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Abstract: This paper proposes the performance of 

Weibull, Gamma, Log-logistic, and Lognormal 

distributions for modeling the survival times of stroke 

patients using real-world data. Model performance was 

evaluated using log-likelihood, AIC, BIC, and graphical 

diagnostics, including PP plots, QQ plots, and fitted 

density and cumulative distribution curves. The 

comparative analysis identifies the distribution that best 

captures the observed survival pattern, providing a 

robust foundation for risk assessment and survival 

prediction. 

Index Terms: Parameter model, log-likelihood, Akaike 

Information Criterion, Bayesian Information Criterion, 

Survival analysis, real-life data. 

I. INTRODUCTION 

The importance of distribution selection was 

emphasized in these studies, which aimed to compare 

the survival estimates for 2019 and 2020 [3]. These 

studies analyzed colorectal cancer data using a 

combination of Cox semi-parametric models and 

Weibull parametric models. This illustrates the use of 

parametric approaches when the risk structures are 

well-defined. It is also used in predicting limited 

mean survival time and for health technology 

assessment [4]. Survival analysis establishes itself as 

a crucial statistical framework in biomedical 

research, clinical trials, and reliability engineering, 

providing methodological tools for modeling event 

outcomes over time and investigating factors 

affecting survival patterns. Choosing an appropriate 

parametric distribution is central to obtaining 

accurate estimates of survival probabilities and 

hazard functions. Early contributions utilized 

classical distributions such as Weibull, exponential, 

and log-normal, demonstrating their relevance in 

medical applications and contrasting them with non-

parametric techniques, including the Kaplan-Meier 

estimator, and semi-parametric approaches such as 

the Cox regression model [1,2].  Advances in 2022 

further expanded the flexibility of the parametric 

survival model [5], providing a comprehensive 

review of traditional and extended distributions, 

including the Weibull, Gamma, log-normal, log-

logistic, and generalized gamma families, while 

subsequent studies introduced modified Weibull 

extensions and multi-time scale parameter models to 

improve the fit for diverse and censored datasets 

[6,7]. This presents modern computational techniques 

and recent advancements (2023–2024), particularly 

in Bayesian parametric modeling and its applications 

in high-dimensional data. Paolucci et al. [8] utilize 

Bayesian Weibull models for medical survival 

prediction, while investigations on breast cancer 

datasets from Gunma University Hospital [9] and 

spatially dependent survival data [10] demonstrate 

the potential of extended hazard frameworks. 

Distribution fitting studies, such as those involving 

Weibull, log-logistic, and Gompertz distributions, 

compare classical and flexible families on real-world 

datasets [11–14]. By 2025, research will have 

expanded through the introduction of advanced 

treatment models and flexible parametric 

distributions. The accelerated Weibull, generalized 

gamma, and hybrid log-logistic-Weibull models are 

used to understand complex risk structures, account 

for long-term survivors, and handle heterogeneous 

patient populations [15–17]. The current study 

explores generalized gamma, accelerated Weibull, 

and log-logistic distributions for modern medical 

datasets, as well as advanced Bayesian and mixture 
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parameter models suitable for high-dimensional 

survival data [18–20]. The current study uses four 

possible parametric distributions, Weibull, Gamma, 

Log-logistic, and Lognormal, to predict the survival 

of stroke patients in an emerging context. Model fit is 

assessed through statistical criteria such as AIC, BIC, 

and log-likelihood, as well as graphical methods 

including PP and QQ plots and comparisons of PDF, 

CDF, and ECDF. The objective is to identify the 

most appropriate parametric model for accurate 

survival prediction and risk assessment in stroke 

patients. 

 

II. LITERATURE OF REVIEW 

Applications of parametric survival analysis in 

medical datasets focus on improving model 

flexibility for baseline data. The use of flexible and 

generalized gamma models [1] shows that extended 

distributions can better describe breast cancer 

survival times compared to traditional models. Based 

on this, the generalized log-logistic proportional 

hazards model [2] contributed further flexibility by 

accommodating different hazard patterns, making it 

suitable for complex medical data. 

Comparative assessments among Cox regression and 

parametric alternatives consistently point to the 

strengths of fully specified distributions. Studies on 

colorectal cancer demonstrate that Weibull-based 

models perform better than semi-parametric methods 

when smooth risk estimation is required [3].  

Later simulation-based work investigated how 

parametric models perform under extrapolation, 

especially for estimating the median survival time 

defined in long-term predictions [4]. 

The comprehensive methodological review of 

survival and reliability parameter distributions further 

clarified their historical development and practical 

benefits in research [5]. Additional contributions were 

found in advancing Bayesian approaches, such as the 

modified Weibull extension distribution, for 

modeling censored clinical data, emphasizing 

improved inference under uncertainty [6]. Flexible 

parametric models also gained traction for analyzing 

data with multiple time scales, demonstrating their 

value in multidimensional clinical time series [7]. 

 

Recent advancements have introduced Bayesian 

parametric frameworks for medical prediction tasks, 

and this plays a significant role in providing robust 

methods for incorporating prior information [8]. Its 

real-world applications in breast cancer confirm the 

utility of parametric survival methods in identifying 

patient-specific risk patterns [9]. Spatial dependent 

survival models extend these concepts by addressing 

geographical variation in health outcomes using 

excess risk approaches [10]. 

III. METHODS 

This structured method allows for a rigorous 

comparison of applicant parametric distributions and 

ensures robust survival prediction for stroke patients. 

This retrospective study analyzed survival data from 

stroke patients. The primary outcome was time-to-

event (𝑇), measured in months from diagnosis to 

stroke occurrence or censoring. The censoring 

indicator (𝛿) was coded as:  Probability Density 

Function (PDF) represents the instantaneous risk of 

the event at time 𝑡, Weibull, gamma, lognormal, 

loglogistic distribution 

𝑓(𝑡; 𝜆, 𝑘) =
𝑘

𝜆
(
𝑡

𝜆
)
𝑘−1

exp⁡[− (
𝑡

𝜆
)
𝑘

], 𝑡 > 0             (1) 
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1
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𝛽
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The Cumulative Distribution Function (CDF) gives 

the probability that the event occurs on or before time 

𝑡,  Weibull, gamma, lognormal, loglogistic 

distribution 

 𝐹(𝑡; 𝜃) = 𝑃(𝑇 ≤ 𝑡) = ∫ 𝑓(𝑢; 𝜃) 𝑑𝑢
𝑡

0
                     (5) 

 

   𝐹(𝑡) = 1 − exp⁡[−(𝑡/𝜆)𝑘]                                   (6) 

 

    𝐹(𝑡) = 𝛾(𝛼, 𝑡/𝛽)/Γ(𝛼)                                       (7) 
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  𝐹(𝑡) = Φ((ln⁡ 𝑡 − 𝜇)/𝜎)                                      (8) 

 

        𝐹(𝑡) = (𝑡/𝜆)𝜅/[1 + (𝑡/𝜆)𝜅]                          (9) 

Survival function gives the probability of surviving 

beyond time 𝑡 

      𝑆(𝑡; 𝜃) = 1 − 𝐹(𝑡; 𝜃)                                      (10) 

  

Likelihood Function for Censored Data For 𝑛patients 

with observed times 𝑡𝑖and event indicators 𝛿𝑖 

       𝐿(𝜃) = ∏ [𝑓(
𝑛

𝑖=1
𝑡𝑖; 𝜃)

𝛿𝑖𝑆(𝑡𝑖; 𝜃)
1−𝛿𝑖]             (11) 

 

The log-likelihood is used for maximum likelihood 

estimation of parameters, estimates 𝜃̂are obtained by 

maximizing ℓ(𝜃). 

ℓ(𝜃) = ∑ [
𝑛

𝑖=1
𝛿𝑖ln⁡ 𝑓(𝑡𝑖; 𝜃) + (1 − 𝛿𝑖)ln⁡ 𝑆(𝑡𝑖; 𝜃)]       

(12) 

Empirical and Theoretical Quantiles for Diagnostics 

is CDF (ECDF) 

𝐹̂𝑛(𝑡) =
1

𝑛
∑ 𝐼(

𝑛

𝑖=1
𝑇𝑖 ≤ 𝑡)                                    (13) 

 

PP-plot: Compares 𝐹̂𝑛(𝑡𝑖)with 𝐹(𝑡𝑖; 𝜃̂) 

QQ-plot: Compares observed quantiles 𝒕(𝒊)with 

theoretical quantiles 

𝑄𝑖
theoretical = 𝐹−1(

𝑖−0.5

𝑛
; 𝜃̂), 𝑄𝑖

observed = 𝑡(𝑖)            (14)                                  

 

Model Compare distributions, the following criteria 

were computed Akaike Information Criterion (AIC), 

Bayesian Information Criterion (BIC) 

  AIC = 2𝑘 − 2ln⁡ 𝐿(𝜃̂)                                        (15)                             

 

  BIC = 𝑘ln⁡(𝑛) − 2ln⁡ 𝐿(𝜃̂)                                 (16) 

 

𝑘is the number of estimated parameters and 

𝑛is the sample size. Lower AIC and BIC indicate 

better model fit. 

III. ANALYSIS 

This research used secondary data collected from the 

Kaggle website, specifically a 10-year dataset of 

medical records from stroke patients. R software is 

used to carry out the entire analysis, using the 

following packages: fitdistrplus for parametric 

distribution fitting and MLE estimation. ggplot2 for 

visualization of PDFs, CDFs, and ECDFs. Table 1 

shows that values in the Comparative analysis of 

survival models demonstrate that the Weibull 

distribution provides the most accurate representation 

of survival times in this dataset.  

 

With very low AIC and BIC values and a shape 

parameter that indicates increasing risk over time, the 

Weibull model closely matches the observed survival 

behavior. In contrast, the gamma and lognormal 

models show moderate fits, while the log-logistic 

model performs poorly. Overall, the Weibull 

distribution emerges as the most appropriate choice 

for modeling survival outcomes. Suggests the 

Weibull model is more effective a capturing the 

underlying distribution in the real-life dataset. 

 

Figure 1 provides graphical diagnostics to assess how 

well the Weibull, Gamma, Log-logistic, and 

Lognormal distributions represent observed survival 

times. Of these, the Weibull model shows the closest 

agreement with the empirical data. Its density curve 

fits the histogram well, and both the QQ and PP plots 

have points very close to the reference line, 

indicating a strong fit in terms of magnitudes and 

probabilities. The Gamma and Lognormal models 

perform moderately well, as they follow the 

empirical distribution but show clear deviations, 

especially in the upper tail.  

 

In contrast, the Log-logistic model deviates 

greatly, especially in the left tail of the PDF and in 

both the QQ and CDF comparisons, indicating that its 

hazard structure is not consistent with the data. The 

Gamma and log-normal models are acceptable and 

provide a less accurate fit, and the log-logistic model 

performs poorly. In comparison, the Weibull model 

shows superior performance. 
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Table 1. Comparison of Parametric Survival Models 

for Stroke Patients 

 

Model 
Shape Scale LL AIC BIC 

Weibull 1.864 7.235 
-

2154.61 
4315.21 4388.88 

Gamma 2.455 0.381 
-

2183.74 
4375.48 4540.34 

Log-

Logistic 
2.353 5.638 

-

2260.47 
4526.94 4516.20 

Lognormal 1.645 0.738 
-

2249.40 
4502.80 4328.62 

 

 

 

Figure 1. Parameter estimates for the fitted models 

using stroke patients’ survival time (in months) and 

their average glucose levels 

 

V. CONCLUSION 

In the survival analysis of stroke patients, among the 

possible distributions used – Weibull, gamma, log-

logistic and lognormal – the Weibull distribution 

performed best, exhibiting the lowest AIC and BIC 

values and the highest log-likelihood. The Weibull 

model can be used to estimate that the risk of stroke 

events increases over time. Future studies could 

incorporate relevant variables such as age, gender, 

hypertension, BMI, and glucose levels of stroke 

patients into the analysis. Simultaneously, exploring 

time-dependent covariates would help in modeling 

risk factors that change over time. 
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