.1088/1742-6596/1988/1/012101

Journal of Advanced Research in Applied Sciences and Engineering Technology
Article in Press

(23]
(24]

(25]

(26]
(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]
(35]
(36]
(37]

(38]

Diagnosis of MCMC Convergence.” Asian Pacific Journal of Cancer Prevention: APJCP 18 (10): 2709.
https://doi.org/10.22034/APJCP.2017.18.10.2709.

Vats, Dootika, Nathan Robertson, James M. Flegal, and Galin L. Jones. 2020. “Analyzing Markov Chain Monte Carlo
Output.” Wiley Interdisciplinary Reviews: Computational Statistics 12 (4): 1-12. https://doi.org/10.1002/wics.1501.
Ntzoufras, loannis. 2009. Bayesian Modeling Using WinBUGS. Wiley Series in Computational Statistics. New Jersey:
John Wiley & Sons, Inc.

Koehler, Elizabeth, Elizabeth Brown, and Sebastien J-P A Haneuse. 2009. “On the Assessment of Monte Carlo Error
in Simulation-Based Statistical ~ Analyses.” The  American  Statistician 63 (2): 155-62.
https://doi.org/10.1198/tast.2009.0030.

Dias, Sofia, A. E. Ades, N. J. Welton, J. P. Jansen, and A. J. Sutton. 2018. Network Meta-Analysis for Decision Making.
John Wiley & Sons.

Lunn, David, Nicky Best, and David Lunn. 2012. The BUGS Book: A Practical Introduction to Bayesian Analysis. New
York: Chapman and Hall/CRC.

Vehtarh, Aki, Andrew Gelman, Daniel Simpson, Bob Carpenter, and Paul Christian Burkner. 2021. “Rank-
Normalization, Folding, and Localization: An Improved R" for Assessing Convergence of MCMC (with Discussion).”
16 (2): 667-718. https://doi.org/10.1214/20-BA1221.

Nguyen, Minh Hoang, Viet Phuong La, Tam Tri Le, and Quan Hoang Vuong. 2022. “Introduction to Bayesian
Mindsponge Framework Analytics: An Innovative Method for Social and Psychological Research.” MethodsX 9
(January): 101808. https://doi.org/10.1016/J.MEX.2022.101808.

Geweke, J. 1992. “Evaluating the Accuracy of Sampling-Based Approaches to the Calculations of Posterior
Moments.” Bayesian Statistics 4: 641-49. https://ci.nii.ac.jp/naid/10011938311/.

Sufyan, Muhammad, Amir Paisal, Ishkrizat Taib, Al Emran Ismail, Ahmad Mubarak, Tajul Arifin, and Nofrizalidris
Darlis. 2019. “An Analysis of Blood Pressure Waveform Using Windkessel Model for Normotensive and
Hypertensive Conditions in Carotid Artery.” Journal of Advanced Research in Fluid Mechanics and Thermal Sciences
57 (1): 69-85. https://www.akademiabaru.com/submit/index.php/arfmts/article/view/2530.

Azrul, Mohd, Hisham Mohd Adib, Khairul Shah, Affendy Yakof, Zulfikar Anuar, Nizam Abdullah, Idris Mat Sahat, Nur
Hazreen, and Mohd Hasni. 2019. “The Cardio Vascular Simulator (CardioVASS) Device on Monitoring the Physiology
of Blood Flow Circulation via Angiographic Image for Medical Trainee.” Journal of Advanced Research in Fluid
Mechanics and Thermal Sciences 62 (2): 103-11.
https://www.akademiabaru.com/submit/index.php/arfmts/article/view/2694.

Shahrulakmar, Ukasyah Zulfagar, Nasrul Hadi Johari, Muhammad Firdaus Mohd Fauzi, Juhara Haron, Chandran
Nadarajan, and Mohd Nadzeri Omar. 2023. “Numerical Approach for The Evaluation of Hemodynamic Behaviour in
Peripheral Arterial Disease: A Systematic Review.” Journal of Advanced Research in Fluid Mechanics and Thermal
Sciences 103 (2): 95—117. https://doi.org/10.37934/ARFMTS.103.2.95117.

Lau, Colleen L., and Carl S. Smith. 2016. “Bayesian Networks in Infectious Disease Eco-Epidemiology.” Reviews on
Environmental Health 31 (1). https://doi.org/10.1515/reveh-2015-0052.

Vehtari, Aki, Andrew Gelman, Daniel Simpson, Bob Carpenter, and Paul-Christian Birkner. 2020. “Rank-
Normalization, Folding, and Localization: An Improved R" for Assessing Convergence of MCMC (with Discussion).”
Bayesian Analysis 16 (2): 667—718. https://doi.org/10.1214/20-bal1221.

Raftery, A. E., and S. M. Lewis. 1996. “Implementing MCMC.” In Markov Chain Monte Carlo in Practice , 115-30.
Gelman, Andrew, and D. B. Rubin. 1992. “Inference from Iterative Simulation Using Multiple Sequences.” Statistical
Science 7 (4): 457-511. https://doi.org/10.2307/2246134.

Du, Han, Zijun Ke, Ge Jiang, and Sijia Huang. 2022. “The Performances of Gelman-Rubin and Geweke’s Convergence
Diagnostics of Monte Carlo Markov Chains in Bayesian Analysis.” Journal of Behavioral Data Science 2 (2): 1-24.
https://doi.org/10.35566/jbds/v2n2/p3.

165


https://doi.org/10.22034/APJCP.2017.18.10.2709
https://doi.org/10.1002/wics.1501
https://doi.org/10.1198/tast.2009.0030
https://doi.org/10.1214/20-BA1221
https://doi.org/10.1016/J.MEX.2022.101808
https://ci.nii.ac.jp/naid/10011938311/
https://www.akademiabaru.com/submit/index.php/arfmts/article/view/2530
https://www.akademiabaru.com/submit/index.php/arfmts/article/view/2694
https://doi.org/10.37934/ARFMTS.103.2.95117
https://doi.org/10.1515/reveh-2015-0052
https://doi.org/10.1214/20-ba1221
https://doi.org/10.2307/2246134
https://doi.org/10.35566/jbds/v2n2/p3

