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Abstract. This study presents a multi-method survival analysis of 125 cardiac patients from IIMCT-
Pakistan Railway Hospital in Rawalpindi, Pakistan. Parametric accelerated failure-time modeling iden-
tified the Weibull distribution as optimal for describing time-to-event data. Semi-parametric analyses,
including Cox proportional hazards and Bayesian Cox regression, consistently identified hypertension,
ischemic heart disease, and smoking as significant predictors of elevated mortality risk. Higher systolic
blood pressure demonstrated a protective effect. Kaplan-Meier analysis revealed steadily declining sur-
vival rates up to 300 days with no significant gender differences. The random survival forest model
achieved robust predictive accuracy, identifying ischemic heart disease, smoking, and age as the most
influential predictors. Our multi-methodological approach demonstrates the value of integrating para-
metric, semi-parametric, Bayesian, and machine learning techniques for comprehensive risk assessment
in cardiac patient cohorts, offering potential for enhanced clinical risk stratification and personalized
prognosis.
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1. Introduction

Cardiovascular diseases are the highest causes of death worldwide accounting for 17.9 million
deaths yearly with HF contributing highly to this burden [28]. In spite of the breakthroughs in
pharmaceutical and device oriented management of HF, the outcome of the disease continues to
be poor with the five-year survival rate of about 50% even now [30]. Identification of high-risk
patients at an early stage and precise estimation of survival outcomes imperatively contribute
to treatment strategy optimization and success of patients’ outcomes [22, 10].

Survival analysis becomes essential in HF research, particularly if outcomes are time-
dependent, and the data are right censored. The Kaplan-Meier (KM) estimator is still a
frequently applied non-parametric tool to estimate survival functions, and compare groups with
log-rank tests [16]. Its ease of interpretation has made it a standard for the clinical studies even
though it does not have any ability to adjust for covariates and assumes homogeneity across
groups. The variance of KM estimates is usually computed with the Greenwood’s formula [9].

To control for the effects of covariates, the semi-parametric nature of the Cox proportional
hazards (PH) model makes it widely used, and would provide interpretable hazard ratios with-
out the need to estimate the baseline hazard function [7]. Nevertheless, it assumes proportional
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hazards which can be violated in heterogeneous clinical populations. Schoenfeld residuals among
other tools help diagnose such violations [25].

When assumption of Proportional Hazards does not hold, parametric survival models like
Accelerated Failure Time models (AFT): Weibull, exponential, log-normal, and log-logistic
provide the flexibility as they directly model the distribution of survival time [17]The quality
of these models can be enhanced to give more accurate estimates if the underlying distribution
was well calibrated. Model selection criteria including Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) help identify the most appropriate model by balancing
goodness of fit with complexity [5].

Bayesian survival analysis extends these techniques so as to accommodate prior information
and give posterior distributions for the model parameters. This is especially beneficial to studies
using small sample size or complex hierarchical structure [14, 2|. Bayesian Cox and AFT models
have exhibited more flexibility of quantifying uncertainty, than their frequentist opponents.

Recently, machine learning techniques, including random survival forests (RSF) came out
as strong methods for survival analysis. While RSF extends Breiman’s Random Forests to cen-
sored data it does so automatically allowing nonlinear effects and interactions without stringent
parametric assumptions [15]. In HF studies, RSF has been shown to provide excellent predic-
tive capabilities and usefulness for discovering new prognostic factors (concordance indices often
greater than 0.70) [21].

Considering the complexity of HF and the relevance of correct risk stratification, this study
compares a wide array of survival analysis methods, such as KM estimation, Cox and Bayesian
Cox models, AFT models and RSF, on a retrospective sample of 125 cardiac patients collected
from IIMCT-Pakistan Railway Hospital in Rawalpindi, Pakistan. Our objectives are to: (i)
evaluate distributional fit based on AIC and BIC, (ii) determine significant predictors derived
from Cox and Bayesian models, (iii) visualize survival differences using KM curves, and (iv)
analyze RSF metrics for risk prediction and feature importance. This combined approach is
intended to support the choice of strong modeling strategies in individualized HF prognosis.

In Section 2, we describe our materials and methods for the study. We estimate Kaplan—
Meier survival curves and carry out log-rank tests of the difference between groups, train a
random survival forest (RSF) for prediction and feature importance ranking, and both, the ac-
celerated failure time (AFT) models to determine the Weibull distribution as the most suitable
parametric model and Cox regression under the proportional-hazard assumptions. Section 3
provides a methodological synthesis and analysis, specifically, across all methods: reaffirm-
ing the prognostic relevance of hypertension, ischemic heart disease, and smoking, checks and
balance on model assumptions, and checking RSF’s forecasting performance, lastly Section 7?7
offers general conclusions on the methods’ performance, inference stability, and on the potential
of individualized risk assessment for use in clinical practice.

2. Materials and methods

2.1. Data collection and ethical considerations

This study was a retrospective cohort design based on the patients’ Electronic Health Record
data from the Pakistan Railway Hospital, Islamic International Medical College Trust (IIMCT)
with the permission from the hospital management. The participants recruited in the study
included all those who were admitted to the hospital for cardiac evaluation from January, 2018
to December, 2023, and out of them, 125 patients only were included and followed up completely.

We enlisted research personnel to abstract all the data from the paper and electronic medical
records of the patients and input the information in the database. Some of variables included
in the study were age, gender, hypertension, ischemic heart disease, diabetes mellitus, anemia,
smoking, water-filter use, education level, systolic arterial blood pressure at admission, event
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status and, time to event. Patient identifiers were stripped off in consonance with ethical con-
siderations and the patients were assigned unique identification numbers for analysis purposes.
Hypertension was categorized as binary (1 = has high blood pressure, 0 = no). In every re-
gression model, the non-hypertensive patients will be the reference category. Therefore, when
the coefficient is positive (or HR > 1), the level of risk is increased with hypertension. Systolic
blood pressure (SBP) was measured as a continuous variable in millimeters of mercury (mmHg)
and all effects reported were in millimeters of mercury per 10 mmHg (mmHg) so that all models
could have consistent results.

2.2. Non-parametric methods
2.2.1. Kaplan—Meier estimator

Kaplan—Meier test was used to evaluate the survival function from a time-to-event data format.
This non-parametric method takes into consideration of right-censored data and complements
the previous one with displaying probability of survival in time.

Kaplan—Meier survival function is defined as

st =] (1 - ;%) , (1)

t; <t

where t; is the time of the i-th event, d; is the number of events at ¢;, and n; is the number at
risk just prior to t;.

The Kaplan—Meier survival curve based on the total number of 125 patients is depicted
in Figure 1. This curve offers information in estimating the survival probability of the whole
population at a given period.

To determine the gender related differences in terms of survival, Kaplan—Meier curves de-
picted in Figure 2 were constructed for males and females separately. In order to determine
statistical differences between these two groups, the log-rank test was applied. The null hy-
pothesis of the log-rank test is that there is no difference in the survival distribution between
the male and female patients.

2.2.2. Random survival forest (RSF) model

The random survival forest (RSF) is an extension of the bagged decision tree model proposed by
Breiman for right censoring survival data, in that an ensemble of survival trees is constructed to
estimate the survival functions for each subject without giving any specific functional form for
the hazard or the survival distribution [15]. Since every of the B trees is built with a bootstrap
sample of the initial data set, about one third of observations are rejected from the bootstrap
(out-of-bag, OOB) and are used to calculate non-biased internal estimates of prediction error.
At each node, a random selection of some features out of candidate is performed, and a split that
provides the maximum log-rank test statistic that means that the splitting aims at differences
in survival rates of daughters, is selected [19]. Ounly trees are grown to maximal depth so that
no pruning is done to eliminate splitting of a variable and the ensembles are used to reduce
variability [1].

At each terminal node of tree b, one estimate Sb(t | X) is computed with the aid of Kaplan—
Meier estimator on the OOB samples. The overall RSF survival function for a new covariate
vector X is then the simple average

B
S(1X) = 5> 8(t] X), )
b=1
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This results in a fully non-parametric estimator of the survival curve that is built by aver-
aging across all the trees in the forest [11].

Model performance is evaluated on the basis of the test data set which is different from
out-of-bag (OOB) data. It enables obtaining the survival curves outside the training data,
which provides the estimates of the prediction error, including the concordance index, without
the need for the test set [29]. To determine variable importance, all the covariates in the OOB
is permuted and the increase in the prediction error measured; predictors are ranked according
to the extent of contributing to survival discrimination [23].

Key advantages of RSF include:

e No distributional assumptions — the model does not specifically assume any functional
form for the hazard and survival functions [15].

e High-dimensional robustness — it can accommodate many high-dimensional correlated
covariates by using the randomized splitting and bagging strategies [3].

e Built-in imputation — where the missing covariate values are dealt within by using tree-
based imputation techniques [25].

Terminology. The results of cox regression are expressed as hazard ratio (HRs), whereas the
results of parametric accelerated-failure-time (AFT) model are expressed as acceleration factors
(AFs). A positive AF has been known to correspond to increased survival time (protective) and
a negative AF corresponded to reduced survival time (increased risk). This difference introduces
uniformity between the time-based and hazard-based model interpretations.

2.3. Parametric methods

In survival analysis the method most commonly applied for assessing the impact of different
factors on the time to a specific event is the CPH. This method has no links with any specific
survival distribution but with a basic assumption that predictor variables affect survival equally
at all times. Nevertheless, it may not give a good result if the distribution of the random variable
is based on normal distribution. To overcome this weakness, various forms of parametric survival
models including Weibull, exponential, log-normal and log-logistic models are used. These
models make certain assumptions about the distribution of survival times and are appropriately
suited for a range of applications when chosen. The mathematical formulations of these models
are as follows:

o Weibull model: The Weibull distribution model can fit different shape of hazard function.
Tts probability density function (PDF) is given by:

p—1 »
T oo /%) 2>0,0>0,p>0. (3)

f(z;0,p) =p-

In model, 0 > 0 is known as the scale parameter, which controls the spread of the
distribution and p > 0 is the shape parameter that governing behaviour of the hazard
function. It is particularly useful in modelling experiments where hazards may change
with time such as wear-out failures or improvements with time [17].

e FExponential model: The exponential distribution is a special case of the Weibull distribu-
tion in which p = 1. Its PDF is:

1
flz;0) = Ee*"”/", x>0,0>0. (4)

This distribution involves a constant hazard rate, therefore work well in memory less
processes including failure processes in systems which have no aging impact [17].
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e Log-normal model: The log-normal distribution is derived when distribution of logarithm
of the survivable life duration is normal. Its PDF is expressed as:
1 _(nax—p)?

f(z;p,0%) = - 2776 22 x € (0,00), u>0,0>0. (5)

where the parameters which determine the location and spread of the distribution are
termed as mean (u) and standard deviation (o), respectively. This model is appropriate
when the data is positively skewed as are many survival times that are affected by multiply
factors [17].

e Log-logistic model: Another distribution from the class of parametric models, useful for
skewed data on survival, is the log-logistic distribution. Its PDF is given by:

(B/a)(z/a) !
[+ (z/a)?]?
whereas « stands for scale parameter and § stands for shape parameter. This model is

useful when the hazard function rises and then falls over time, and it is good for time-to-
event data with fleshy tails [17].

flz;a,8) = x>0,a>0 08>0 (6)

All the parametric models that had been fitted in accelerated failure time (AFT) framework
with the coefficients of fit, denoted by [, which act on logT. We therefore present the accel-
eration factors (AFs) in lieu of hazard ratios, in which the acceleration factor (AF) is given as
exp( Ax). The value of AF below 1 represents a more harmful and the value of AF above 1
represents a more protective. In continuous predictors the effects are expressed as a clinically
significant change (e.g. SBP per 10 mmHg): AF;o = exp(108), and in binary ones the AF is
the level “1 = Yes” and “0 = No.” In the parameterization of the covariate effects shown below
under the AFT, we have covariate effect by describing it as: AF = exp(3) (or exp(8 Az)).

The selection of these parametric models depends on characteristics of the data and the
assumptions made on the form of the hazard function. They offer a large benefit when CPH’s
assumption of proportional hazards doesn’t apply or if a parametric strategy is likely to provide
greater estimation accuracy. The use of these models provides more flexible computation and
more accurate estimates when used in survival analysis.

2.4. Semi-parametric methods
2.4.1. Cox proportional hazards model

The Cox Proportional Hazards (PH) model was used in order to evaluate effect of more than
one variable in hazard rate. The semi-parametric version of the model can define the hazard
ratios without estimating the baseline hazard rate:

h(t|X) = ho(t) exp(f1. X1 + B2 Xo + -+ + 5p X)) (7)

where h(t|X) is the hazard at time ¢ assuming covariates set to be X and ho(¢) is the unknown
baseline hazard. The partial likelihood method was used for fitting the models using the Cox
PH function from the coxph() in R. To evaluate the PH assumption, the Schoenfeld residuals
test was done using the function cox.zph().

2.4.2. Bayesian Cox regression analysis

A Bayesian version of the Cox model was also fitted, with the baseline distribution specified as
Weibull. This model takes into account the prior information as well as offers the probability
of arriving at the hazard ratios. The model specification was:

log h(t|X) =log\+~logt+ 1 X1+ + Bp X, (8)
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where A and -y are scale and shape parameter of the Weibull distribution respectively. The model
was fitted using the survregbayes () function in R that fits a proportional hazards parameter-
isation and a Weibull baseline. Various convergence diagnostics and posterior summaries were
calculated based on the results of the model.

3. Results and discussion

3.1. Results of non-parametric methods
3.1.1. Results of Kaplan—Meier estimator

Figures 1 and 2 display the Kaplan-Meier (K-M) survival curves. Even the overall survival rate
of the cohort of 125 patients (Figure 1) reveals that, over a 300 day interval, there is gradual
decline in survival. The 95% confidence interval (shaded region) gives an indication of the
uncertainties associated with the survival estimate, and this is a function of the number at risk,
which curtails as more members at risk at a given time and expands as the size of the sample
shrinks over time. Relations of the survival distributions for gender, obtained from Figure 2,
show slightly lower survival probabilities for the male patients in comparison to the female
throughout the perceptible period of the survival, while the log-rank test has non-significant
p-values (p > 0.05) and one could not identify any difference in survival between the genders.
The number at the risk table that appears beneath each curve depicts, a diminishing number
of participants under observation while time elapses.

Kaplan-Meier Survival Curve by Gender

Kaplan-Meier Survival Curve
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Figure 1: Kaplan—-Meier survival curve by gender. Time-to-event in days. Y-
for the overall cohort. Time-to-event in axis: survival probability; X-azis: follow-
days. Y-awis: survival probability; X-axis: up (days). Numbers at risk indicated below
follow-up (days). each curve at each 50-day time point.

3.1.2. Results of random survival forest (RSF) model

Table 1 shows that RSF was trained on n=125 patients of which 34 had the event of interest.
The ensemble contained 1000 trees, each of which grew up to a terminal node size of 15 with the
average number of terminal nodes in every tree being 4.691. At each split 4 of the 10 available
predictors were chosen at random, and 10 random split points were examined per variable from a
log—rank “random” splitting rule. Bootstrap sampling without replacement (SWOR) employed
79 observations per tree, with the OOB error estimated with about one third of the cohort.
OOB CRPS (standardized CRPS 0.1315) was 39.1909, corresponding to an OOB prediction
error = 0.3312, true OOB prediction error under minimal-depth variable selection 33.1169.
Minimal-depth analysis showed that three top predictors according to minimal-depth values
(1.321, 1.728, and 1.752) were, respectively, ischemic heart disease, smoking status, and age,
the latter with variable importance (VIMP) reaching —0.009 which in absolute values is low.
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’ Metric RSF summary Minimal depth selection
Sample size 125 125
Number of deaths 34 —
Number of trees 1000 1000
Forest terminal node size 15 15
Average no. of terminal nodes 4.691 —
No. of variables tried per split 4 4
Total no. of variables 10 10
Resampling used to grow trees SWOR
Resample size used to grow trees 79 —
Analysis RSF —
Family surv surv
Splitting rule logrank *random* logrank
Number of random split points 10 10
(OOB) CRPS 39.1909 —
(OOB) stand. CRPS 0.1315 —
(OOB) Requested performance error 0.3312 33.1169
Conservativeness — medium
X-weighting used? — TRUE
Dimension (no. of vars) — 10
Refitted forest — FALSE
Model size — 3
Depth threshold — 1.7559

’ Top 3 variables Depth / VIMP
ischemic heart disease 1.321 / 0.244
smoking 1.728 / 0.102
age 1.752 / —0.009

Table 1: RSF model summary and minimal depth variable selection

The minimal-depth procedure having the medium conservativeness and X-weighting enabled
fitted an unrefitted forest of size 3 with a depth threshold of 1.7559.

The minimal-depth and VIMP measures in the RSF are worth considering, as they are
arising at different factors that represent the influence of the predictor. Minimal depth measures
the early use of a variable in splitting in the forest which is important to the structure of trees
whereas VIMP measures how permuting a variable affects prediction error. The age is very high
in our findings in terms of minimal depth, but zero or slightly negative to VIMP. The seeming
mismatch suggests that age is a significant contributor to the partitioning of trees (non-linear or
interaction effects), but does not significantly enhance the predictive power when other factors
(including ischemic heart disease and smoking) are accounted in. The role of age should thus
be viewed as being context dependent and secondary to superior clinical predictors.

On the whole the RSF had strong performance and interpretability: it used an ensemble
of fully mature survival trees for the nonparametric capturing of complex interactions, offered
dependable OOB error estimates that do not require separate validation set, and was able to
discuss the important covariates through minimal-depth selection.

The variable importance (Table 2) reveals that ischemic heart disease is the best predictor
for patient’s survival in our random survival forest model (RSF) (VIMP = 0.2437; excluding
the station, relative importance = 1.0000), then by smoking status (VIMP = 0.1017; relative
importance = 0.4173) and diabetes mellitus (VIMP = 0.0246; relative importance = 0.1008).
Other covariates such as anemia have minor positive contributions (VIMP = 0.0006), while
hypertension, water filter usage, gender, education level, high blood pressure, and age have
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negligible or small negative uses (VIMP range: from —0.0029 to —0.0089), which reflects the
weak influence on the model’s performance in prediction (Figure 3). The ensemble survival
curves (Figure 4) show the risk paths of the entire cohort, as the patient 81 showed the peak
value of the predicted survival probability within the follow-up time; other patients’ curve is
superimposed over all 125 patient estimates and lets one see heterogeneity of the profiles and
the ability of the model to generate individual survival estimates.

’ Variable \ Importance Relative Imp. ‘
ischemic heart disease 0.2437 1.0000
smoking 0.1017 0.4173
diabetes mellitus 0.0246 0.1008
anemia 0.0006 0.0025
hypertension -0.0020 -0.0083
water_filter -0.0029 -0.0119
gender -0.0034 -0.0142
education level -0.0053 -0.0218
high blood pressure -0.0060 -0.0245
age -0.0089 -0.0364

Table 2: Variable Importance from RSF Model
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variable importance (VIMP). Best predictors: age, ischemic heart disease and smoking.

Figure 3: Random survival forest (RSF) multimodal results.
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RSF Survival Curves for All Patients
Best Patient ID = 81
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Figure 4: RSF survival curves for all patients (best patient ID = 81).
3.2. Results of parametric methods

Table 3 shows maximum-likelihood estimates for four candidate survival distributions: Weibull,
Exponential, Log-Normal and Log-Logistic, adjusted for gender, age, hypertension, ischemic
heart disease, smoking, diabetes mellitus, anemia, education level, water filter use, and high
blood pressure. Across all models, hypertension (Weibull: 5 = —0.9505, p = 0.0152; Expo-
nential: § = —1.6581, p = 0.0122), ischemic heart disease (Weibull: 5 = —0.9050, p < 0.001;
Exponential: § = —1.5044, p < 0.001), and smoking (Weibull: 8 = —0.6044, p = 0.0054;
Exponential: § = —1.0580, p = 0.0067) emerged as significant predictors of reduced survival
time. There is a weak yet noticeable acceleration effect observed with high blood pressure
(Weibull: 8 = 0.0224,p = 0.0193; Exponential: 5 = 0.0393,p = 0.0230) while other covariates
such as gender, age, anemia, and education have weaker, non-significant influences in most
specifications. It is necessary to note that negative coefficients of hypertension (8 < 0 ) are
associated with a reduced survival time, i.e. an increased hazard of hypertensive patients in
the parametric AFT models when transformed into the hazard scale. Therefore, the coefficient
sign is negative but the direction of the effect is similar to that of the Cox model where hyper-
tension is a risk factor of mortality. In the case of systolic blood pressure (SBP), the positive
coefficient (8 = 0.022 in Weibull AFT model) represents an increment in the predicted survival
time by 10 mmHg, and it proves the fact that increasing SBP is related to the decreased risk of
mortality. Clinically, the results show that hypertension, ischemic heart disease, and smoking
are significant predictors of shorter survival times, and that the patients with higher systolic
blood pressure are more likely to have a little longer survival time.

Scale parameters’ values differ by distribution (Weibull scale log-estimate —0.6555, p <
0.0001; Log-Logistic scale ¥ = 0.463), whereby different baseline hazard shapes are used. The
use of AFT coeflicients as acceleration factors (AFs) simplifies the explanation of effects direction
and strength of effects on time scale. According to the Weibull AFT model, the hypertension
has a 8 = —0.9505 meaning the AF = exp(—0.9505) = 0.387 (the survival time of hypertensive
people is about 61% shorter than of non-hypertensive ones).

245



9v¢

Weibull Exponential Log Normal Log Logistic

Variable Coef SE z p Coef SE z p Coef SE z p Coef SE z p
(Intercept) 4.136 1.120 3.69 0.0002 3.719 2.114 1.76 0.0785 3.602 1.502 2.40 0.016 3.879 1.394 2.78 0.0054
genderMale -0.249 0.224 -1.11 0.266  -0.420 0.413 -1.02 0.310 -0.181 0.259 -0.70 0.486 -0.265 0.252 -1.05 0.294
age 0.001 0.006 0.19 0.850 -0.001 0.010 -0.05 0.961 0.004 0.006 0.69 0.490 0.003 0.006 0.51 0.612
hypertensionl -0.950 0.391 -2.43 0.015 -1.658 0.662 -2.51 0.012 -1.018 0.427 -2.38 0.017 -0.910 0.414 -2.20 0.028
ischemic__heart disease |-0.905 0.250 -3.63 0.0003 -1.504 0.432 -3.48 0.001 -1.093 0.275 -3.98 <0.001 -0.991 0.274 -3.62 0.0003
smokingl -0.604 0.217 -2.78 0.005 -1.058 0.390 -2.71 0.007 -0.602 0.259 -2.33 0.020 -0.619 0.249 -2.49 0.013
diabetes mellitus -0.333 0.230 -1.45 0.147 -0.837 0.405 -2.07 0.039 -0.632 0.263 -2.41 0.016 -0.445 0.251 -1.77 0.077
anemial 0.124 0.241 0.51 0.609 0.191 0.440 0.43 0.664 0.293 0.275 1.06 0.288 0.225 0.265 0.85 0.394
education levelPrimary 0.273 0.251 1.09 0.276 0.389 0.476 0.82 0.414 0.519 0.316 1.64 0.100 0.328 0.320 1.03 0.305
education levelSecondary | -0.103 0.299 -0.34 0.732 -0.210 0.554 -0.38 0.704 0.248 0.371 0.67 0.504 0.106 0.360 0.30 0.767
water _filterNon-filter 0.289 0.211 1.37 0.172 0.309 0.392 0.79 0.430 0.189 0.266 0.71 0.478 0.230 0.250 0.92 0.358
high blood pressure 0.022 0.010 2.34 0.019 0.039 0.017 2.27 0.023 0.023 0.013 1.85 0.065 0.022 0.012 1.87 0.062
Log(scale) -0.656 0.145 -4.53 <0.001 — — — — -0.123 0.125 -0.98 0.326 -0.770 0.144 -5.35 <0.001
Scale 0.519 1 (fixed) 0.884 0.463

Note: Binary variables coded as (1 = Yes, 0 = No); reference category = absence of condition. Continuous variables in natural units (e.g., systolic blood pressure
in mmHg per 10 mmHg increase). Acceleration factor (AF) = exp(BAx); AF > 1 indicates longer survival, AF < 1 indicates shorter survival.

Table 3: Parameter estimates of parametric AFT models (coefficients on logT')

| Model \ Degrees of Freedom (df) AIC BIC |
Weibull 13 466.5933 503.3614
Exponential 12 480.5786 514.5184
Log-normal 13 476.1975 512.9656
Log-logistic 13 474.4945 511.2626

Table 4: Model comparison using AIC and BIC for different survival distributions
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Ischemic heart disease has a 8 = —0.9050 that gives AF = 0.405 and smoking 5 = —0.6044
that gives AF = 0.546, both reducing survival. In the case of systolic blood pressure (SBP),
coefficient is in units per mmHg, the change in survival per unit of 10 mmHg increase in SBP
results in the coefficient AF;y = exp(10 x 0.0224) = 1.251, or about 25 % longer survival
with a +10 mmHg increase in SBP. These AFs are consistent with the protective direction
of SBP in the Cox analysis and also parametric effects on the suitable time scale. Since the
AFT model functions on the time scale and the Cox model functions on the hazard scale, the
consequences of AFT are interpreted as acceleration factors (AF), whereas the consequences
of Cox are interpreted as hazard ratios (HR). The raw coefficients might look inverted across
models, but on their scale, both the raw coefficients of the models are the same, i.e. that the
interpretation of the raw coefficients of the model using the scale of interpretation are equal.
AIC and BIC comparison of models (Table 4) reveals that Weibull model achieves the lowest
value of information criteria (AIC = 466.59; BIC = 503.36), is closely followed by the Log-
Logistic (AIC = 474.49; BIC = 511.26) suggesting that the Weibull distribution is optimal
model in terms of fit and parsimony for these data.

3.3. Results of semi-parametric methods
3.3.1. Results of Cox proportional hazards model

The multivariable Cox PH analysis (Table 5, Figure 5) determined that hypertension (HR =
6.58, 95% CI 1.55-27.87, p = 0.0105), ischemic heart disease (HR = 5.89, 95% CI 2.38-14.58,
p < 0.001), and smoking (HR = 3.35, 95% CI 1.50-7.51, p = 0.0033) were significant predictors
of mortality. Gender, age, and diabetes mellitus, anemia, education level, and water-filter
use did not achieve statistical significance levels since the hazard ratios for these parameters
were close to unity with wide confidence intervals crossing 1.0. The concordance, 0.807 (SE =
0.033), indicated excellent discrimination in the model, while the likelihood ratio p < 0.0001
reflected a good fit of the model.

[ Variable [ Coef exp(Coef)  SE(Coef) z Pr(> |z|) 95% CI |
genderMale 0.4956 1.6415 0.4413 1.123 0.2614 (0.6912, 3.8983)
age 0.0010 1.0010 0.0108 0.090 0.9283 (0.9800, 1.0223)
hypertensionl 1.8842 6.5810 0.7365 2.558 0.0105* (1.5537, 27.8746)
ischemic heart disease 1.7734 5.8907 0.4625 3.834  0.0001***  (2.3795, 14.5829)
smoking1 1.2100  3.3536 04112  2.942  0.0033**  (1.4979, 7.5085)
diabetes mellitus 0.3741 1.4537 0.4453 0.840 0.4009 (0.6073, 3.4798)
anemial -0.2203 0.8023 0.4740 -0.465 0.6421 (0.3169, 2.0313)
education levelPrimary -0.5335 0.5866 0.4934 -1.081 0.2796 (0.2230, 1.5428)
education levelSecondary | 0.2732 1.3142 0.5804 0.471 0.6379 (0.4213, 4.0993)
water _filterNon-filter -0.6812 0.5060 0.4275 -1.593 0.1111 (0.2189, 1.1696)
high blood pressure -0.0497 0.9515 0.0180 -2.769 0.0056** (0.9186, 0.9856)

Note: Binary covariates (1 = Yes, 0 = No); reference category = absence of condition. Continuous variables
SBP (mmHg) reported per 10 mmHg increase. Hazard ratio (HR) > 1 indicates higher hazard (shorter
survival), HR < 1 indicates lower hazard (longer survival). Concordance = 0.807 (SE = 0.033); Likelihood
ratio test = 89.68 on 11 df, p = 4e-05. Significance codes: ***p < 0.001, ** p < 0.01, * p < 0.05

Table 5: Summary of Cox proportional hazards model

No systematic departures from proportionality were observed for any covariate on Schoenfeld
residual plots (Figure 6), thus supporting that the model has valid PH assumption. In all the
analyses, hypertensive group (coded as 1) had a consistently high risk over non-hypertensive
patients. The differences between the signs of the coefficient in the AFT and Cox frameworks
are due to the fact that the parameterizations of the two models are different: the coefficients of
AFT are associated with the acceleration of time, whereas Cox coefficients are associated with
the increase of hazards. The effect of SBP increase per 10 mmHg was used in the treatment;
the negative coefficient (8 = -0.0497) and the related HR = 0.95 which show that more SBP
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Forest Plot of Hazard Ratios from Cox Proportional Hazards Model
genderMale

age

hypertension1 k L i

ischemic_heart_disease k A |

smoking1 —e—

Significance
diabetes_mellitus b - In-Significant
-® Significant

Variable

anaemial
education_levelPrimary
education_levelSecondary
water_filterNon-filter

high_blood_pressure L]

0.3 1.0 3.0 10.0 30.0
Hazard Ratio (log scale)

Note: HR > 1 indicates higher hazard (risk); HR < 1 indicates protective effect. Covariates coded as 1 =
Yes, 0 = No; SBP expressed per 10 mmHg increase.

Figure 5. Forest plots of hazard ratios (HRs) and 95% confidence/credible intervals for the Cox
model.
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decreased hazard and therefore it was a protective effect. Clinically, these risk ratios indicate
that patients with hypertension are at a higher risk of death (more than six times) than patients
with normal blood pressure, and that ischemic heart disease and smoking are at a higher risk
(three to five times, respectively). Conversely, a 10 mmHg elevation in systolic blood pressure
lowers the risk of mortality by approximately 5 % points, which is of a slight protective effect.

It is also important to note that diabetes mellitus exhibited statistically significant effects in
certain parametric AFT models (notably the log-normal and log-logistic specifications) but lost
significance in the semi-parametric Cox regression framework. These discrepancies stem from
the distinct assumptions underlying the two approaches: AFT models directly estimate effects
on survival time, while Cox regression models effects on hazard rates and assumes proportional
hazards. Because of this, covariates that influence survival time non-proportionally or interact
with time may appear significant in one model and not in another. Hence, the diabetes effect
should be interpreted cautiously, emphasizing convergence across multiple modeling frameworks
rather than any single specification.

3.3.2. Results of Bayesian cox regression model

The Bayesian Cox regression (Table 6, Figure 7) gives estimates of posterior hazard ratio that
largely agree with the frequentist Cox results: These include hypertension (posterior mean log-
HR = 2.01; 95% CI: 0.62-3.44) and ischemic heart disease (mean = 1.89; 95% CI: 0.94-2.85) as
the strongest risk factors, smoking (mean = 1.26; 95% CI: 0.44-2.17) taking second place, and
all with credible intervals excluding zero. A consistent protective effect was observed for each
10 mmHg increase in systolic blood pressure (posterior mean log-HR = —0.0476, 95% credible
interval: —0.0849 to —0.0097), but other variables, including gender, age, diabetes, anemia, ed-
ucation, and water-filter use have posterior intervals across zero, indicating mixed evidence on
the effects of the independent variable based on these parameters. Model fit indices (LPML =
—233.46, DIC = 460.94, WAIC = 465.38) indicated adequate predictive performance. The forest
plot (Figure 7) displays strong associations for key clinical covariates while appropriately quanti-
fying uncertainty for less influential predictors. Clinically, these Bayesian estimates corroborate
the frequentist interpretation: hypertension, ischemic heart disease, and smoking remain key
mortality risk factors, whereas higher systolic blood pressure contributes to improved survival
probabilities. The case study shows the benefit of integrating classical and machine learning
survival models to make risk predictions in underexplored populations. The RSF model en-
hanced predictive accuracy rates, but it also determined that there were other critical variables
like age, which might have a nonlinear influence on mortality risk. Risk factors, as ischemic
heart disease and smoking, have even stronger predictive power on mortality in our Pakistani
sample, contrary to that typical of Western populations. These results hold significant clini-
cal significance to risk assessment and resource planning in South Asia. Methodologically, the
study will reflect the way that RSF can augment customary models through revealing complex
associations in the data. The findings of the study have enabled us to make a case in favor of
applying machine learning methods to survival analysis to diverse clinical scenarios where data
can be scarce or risk characteristics can be dissimilar to historical cohorts.

4. Conclusion

This study employed a multi-method survival analysis—integrating parametric, semi-
parametric, Bayesian, and machine learning frameworks—to comprehensively identify mortality
predictors in a Pakistani cardiac cohort. Our results provide critical insights into risk factors in
South Asia and demonstrate the significant potential of combined modeling strategies, partic-
ularly random survival forests, for enhancing clinical risk prediction and personalizing patient
care in this population. Across all analytical frameworks, hypertension, ischemic heart disease,
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Variable Mean  Median Std. Dev. 95% CI (Low) 95% CI (Upper) ‘
gender (Male) 0.4881  0.4679 0.4615 -0.3610 1.4397
age -0.0016  -0.0016 0.0112 -0.0243 0.0209
hypertension 2.0084 2.0253 0.7155 0.6220 3.4407
ischemic heart disease 1.8880 1.8892 0.4831 0.9449 2.8478
smoking 1.2597 1.2606 0.4361 0.4424 2.1710
diabetes mellitus 0.6623  0.6780 0.4331 -0.2473 1.4549
anemia -0.2513  -0.2576 0.4739 -1.1782 0.6630
education level (Primary) -0.4629  -0.4591 0.4834 -1.3643 0.5135
education level (Secondary) | 0.3305  0.3122 0.5955 -0.7891 1.5917
water filter (Non-filter) -0.5707  -0.5650 0.4117 -1.4175 0.2179
high blood pressure -0.0476  -0.0478 0.0192 -0.0849 -0.0097

Note: Binary variables coded as (1 = Yes, 0 = No); reference = absence of condition. Continuous predictors
(e.g., SBP) reported per 10 mmHyg increase. Posterior means and 95% credible intervals correspond to
log-hazard ratios (log-HR). Log Pseudo Marginal Likelihood (LPML) = -283.456, Deviance Information

Criterion (DIC) = 460.941, Watanabe-Akaike Information Criterion (WAIC) = 465.378, Number of Subjects

=125
Table 6: Summary of posterior inference from the Bayesian Cox model

Forest Plot of Bayesian Cox Regression Coefficients
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Note: HR > 1 indicates higher hazard (risk); HR < 1 indicates protective effect. Covariates coded as 1 =
Yes, 0 = No; SBP expressed per 10 mmHg increase.

Figure 7: Forest plots of hazard ratios (HRs) and 95% confidence/credible intervals for the
Bayesian Cox model.

and smoking were consistently significant predictors of mortality. Parametric AFT models con-
firmed the same direction of effect with acceleration factors indicating shorter survival for these
conditions. In contrast, higher systolic blood pressure demonstrated a modest protective effect
against mortality.

Semi-parametric Cox proportional hazards and Bayesian Cox regression models identified
hypertension, ischemic heart disease, and smoking as the strongest predictors of death, with
hazard ratios consistently above unity. An increased systolic blood pressure, reported per 10
mmHg increase, remained a consistent protective factor in both frequentist and Bayesian anal-
yses. Non-parametric Kaplan—Meier analysis revealed steadily declining survival probabilities
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over 300 days, with no statistically significant differences between male and female patients. The
random survival forest model achieved robust predictive performance and highlighted ischemic
heart disease, smoking, and age as the most influential predictors.

Combining these complementary methods provides a comprehensive toolkit for survival anal-
ysis: parametric models for direct hazard acceleration inference, Cox and Bayesian Cox regres-
sion for robust estimation with minimal assumptions, Kaplan—Meier curves for non-parametric
survival estimation, and random survival forests for high-accuracy prediction and variable im-
portance assessment. This multi-methodological approach demonstrates the value of integrat-
ing diverse analytical techniques for comprehensive risk assessment in cardiac patient cohorts,
offering enhanced potential for clinical risk stratification and personalized prognosis in resource-
constrained settings.
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