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Abstract

Bayesian parametric survival models provide a flexible framework for time-to-event analysis, particularly when structural assumptions may enhance
efficiency. However, performance in low-event settings remains an important practical consideration. We evaluated three Bayesian parametric
survival models: Exponential, Weibull, and Lognormal, using data from 155 hypertensive patients, among whom 14 events (9.1%) were observed.
Five clinically relevant covariates were included a priori in all models. Posterior inference was obtained via Markov Chain Monte Carlo methods.
Model comparison was performed using WAIC (Watanabe—Akaike Information Criterion) and LOOIC (Leave-one-out cross-validation). Sensitivity
analyses were conducted under alternative prior specifications to assess robustness. The Bayesian Lognormal model (SE = 50.5, LOOIC =
220.4, WAIC = 220.0) outperformed other models. The study showed that occupation is significantly associated with survival time of hypertension
patients across all the models. These findings underscore the need for careful consideration of the choice of the parametric model to employ in
survival data analysis. The results also suggest the need for the provision of job-related intervention in people’s health regarding hypertension.
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1. Introduction

Survival analysis is widely applied in medical research to investigate time-to-event outcomes. The Cox proportional hazards
(PH) model is the most frequently used framework; however, its validity depends on the proportional hazards assumption. When this
assumption is violated, accelerated failure time (AFT) models provide a useful alternative by modelling survival time directly.

Previous studies on hypertension survival have highlighted the limitations of PH models due to time-dependent covariates [1].
Parametric models as accelerated failure time models are known to be effective in analyzing survival data and produce better perfor-
mance in most cases [2—5]. Bayesian approaches have also been shown to improve inference in complex survival settings [6]. The
present study evaluates three parametric AFT models: Exponential, Weibull, and Lognormal within a Bayesian framework, applied
to hypertensive patients in Nigeria.
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The objectives are: (i) to identify the optimal parametric survival model for this dataset, (ii) to determine which covariates
significantly affect survival time, and (iii) to assess the robustness of Bayesian AFT models under conditions of limited events.
This work contributes to methodological understanding of Bayesian survival modelling and provides insights into occupation-related
differences in hypertensive survival outcomes.

Bayesian methods allow incorporation of prior information, which yields full posterior distributions for model parameters when
combined with observed data, and enable probabilistic interpretations. Moreover, Bayesian survival models accommodate complex
data structures such as time-dependent effects, censoring, and clustering while allowing reliable probabilistic predictions [7, 8].
Although Bayesian models also have strength in their applicability to smaller datasets, they remain constrained by sparse events
unless informative priors are carefully specified. In the case of a small number of observed failures relative to the number of
model parameters in survival analysis, the likelihood may not contain sufficient information concerning the parameters of interest.
The limited information captured in the likelihood makes posterior estimates highly sensitive to the choice of prior. Consequently,
it is often required to make careful prior specifications together with sensitivity analysis to ensure robust inference and cautious
interpretations [7, 8]. We therefore emphasize both the potential and the limitations of Bayesian survival analysis in this context.

2. Data and methodology

2.1. Data source

Data were obtained retrospectively from Okemesi General Hospital (OGH), Ekiti State, Nigeria, covering hypertensive patients
registered between January 1, 2017 and December 31, 2023. Ethical clearance was granted by OGH.

2.2. Study population

A total of 155 patients met inclusion criteria. Of these, 14 experienced the event of interest (death), while 141 were right-
censored (transfer, dropout, or end of study). This low event rate (9.1%) represents a key limitation for inference and is explicitly
acknowledged in our analysis.

2.3. Variables
The response variable was survival time (days from diagnosis to event or censoring). The covariates included:
(i) Age (years)
(i1) Gender (male/female)
(iii) Marital status (single/married/widowed)
(iv) Occupation (formal/informal/dependent)
(v) Diabetes mellitus status (yes/no).

The coding of variables is given as follows:

e Age — measured in years

Diabetes Mellitus: Yes = 0, No =1

Status: Censored = 0, Dead = 1

Gender: Male = 1, Female = 0

Marital status: Single = 0, Married = 1, Widowed = 2

e Occupation: Formal = 0, Informal = 1, Dependents = 2

2.4. Methodological considerations

Given the limited number of events, model complexity was carefully balanced against identifiability. Bayesian AFT models
were employed to estimate covariate effects on survival time. Sensitivity analyses with alternative priors were conducted to assess
robustness. The Kaplan—Meier estimator was used for descriptive survival curves, and Cox PH assumption checks were performed.
Violations of the PH assumption motivated the adoption of AFT models. Model comparison employed WAIC and LOOIC, with
diagnostic measures (Pareto-k values) reported to ensure reliability.
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3. Method of data analysis

3.1. Descriptive statistics
1. Based on the research variables in OGH, the frequency distribution table provided in Excel and software by R Core Team [9]
was utilized to compile the data obtained from the health facility.
2. The Kaplan—Meier technique was employed to estimate and display the survival curves. A formula for the product limit is
used to compute the predicted survival probabilities:

€))

St+1=SI(M)s

Nt+1

where:

N, = number of participants alive at time ¢,

D, = total number of events (e.g. deaths) occurring at time ¢,

S, = cumulative survival probability, representing the proportion
of the population that survives beyond interval 7.

3.2. Survival function comparison

To ascertain whether variations in survival periods existed among the groups of explanatory variables under examination, Kaplan—
Meier plots were utilized.
The hypotheses tested are:

H, : There is no variation in the survival curves.

H, : There is variation in the survival curves.

3.3. Parametric regression models

When examining survival time data, parametric models provide an alternative to the popular Proportional Hazards (PH) models
in survival analysis. In parametric models, the direct effects of explanatory variables on survival time are measured.

In this study, three parametric distributions were used to model the survival time variable in order to identify risk factors asso-
ciated with mortality from hypertension. Parametric survival models are also important in Bayesian survival analysis because many
Bayesian investigations in practice are conducted using these models. Parametric modeling provides relatively simple approaches
for modeling and analysis.

The details of the Exponential, Weibull, and Lognormal parametric models can be found in the literature and are briefly defined
below.

3.3.1. Lognormal distribution

The lognormal distribution is useful in modeling continuous random variables that are greater than or equal to zero. The lognormal
distribution is also useful in modeling data that would otherwise be considered normally distributed except for the fact that they
may be skewed [10]. Such skewness occurs frequently when means are low, variances are large, and values cannot be negative.
Appropriately estimating the parameters of the lognormal distribution is important in the study of these and related subjects.

The lognormal distribution exists in both two-parameter and three-parameter forms. The density function for the two-parameter
lognormal distribution is given by
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Due to its close relationship with the normal distribution, In(7") is normally distributed whenever 7' follows a lognormal distri-
bution. The parameter ¢ may therefore be interpreted as the mean of the logarithm of the random variable, while o represents the
standard deviation of the logarithm of the random variable. Additionally, u is regarded as a scale parameter, whereas o is regarded
as a shape parameter of the lognormal density function.

The hazard and survival functions are respectively given as

h(. o) = TL¢(1“(TJ) 3)
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3.3.2. Exponential model

The exponential model is the most fundamental parametric model in survival analysis. The exponential distribution assumes that
small values occur more frequently than large values. Consequently, it can be used to model failure times. The density function f(¢),
survival function S (¢), and hazard function h(¢) are respectively given as [11]:

f(H=a" >0, 1>0, 3)
S =e", (©6)
h(t) = A, @)

where A is the scale parameter and represents the constant hazard rate.

3.3.3. Weibull model
The Weibull model is one of the most important parametric models because its hazard function can be increasing, decreasing, or
constant depending on the values of the model parameters [11]. The density function of the two-parameter Weibull distribution is
given by
J@) = ad(an" exp [-(0)°]. 8)

The survival and hazard functions are respectively given as

S(t) = exp [-(11)"] )

and
h(f) = ad(A*!, (10)

where A is the scale parameter and a is the shape parameter.

3.4. Survival regression models

Regression models mainly concentrate on the relationship between covariates (predictor variables or risk factors) and time-to-
event outcomes. Two primary frameworks are commonly used:

1. Proportional Hazards (PH) models, such as the Cox regression model, which estimate hazard ratios and assume proportionality
of hazards over time.

2. Accelerated Failure Time (AFT) models, which directly model survival time by expressing log(¢) as a linear function of
covariates.

When the proportional hazards assumption is violated, AFT models provide a useful alternative because they quantify covariate
effects in absolute time units (days, months, or years) rather than relative hazard ratios. In this study, AFT models were adopted after
diagnostic checks indicated violations of the proportional hazards assumption.

Parametric proportional hazard models. Let the covariate vector be expressed as
X = (x],xz,...,xq)T.
If h(z | x) represents the hazard function for a subject at time ¢, then according to Cox, the proportional hazard model is given by
h(t | x) = ho(t) exp (Brxy + -+ + Byxy) (11

where hy(?) represents the baseline hazard function, and 51, 8, .. ., 8, are unknown regression coeflicients to be estimated.
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Accelerated failure time models. In certain situations, the Accelerated Failure Time (AFT) model serves as an alternative to the
Proportional Hazards (PH) model and is equally suitable for analyzing survival time data. In AFT models, the direct effect of
explanatory variables on survival time is examined rather than the hazard function itself. This makes interpretation easier because
the regression parameters directly measure the effect of variables on survival time.

The natural logarithm of survival time in the AFT model can be expressed as

log(r) = X'B + oe. (12)
Specifically, the fitted model in this study is given as

log(t) = Bo + BII(MS) + B21(G) + B3Age

(13)
+ B41(0) + BsI(DM) + o,

where:

t; - death time for individual i,
Bo : intercept,
B1,52, B3, 84,85 : regression coeflicients,
I(MS) : indicator variable for marital status categories,
I(G) : indicator variable for gender categories,
1(O) : indicator variable for occupation categories,
I(DM) : indicator variable for diabetes mellitus categories,
&£ . error term,

o : scaling parameter.

The effect of the AFT model is interpreted as a shift in the time scale represented by the function exp(x;3). Survival time increases
or decreases depending on whether this factor is greater than or less than 1. The term “accelerated failure time” refers to an expected
waiting time until failure that is either accelerated or decelerated by the covariates. Because AFT models predict survival time while
proportional hazards models predict hazard, the signs of parameter estimates in AFT models are opposite to those in equivalent
proportional hazards models. One major advantage of the AFT approach is that the effects of covariates are expressed in absolute
time units such as days, months, or years rather than relative measures such as hazard ratios. The principal measure of association
obtained from AFT models is the acceleration factor, which allows assessment of how different factors influence survival time.

3.5. Bayesian survival analysis
Bayesian methods are often preferred in survival analysis because they combine prior knowledge with observed data. Compared
to frequentist approaches, Bayesian statistics offer several advantages:

1. Probability is defined in a more intuitive way.

2. Complex models that are difficult for traditional methods can be evaluated.
3. Large sample sizes are not required.

4. Prior knowledge and uncertainty can be incorporated and updated.

In this framework, model parameters are treated as random variables with prior distributions, while the data remain fixed. Fitting
survival models can be challenging, but Gibbs sampling and Markov Chain Monte Carlo (MCMC) methods simplify estimation.
However, MCMC methods can be slow to converge, and Gibbs sampling requires conjugate priors, thereby limiting flexibility.
Modern tools such as BRMS (Bayesian Regression Models using Stan) and Stan’s No-U-Turn Sampler (NUTS) improve efficiency
by achieving faster convergence even for high-dimensional models without requiring conjugate priors.

A simple Bayesian regression model is given by

yi ~ N(Bo + Bixi, o), (14)
where
y; : response variable,
x; : independent variables, i=1,2,...,
Bo,Bi : regression coefficients,

o : error variance.
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3.6. Stan-based bayesian regression models (BRMS)

Stan is a probabilistic programming language designed for Bayesian inference, offering flexible tools to define complex models
and perform efficient sampling using advanced MCMC methods. It is particularly effective for hierarchical, mixture, and high-
dimensional models. Users can specify priors, likelihoods, and data relationships using intuitive syntax, while Stan explores posterior
distributions with Hamiltonian Monte Carlo (HMC) and its extension, the No-U-Turn Sampler (NUTS). Details are provided in
[12, 13]. The NUTS algorithm improves efficiency by:

1. Automatically tuning step sizes and leapfrog steps.
2. Producing accurate samples that avoid random walk behavior.
3. Achieving faster convergence in high-dimensional parameter spaces.

The BRMS package in R builds Bayesian multilevel models using Stan. Posterior expectations and standard deviations can be
obtained from posterior marginals for each model component. Convergence is assessed by running multiple Markov chains with
different starting values and checking consistency across them. Diagnostic tools such as trace plots, autocorrelation plots, and the
Gelman—Rubin statistic are used to confirm convergence and ensure that the chains properly explore the target posterior density.

Bayesian regression using Stan/BRMS generally involves the following steps:

1. Model specification: Define likelihood functions (e.g., regression models) together with prior distributions.
2. Sampling: Use NUTS to efficiently sample from the posterior distribution, thereby obtaining parameter estimates and uncer-
tainty measures.

3.7. Prior

The initial specification of the study adopted diffuse Normal(0, 100) priors for the regression coefficients. However, the limited
number of observed events rendered these priors inadequate because they produced unstable posterior estimates. Consequently,
the study adopted a weakly informative Normal(0, 7) prior distribution and assessed different specifications of the prior variance,
including 2.5, 5, 7, and 10, through prior sensitivity analysis.

3.8. Diagnostic and model selection

Comparing and selecting models is crucial for identifying the most suitable model among several alternatives consistent with
the observed data. Using leave-one-out cross-validation (LOO-CV) as the basis for model comparison, this study employed a more
comprehensive Bayesian criterion known as the Watanabe—Akaike Information Criterion (WAIC).

Leave-one-out cross-validation (LOO-CV). Model comparison was conducted using Bayesian LOO-CV, which estimates out-of-
sample predictive accuracy based on pointwise log predictive densities. Specifically, the leave-one-out information criterion (LOOIC)
was computed using Pareto-smoothed importance sampling (PSIS-LOOQ), as described in Ref. [8]. Diagnostic measures, including
Pareto-k values, were reported to assess the reliability of the importance sampling weights. Models with Pareto-k values greater than
0.7 were flagged for potential instability, and alternative refitting strategies were considered when necessary.

The LOOIC is given by

LOOIC = -2 (LPD - pioo), (15)
where

LPD : log pointwise predictive density,

pLoo : effective number of parameters estimated using LOO-CV.

Watanabe—akaike information criterion (WAIC). The Watanabe—Akaike Information Criterion (WAIC) is a fully Bayesian, pointwise
criterion computed per observation and considered more accurate than earlier criteria. WAIC does not assume approximately normal
posterior distributions. The WAIC is defined as

WAIC = ZPWAIC -2 lppd, (16)

where

Pwaic : effective number of parameters (WAIC style),
Ippd : log pointwise predictive density.
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4. Results and discussion

4.1. Descriptive summary

The data obtained from the 155 patients under follow-up consisted of 100 (64.5%) female and 55 (35.5%) male patients. Among
the patients included in the study, 14 (9.1%) experienced the event, while the remaining 141 (90.9%) observations were censored.
Approximately 91% of the patients were right censored, while only 9% experienced the event of interest. In terms of marital status,
about 141 (90.9%) of the patients were married and living with their spouses, whereas only 14 (9.1%) were widowed, with death
proportions of 11 (7.7%) and 3 (25%), respectively. A total of 111 patients were aged 60 years and above, representing 71.6% of the
study population, followed by 43 (27.7%) patients within the age range of 30-59 years.

Furthermore, 131 (84.5%) of the patients were diagnosed with diabetes mellitus, and only 3 (2.3%) of these experienced the event.
Also, 91 (58.7%) patients were engaged in informal occupations such as farming and trading, while 52 (33.5%) were dependents at
the time of the study. The remaining 12 (7.7%) patients had formal occupations. The proportion of deaths varied across occupational
categories, with the highest proportion (15.4%) observed among dependent patients. It is noteworthy that none of the patients engaged
in formal occupations experienced the event during the study period. The summary statistics are presented in Table 1.

4.2. The kaplan—meier estimate for the covariates in the model

As shown in Figure 1, the overall survival rate at the end of the first month was approximately 94.8%, and by the end of the study
period of 84 months, it was 87.5%. The 95% confidence interval at the first 30-day point was (89.2%, 97.4%). Figure 2 indicated that
hypertensive patients who were married and living with their spouses had a higher probability of survival than patients who were not
living with their spouses, which could possibly be due to separation by divorce or death. The probability of survival decreased for
patients who were widowed or divorced. Figure 3 showed that hypertensive patients with formal occupations had a greater likelihood
of survival compared to patients in other occupational categories. The survival curve for patients with informal occupations was
higher than that of patients who were dependents. The likelihood of survival decreased among dependent hypertensive patients.

4.3. Cox—PH assumption checks

The proportional hazards (PH) assumption can be assessed using statistical tests and graphical diagnostics based on the scaled
Schoenfeld residuals. The Schoenfeld residuals are theoretically independent of time. Therefore, a systematic pattern observed
over time in graphical displays contradicts the PH assumption. The cox.zph() function in the survival package provides a
convenient approach for verifying whether the proportional hazards assumption holds for each covariate in a fitted Cox regression
model. The cox.zph() function examines the correlation between the scaled Schoenfeld residuals and time for each covariate in
order to determine whether the residuals are independent of time. It also performs both global and covariate-specific tests.

The PH assumption is supported when there is no statistically significant correlation between the residuals and time, whereas a
significant association suggests violation of the assumption. The hypotheses tested are:

Hy : All variables satisfy the PH assumption,

H, : One or more variables violate the PH assumption.

From the global test results presented in Table 2, the Cox proportional hazards assumption failed due to the significance of the
global p-value. When modeling survival data, proportional hazards models are the most commonly used approaches. However,
accelerated failure time (AFT) models or parametric regression models provide an alternative when the PH assumption is violated.
The proportional hazards assumption was violated, as evidenced by the systematic departures from a horizontal line in the scaled
Schoenfeld residual plots against transformed time shown in Figure 4 for the covariates. Since the findings indicated that the Cox
proportional hazards model was inadequate for fitting the data, parametric regression models were subsequently considered.

4.4. Bayesian survival analysis

The hypertension data set for survival time, where hypertensive individuals were observed, was analyzed using three parametric
AFT models. Let 8 denote the vector of regression coefficients for the covariates in the study, and let 8 represent the intercept term.
Since there were five covariates in the study, all regression coefficients were assigned normal priors with mean 0 and variances in the
categories 2.5, 5, 7, and 10 to represent weakly informative priors.
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Figure 1: Plot of overall survival function.
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Figure 2: Plot of survival curve by marital status.

4.5. Parametric model comparison results

Table 3 presents the results of the BRMS model comparison study for the three parametric models (Lognormal, Weibull, and Ex-
ponential) fitted to the hypertension data set. The models were compared using the Leave-One-Out Information Criterion (LOOIC),
the Watanabe—Akaike Information Criterion (WAIC), and their corresponding Pareto-k diagnostic values. The model with the small-
est criterion value was considered the best-fitting model. The model performance measures are presented in Table 3. Focusing
on Table 3, the models providing superior performance relative to the alternatives are indicated by boldface values. The Bayesian
lognormal AFT model, with Pareto-k values less than 0.7, LOOIC = 220.4, and WAIC = 220.0, was identified as the best model for
the survival times of hypertensive patients because it yielded the smallest values among the competing models. Table 4 presents the
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Figure 4: Scaled-Schoenfeld residuals plotted against follow-up time. (a) age (b) marital status (c) occupation.

Table 1: Descriptive summary of the data.

Variable Mean sd median trimmed mad min max range skew Kkurtosis  se

Marital Status  1.09  0.29 1 1.00 0.00 1 2 1 2.83 6.05 0.02
Gender 0.35 048 0 0.32 000 O 1 1 0.60 -1.65 0.04
Age 66.57 14.89 66 67.02 1779 26 97 71 -027 -0.63 1.20
Occupation 1.26  0.59 1 1.30 000 O 2 2 -0.13  -0.55 0.05
DM 0.15 0.36 0 0.07 000 O 1 1 1.89 1.58  0.03

parameter estimates obtained from the Bayesian lognormal model. The findings suggest that the occupation of hypertensive patients
has a significant effect on their survival time. Outcomes from the classical lognormal model also gave an indication of the result
obtained through the Bayesian model, although at the borderline with marital status as an additional covariate (Table 5).

Posterior sampling and diagnostics in BRMS. The survival model was fitted using four Markov chains, each with 2000 iterations.
The first 1000 iterations in each chain were used as warm-up (burn-in), leaving a total of 4000 posterior samples for statistical
inference.

Parameter summaries typically include the posterior mean (estimate) and standard deviation, together with the 95% credible
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Figure 5: The trace plot showing the Markov chains for the covariates.

Table 2: Cox PH model assumption test.

Covariates Chi-square Df P-value
Marital status 2.240 1 0.134
Gender 4.907 | 0.027
Age 0.158 1 0.691
Occupation 0.500 | 0.479
DM 3.031 | 0.082
Global 12.304 5 0.031

Table 3: Comparison of Bayesian AFT models.

Information Criterion Exponential Weibull Lognormal
Pareto K-values <0.7 <0.7 <0.7
LOOIC 289.0 224.8 220.4
WAIC 287.3 224.2 220.0

intervals (lower 95% CI and upper 95% CI) used to assess parameter significance.
The following model diagnostics were also considered:

e Bulk_ESS and Tail_ESS: These measure the effective sample size and indicate how many independent samples would provide
the same level of precision as the correlated MCMC draws.

o Rhat: This is a convergence diagnostic statistic. Values close to 1.00 indicate that the Markov chains have mixed well and
converged successfully.

The results presented in Table 4 showed that R = 1.00, indicating excellent convergence across all chains.

10



Table 4: The result for Bayesian lognormal AFT model using BRMS method.
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Variable Estimate Est.Error 1-95% CI u-95% CI Rhat Bulk_ ESS Tail_ESS

Population-Level Effects:

Intercept 20.86 6.50 9.85 35.09 1.00 4013 2306

MARITALSTATUS -4.95 2.88 -10.90 0.68 1.00 3752 2787

GENDER 0.33 2.35 -4.31 5.17 1.00 4056 2506

AGE 0.10 0.10 -0.08 0.30 1.00 3097 2722

OCCUPATION -4.72 2.50 -10.07 -0.13 1.00 2945 2526

DM -2.07 2.68 -7.16 3.19 1.00 4407 3181

Family Specific Parameters:

o 7.46 1.56 5.11 11.17 1.00 1396 2214
Table 5: The result for classical lognormal model using survival function.

Variable Value Std. Error Z p

(Intercept) 22.1667 6.8239 3.25 0.0012

MARITALSTATUS -6.1829 3.1612 -1.96 0.0505

GENDER 0.1475 2.3728 0.06 0.9504

AGE 0.1243 0.0987 1.26 0.2080

OCCUPATION -5.5307 2.8800 -1.92 0.0548

DM -2.7271 2.8156 -0.97 0.3328

Log(scale) 1.9897 0.2200 9.04 <2x10716

Scale = 7.31

Log Normal distribution
Loglik(model)= —103.5

Loglik(intercept only)= —107.9

Chisq= 8.97 on 5 degrees of freedom, p = 0.11
Number of Newton-Raphson Iterations: 5

n =155
Table 6: Comparison of classical and bayesian estimates under different prior specifications.
Parameter Classical (MLE) Bayesian N(0,2.5) Bayesian N(0,5) Bayesian N(0,7) Bayesian N(0,10)
Intercept 22.17 (SE 6.82) 17.81 (CI 8.09-29.84) 20.07 (C19.38-32.81) 20.86(CI9.85-35.09) 21.96 (CI 10.49-
Marital Status -6.18 (p=0.0505) -2.35(CI-5.96-1.57) -421(CI-9.17-1.01) -495 (CI -10.90- 356:59) (CI -11.51-
0.68) 0.50)

Gender 0.15 (p=0.95)
Age 0.12 (p=0.21)
Occupation -5.53 (p=0.0548)
DM -2.73 (p=0.33)
Scale (o) 7.31

Pareto-k -

0.35 (CI -2.90-3.66)
0.05 (CI -0.12-0.20)
-2.58 (C1-5.91-0.58)

0.37 (CI -3.90-4.68)
0.08 (CI -0.09-0.25)
-4.06 (CI -8.66-0.11)

-1.04 (CI -4.54-2.58) -1.79 (CI -6.67-3.02)
7.03 (C14.84-10.53)  7.30 (CI 5.00-10.59)
<0.5 <0.5

0.33 (CI1-4.31-5.17)
0.10 (CI1-0.08-0.30)
-472 (CI
0.13)

-2.07 (CI -7.16-3.19)
7.46 (CI15.11-11.17)
< 0.7

-10.07-

0.27 (CI -4.48-4.83)
0.11 (CI-0.08-0.31)
511 (CI -11.06-
0.29)

-2.33 (CI-7.91-3.19)
7.58 (CI15.17-11.37)
<0.7

The trace plot shown in Figure 5 illustrates the convergence behavior of the Markov chains. The chains oscillate around a stable
equilibrium region, with posterior values plotted on the y-axis against iteration number on the x-axis, demonstrating good mixing
and convergence. Results presented in Table 6 show that the Bayesian estimates for the intercept increased steadily as the priors
became less restrictive, rising from 17.81 under the tighter prior specification to 21.96 under the wider prior Normal(0, 10), which
is closer to the classical estimate of 22.17. The tighter prior shrank the estimates of marital status toward zero. However, as the
priors widened, the estimates moved closer to the classical estimate, which exhibited borderline significance (—6.18, p ~ 0.05). The
Bayesian credible intervals did not include zero for any prior specification, suggesting that the Bayesian approach produced more

stable estimates.

The effect of occupation was initially non-significant (-2.58, with credible intervals including zero), but became stronger and
eventually excluded zero under the wider priors Normal(0, 7) and Normal(0, 10), approaching the classical estimate, which also
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Table 7: Result in terms of AF with N(0,7) prior.

Covariate Estimate () AF = exp(B) 95% CI for AF Interpretation

Intercept 20.86 - - Baseline log-time, not interpreted as AF.

MARITAL STATUS -4.95 0.007 (0.000018, 1.97) Suggests much shorter survival (AF <«
1), but CI includes 1; effect is uncertain.

GENDER 0.33 1.39 (0.013, 175.9) Suggests longer survival, but CI is ex-
tremely wide; effect is uncertain.

AGE 0.10 1.11 (0.92, 1.35) Very close to 1; Cl includes 1, indicating
essentially no credible effect.

OCCUPATION -4.72 0.009 (0.000043, 0.88) Strong evidence of shorter survival (AF
< 1); CI excludes 1, indicating a credible
effect.

DM (Diabetes) -2.07 0.13 (0.00077, 24.3) Suggests shorter survival, but CI is wide

and includes 1; effect is uncertain.

showed borderline significance (—5.53, p = 0.0548). On the other hand, age, gender, and diabetes mellitus (DM) showed no
statistically significant effects under any prior specification or under the classical approach. These findings suggest that the parameters
representing the effects of age, gender, and diabetes mellitus are robust to prior specification, whereas marital status and occupation
are comparatively more sensitive. Model fit assessment using both the Leave-One-Out (LOO) criterion and the Watanabe—Akaike
Information Criterion (WAIC) demonstrated high stability across the different prior distributions, as the LOOIC values remained
close to 220. This indicates that prior selection did not substantially affect predictive performance.

The robust parameters, namely age, gender, and diabetes mellitus, consistently remained non-significant under both classical
and Bayesian approaches. In contrast, the estimates for marital status and occupation varied according to the chosen prior variance.
Wider priors yielded estimates closer to the classical estimates and approached borderline significance levels. The intercept and
scale parameters were particularly sensitive to prior changes and gradually converged toward the classical estimates as the prior
distributions became wider. In summary, the Bayesian results were sensitive to prior choice for marital status and occupation but
remained robust for age, gender, and diabetes mellitus. As the priors widened, the Bayesian estimates converged toward the classical
results, indicating that the observed data were sufficiently informative to overcome strong prior shrinkage.

4.6. Bayesian lognormal analysis

The study adopted the use of acceleration factors together with the 95% credible intervals from the Bayesian accelerated failure
time estimates for interpretation of the results. According to Ref. [14], Bayesian methods allow the incorporation of prior infor-
mation, provide complete posterior distributions of model parameters, and can be advantageous when dealing with relatively small
sample sizes, although the results still depend on the specification of priors and the quality of the data. In the lognormal accelerated
failure time (AFT) model, the acceleration factor is obtained as the exponential function of the estimated regression coefficient, as
presented in Table 7. The credible interval (CI) for the acceleration factor is computed by exponentiating the lower and upper bounds
of the coefficient’s credible interval.

From Table 7, occupation was the only variable that demonstrated a reliable effect on survival time. The results showed an
acceleration factor (AF) of approximately 0.009, with a credible interval that did not include 1, indicating a significant reduction
in survival time relative to the baseline category. This suggests that individuals engaged in occupations requiring strenuous or
demanding work conditions may experience earlier mortality compared to other occupational groups. Marital status and diabetes
mellitus tended toward shorter survival times, as indicated by acceleration factors less than 1. However, their credible intervals
included 1, implying substantial uncertainty regarding their true effects on survival.

For gender, the credible interval was extremely wide despite the acceleration factor being greater than 1, making it difficult to
draw any reliable conclusion regarding the effect of gender on survival time [15]. Age showed only a very small effect on survival,
with an acceleration factor of approximately 1.11 and a credible interval overlapping 1, indicating essentially no meaningful effect.
Overall, the Bayesian lognormal accelerated failure time (AFT) model indicated that occupation had a credible negative effect
on survival time, thereby accelerating failure. The remaining covariates, namely marital status, gender, age, and diabetes mellitus,
showed possible associations with survival time; however, the evidence supporting these effects remained weak because their credible
intervals were wide or overlapped 1. The model therefore suggests that occupation is the primary determinant influencing the survival
of hypertensive patients.

4.7. Discussion

The aim of this study was to assess selected parametric models for the survival times of hypertensive patients using data obtained
from the General Hospital, Okemesi, through a Bayesian approach. An estimated 1.13 billion individuals worldwide are believed to
be living with hypertension, with the majority (about two-thirds) residing in low- and middle-income countries [16]. This highlights
the substantial global burden associated with hypertension. The findings from this study suggest that the survival of hypertensive
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patients may be influenced by occupational category, with patients engaged in formal employment having a higher likelihood of
survival compared with those involved in informal occupations or those who were dependents [17].

Bayesian methods provide several advantages, including the incorporation of prior information, greater flexibility when handling
smaller datasets, and the ability to generate full posterior distributions of model parameters. However, Bayesian methods are not
inherently superior to frequentist approaches, as both frameworks possess distinct strengths and limitations. In situations involving
sparse events, Bayesian inference may still be constrained unless informative priors are carefully chosen. The present study therefore
demonstrates the complementary role of Bayesian survival models alongside classical survival analysis approaches. A 95% confi-
dence interval was included in the diagnostic plots of the Bayesian lognormal accelerated failure time (AFT) model, and the posterior
density plots for the parameters appeared approximately normally distributed.

4.8. Limitations

To assess the robustness of the findings under sparse event data, sensitivity analyses were conducted using alternative prior
specifications. The results indicated that posterior estimates were sensitive to overly diffuse priors but became more stable under
weakly informative priors. These analyses emphasize the importance of prior specification in small-sample Bayesian survival models
and reinforce the exploratory nature of covariate inference in this dataset. It is important to acknowledge explicitly that the low event
rate limits the strength and precision of the conclusions drawn from the analysis. Consequently, the findings should be interpreted
with caution. In addition, the use of retrospective hospital records may introduce selection bias into the study.

Future studies involving larger event counts and prospective study designs are therefore recommended in order to provide stronger
and more reliable inference.

5. Conclusion

This study evaluated Bayesian parametric accelerated failure time models, namely the Exponential, Weibull, and Lognormal
models, applied to survival data obtained from hypertensive patients at Okemesi General Hospital, Ekiti State, Nigeria. Model
comparison based on the Watanabe—Akaike Information Criterion (WAIC) and the Leave-One-Out Information Criterion (LOOIC)
indicated that the Lognormal model provided the best fit to the data. Occupation emerged as a consistent determinant of survival
outcomes, with patients engaged in formal employment exhibiting longer survival times, whereas dependent patients experienced
substantially shorter survival times. The findings underscore the importance of socioeconomic factors in hypertension management
and suggest that targeted interventions addressing occupational vulnerability may improve patient outcomes. From a methodological
perspective, the study demonstrates the usefulness of Bayesian accelerated failure time models when the proportional hazards as-
sumption is violated, since they provide direct estimates of the effects of covariates on survival time. Nevertheless, the analysis was
constrained by the relatively small number of observed events (14 deaths among 155 patients), which limited parameter identifiability
and reduced estimation precision. Although sensitivity analyses using alternative priors confirmed the robustness of the major find-
ings, the resulting inference remains largely exploratory. Larger datasets with higher event frequencies are required to validate these
findings and strengthen the conclusions. Future research should extend Bayesian survival modeling to broader patient populations,
incorporate informative priors based on clinical knowledge, and explore hierarchical modeling structures capable of accounting for
hospital-level variation. Such studies would contribute to both methodological advancement and the practical application of Bayesian
survival analysis in resource-limited settings.

Data availability

Data will be made available on request.
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