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Abstract 

This study aimed to compare the result of survival models such as Cox-proportional hazards model, Weibull 

regression model, Log-logistic regression model and Gompertz regression model to determine the model that 

best fits the hypertensive patients’ data and observe factors that affect hypertensive patients’ length of stay in 

hospital. Kaplan-Mieir (K-M) method was used to estimate the survival curve of the hypertensive patients and 

the survival models fitted to hypertensive patients’ data. Models were estimated by maximum likelihood 

estimation method and model selection criterions used were Log-likelihood and Akaike Information Criterion 

(AIC). It was found that 22.5% of hypertensive patients are discharged after seven days of admission into 

hospital. The results of AIC and Log-likelihood show that Log-logistics regression model best fit the 

hypertensive patients’ data and could better determine the prognostic factors associated with hypertensive 

patients’ length of stay in hospital. The results of log-logistic regression model revealed that sex, age, CVA, 

obesity, smoking, heredity and chronic disease are prognostic factors affecting the length of stay of hypertensive 

patients upon admission in hospital. Therefore, it is recommended that researchers of the health care unit 

consider this model (Log-logistics regression model) in their researches concerning hypertension.  
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Introduction  

Hypertension is widely known as the “silent killer” because it has no specific sign and symptoms in the initial 

state. According to the World Health Organization (WHO), the pervasiveness of hypertension is higher in the 

African Region at 46% of adults aged 25 years and above, whiles the lowest was found in the American region 

(35% of adults). Men in this region had higher prevalence than women (39% for men and 32% for women). 

High prevalence of hypertension has been reported in some recent studies conducted in Nigeria. Hypertension is 

the most common non communicable disease in Nigeria. Hypertension and its complications constitute 

approximately 25% of emergency medication admissions in urban hospitals in Nigeria (WHO). 

Hypertension or high blood pressure is a worldwide problem that affects approximately 15-20% of all adults 

(Wang, Manson, Buring, Lee and Sesso, 2008). Hypertension known as silent killer as it showed no symptom. 

Even though it is simple to diagnose and usually can be controlled by healthy diet, regular exercise, medication 

prescribed by doctors or a combination of these, untreated hypertension will cause serious condition (Campbell, 

McAlister, Brant  et al., 2002).  

The cause of hypertension is multifactorial; several behavioral and socioeconomic factors can put an individual 

at risk. Metabolic risk factors like obesity, diabetes and raised blood lipids can also contribute to the 

development of hypertension and its complications (Yusuf, Hawken, Ounpuu, Bautista, Franzosi, Commerford 

et al., 2005). The researcher want to know some prognostics factors that affect the hypertensive patients using 

different survival models. Survival analysis is a class of statistical methods designed to study the occurrence and 

timing of events. Survival analysis is the core of any study of time to a particular event, such as death, infection 

or diagnosis of a particular disease.  

The use of survival analysis in medical research is increasing, thereby; the need to model survival data with 

efficient and flexible model is highly necessary. Cox regression, a semi-parametric model which focuses on the 

effect of covariates on hazard was most used in medical research because of its flexibility and there is no need to 

estimate the baseline hazard function (Teshnizi and Ayatollahi, 2017). In Cox regression, the distribution of 

observed survival time is not clear, so, it would be better to use the parametric models that focus the distribution 

form of survival time such as Exponential, Weibull, Log-Logistic, Log-Normal, Gamma, and Gompertz. 
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(Almasi-Hashiani, Zareifar, Karimi, Khedmati, Mohammadbeigi, 2013; Neyestani, Fereydouni and Hejazi, 

2007; Teshnizi and Ayatollahi, 2017). These models are mostly used in the survival analysis in clinical research. 

It has not been established which model among the four that is most efficient in the survival analysis data. This 

study therefore, compares four models, Cox proportional hazard model which is a non- parametric model, 

Weibull, Log-logistics and Gompertz models which are parametric models, toward establishing the one that 

would be most suitable for the analysis of hypertensive patients’ data in clinical research and identify the 

prognostic factors that affects the survival of hypertensive patients.  

Survival of patients with different ailments and comparison of Parametric, Semi-parametric and non-parametric 

survival models have been studied in the literature. Parametric models are only occasionally used in the analysis 

of clinical studies of survival although they may have advantages over Cox’s model (Nardi and Schemper, 

2003). Mohamed et al. (2007) compared Cox regression and parametric models for survival of patients with 

gatric carcinoma. Lui (2010) investigated the survival analysis of patients with breast cancer. The influence of 

clinical and pathologic features, as well as molecular markers on survival time are investigated. Adelian, Jamali, 

Zare, Ayatollahi, Pooladfar, and Ronstaei (2015) investigated the performance of Cox’s regression model and 

parametric models in evaluating the prognostic factors for survival after liver transplantation. Teshnizi and 

Ayatollahi (2017) compared Cox and parametric regression models regarding survival of children with acute 

leukemia in southern Iran. In order to identify factors affecting their survival, the Cox and parametric models 

(exponential, Weibull, log-logistic, log-normal, Gompertz and generalized gamma) were fitted to acute 

leukemia data. Sadegh and Iraj (2017) evaluated the comparison of cox model and parametric models in analysis 

of effective factors on event time of neuropathy in patients with type 2 diabetes.  

Hashemian, Garshasbi, Pourhoseingholi and Eskandari (2017) used non-parametric Cox model and parametric 

Log-logistic model to evaluate factors influencing survival of patients with colorectal cancer and the models 

efficiency were compared to provide the best model. Ezekiel and Aako (2018) compared Cox’s and Weibull 

regression models in assessing the prognostic factors for survival of asthmatic patients. Ayalew, Erango and 

Gergiso (2019) examined major factors that affect survival time of hypertension patients under follow-up. Four 

parametric accelerated failure time distributions: Exponential, Weibull, Log-normal and log-logistic were used 

to 

analyse survival probabilities of the patients. Amuche, George and Edith (2019) compared six parametric 

survival models; Exponential, Weibull, log-normal, log-logistic, Gompertz and Hypertabastic model and their 

performance were assessed using Akaike information Criterion (AIC) and Bayesian Information Criterion (BIC) 

goodness of fit criteria to determine the best model for predicting survival of hypertensive patients. Erango, 
Gergiso and Hebo (2019) compared Parametric distributions: Exponential, Weibull, Log-normal and log-logistic 

using both Bayesian and classical approaches in order to detect potential factors that affects survival probability 

of hypertensive patient’s under follow up. Adeboye, Ajibode, and Aako (2020) assessed the survival of 

asthmatic patients using parametric and semi-parametric survival models.  

Methodology 

The data for this study was collected on hypertensive patients from Badagry General Hospital, Lagos state. The 

study population included eighty (80) hypertensive patients. 12.5% of the patients are between 15-30 years of 

age, 28.75% are between 31-50 years of age while 58.75% are 50 years and above. 47.5% of the patients are 

male while 52.5% of the patients are female. 11.25% of the patients are smokers, 12.5% are alcoholic, 3.75% 

are obese, 2.5% have chronic disease, 22.5% have cardiovascular accident and 8.75% have hypertension due to 

hereditary factor. The prognostic factors examined include sex, age, cardiovascular accident (CVA), obesity, 

smoking, heredity, Alcoholic consumption, chronic disease and Length of stay upon admission in hospital. The 

dependent variable is length of stay upon admission in hospital and the event is that a patient is discharged/died 

within seven days of admission in hospital or is still in the hospital (censored). 

Different probabilistic survival analysis methods including parametric and non-parametric models were used in 

this study. There are: Cox proportional Hazard model, Weibull regression model, Log-logistics regression 

model and Gompertz regression model. The above models are to be considered because they are widely used in 

fitting survival data. The models are to be fitted to the data by maximum likelihood estimation method with a 

view to find the best fitted model using model selection criterion such as Log-likelihood and Akaike 

Information Criterion (AIC). The statistical package R would be used for analyzing the data. 

Kaplan-Meier Estimator 

The Kaplan-Meier (K-M) method is the most popular in developing survival function (Collectt, 2003). The K-M 

method can be used to estimate the graph of S(t), the probability of surviving at least to time t, against time t  
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(survival curve) from the observed survival times without the assumption of the underlying probability 

distribution. (Gokovali et al., 2007). 

Let  be the ordered event times in the sample. For , let  denote the total number of failures 

occurring at time ,  denote the total number that haven’t failed by time ,  denote the total number at risk 

at time , and . Thus, Kaplan and Meier (1958) estimate of survival time  is given by; 

       

In the absence of censoring, the KM estimator reduces to the empirical survival function. 

Cox Proportional Hazard Model 

Cox proportional hazard model or Cox regression model is a well-recognized statistical technique for exploring 

the relationship between the survival of patient and the several explanatory variables or covariates. Cox method 

does not assume any particular distribution for survival times, rather it assumes that the effect of different 

explanatory variables on survival are constant over time and are additive in a particular way. The model 

assumes that the hazard of an individual is proportional to the hazard of any other individual. 

The hazard is modeled as: 

  

where  is the collection of explanatory variables 

 = baseline hazard time t representing the hazard for a person with value 0 for all explanatory variables. 

= regression coefficient which is estimated by the partial likelihood estimation procedure. 

Weibull Regression Model 

The Weibull distribution is characterized by two parameters, the shape parameter (dimensionless) and the scale 

parameter. Weibull model assume that the survival time follows a specified probability distribution and has an 

explicit relationship with covariates i.e. assumption is made on the shape of the underlying hazard function (Lee 

and Wang, 2003). Parametric methods also assume that the censoring observation should be independent. Over 

the years, estimation of the shape and scale parameters for Weibull distribution function has been approached 

through maximum likelihood method (Cohen and Whitten, 1982). Hossain and Zimmer, (2003) obtained the 

maximum likelihood estimate of Weibull parameters for complete and censored samples. 

Gompertz Regression Model 

The Gompertz distribution is a parametric model with applications in medical and actuarial studies. Basic 

assumption of Gompertz law is that the resistance to death decline exponentially with age and the model 

assumes independent of censoring. Maximum likelihood estimation (MLE) is a method useful for fitting 

mortality parameters. This approach, defines for each possible value of Gompertz parameter the likelihood of 

observing the data. 

The probability density function (PDF) of Gompertz distribution is given by: 

  

The Gompertz distribution is characterized by the fact that the log of the hazard is linear in t, so 

  

and is thus closely related to the Weibull distribution where the log of the hazard is linear in log t. In fact, the 

Gompertz is a log-Weibull distribution (Rodriguez, 2010). 

Log-logistic Model 

Log- logistics is an alternative model for Weibulland Log-normal distributions. The hazard rate of Log-logistics 

distribution is hump-shaped (it first increase then decrease). The shape of the hazard rate of log- normal is the 

same as the log- logistics. In many cases, regression model based on a log- normal distribution is very close to 
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regression model based on the log- logistics distribution. We also considered this model because the baseline 

hazard has the value of 0 for  and is hump-shaped. 

Selection criteria 

Akaike information criterion (AIC) and Log-likelihood (LL) will be used as selection criteria for the models. 

The model with the lowest value of AIC and - (LL) term appears the best model to describe the survival of 

hypertensive patients.  

 AIC= -2(LL) + 2K/T 

where LL= Log likelihood value, K= number of parameters and T= total number of observation. 

Results 

Kaplan-Meier survival analysis procedure was used to examine the survival probability of length of stay of 

hypertensive patients in hospital.  Also, survival models were fitted for the data to determine the best model for 

survival analysis of hypertensive patients and identify the prognostic factors that affect the survival of 

hypertensive patients as presented in the following results. 

Table 1:  Kaplan – Meier (K - M) Survival Function 

time n.risk n.event survival std.err lower 95% CI 

 

upper 95% CI 

 

    1 80 7 0.912 0.0316 0.853 0.977 

    2 73 16 0.713 0.0506 0.620 0.819 

    3 57 11 0.575 0.0553 0.476 0.694 

    4 46 10 0.450 0.0556 0.353 0.573 

    5 36 13 0.287 0.0506 0.204 0.406 

    5 36 0 0.287 0.0506 0.204 0.406 

    6 23 3 0.250 0.0484 0.171 0.365 

    7 20 2 0.225 0.0467 0.150 0.338 

   10 7 0 0.225 0.0467 0.150 0.338 

   15 5 0 0.225 0.0467 0.150 0.338 

   20 2 0 0.225 0.0467 0.150 0.338 

Table 1 shows the K-M survival function of hypertensive patients which includes the survival probabilities, the 

standard error and the confidence interval for the probabilities. The survival probability that a patient will be 

discharged after seven days of admission into hospital is 0.225. This implies that 22.5% of hypertensive patients 

are discharged after seven days of admission into hospital.  

 
 
 
 
 
 
 
 
 

 
 
 

Figure 1: Kaplan-Meier's Curve 

Figure 1 shows the graph of survival probabilities of hypertensive patients and the confidence interval. The 

survival probabilities go down to 22.5% over seven days. This means that 22.5% of the patients still stay in 

hospital after seventh day. 
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Table 2: Comparison of Cox, Log-Logistic, Weibull and Gompertz Models 

 Cox llogis Weibull Gompertz 

shape NA 0.6916 0.2242 -0.0386 

scale NA 1.8567 2.4208 -2.2581 

AGE 0.2469 -0.1489 -0.2106 0.2082 

SEX 0.3227 -0.2596 -0.3275 0.3205 

SMOKING 0.5902 -0.3967 -0.3888 0.4144 

ALCH.CONSUMP.` -0.8697 0.6142 0.8703 -0.8922 

OBESITY 0.0668 -0.0678 0.6584 -0.4739 

CHRONIC DISEASE 1.4632 -0.7432 -1.1443 1.0770 

CVA 0.4489 -0.1941 -0.3796 0.3374 

HEREDITARY 0.5057 -0.2770 -0.4655 0.4089 

AIC 478.7728 348.5088 363.0522 366.4024 

Log-lik 237.2777 164.2544 171.5261 173.2012 

Table 2 presents the comparison of Cox, Log-logistic, Weibull and Gompertz regression models. The Cox 

regression coefficients of the prognostic factors are positive except that of alcoholic consumption which is 

negative. The coefficients of Log-logistic model are negative except that of alcoholic consumption which is 

positive. The alcoholic consumption and obesity coefficients are positive in Weibull model while others are 

positive. The alcoholic consumption and obesity coefficients are negative in Gompertz model while others are 

negative. The AIC and Log-likelihood values of Cox, Log-logistic, Weibull and Gompertz regression models 

are (478.8, 237.3), (348.5, 164.3), (363.1, 171.5) and (366.4, 173.2) respectively. The Log-logistic regression 

model has the lowest AIC and Log-likelihood values, hence, the best model for the survival of hypertensive 

patients. 

 
 
 
 
 
 
 
 
 
 

Figure 2: Survival fit of Cox, Log-logistic, Weibull and Gompertz Models 

Figure 2 shows the survival fit of Cox, Log-logistic, Weibull and Gompertz regression models. It is clearly 

shown that Log-logistic model best fit hypertensive patients’ length of stay in hospital on admission than other 

models. 

Table 3: Prognostic Factors of Hypertensive Patients Using Log-Logistic Model 

 data mean est se exp(est) z p-value 

shape NA 1.9969 0.2144 NA NA NA 

scale NA 6.4029 1.7811 NA NA NA 

AGE 1.4625 -0.1489 0.1474 0.8616 -1.01 0.3 

SEX 0.4750 -0.2596 0.2077 0.7714 -1.25 0.2 

SMOKING 0.1125 -0.3967 0.3121 0.6725 -1.27 0.2 

ALCH. CONSUMP. 0.1250 0.6142 0.3699 1.8481 1.66 0.097 

OBESITY 0.0375 -0.0678 0.6241 0.9344 -0.11 0.9 

CHRONIC 

DISEASE 

0.0250 -0.7432 0.5440 0.4757 -1.37 0.1 

CVA 0.2250 -0.1941 0.2276 0.8237 -0.85 0.3 

HEREDITARY 0.0875 -0.2770 0.3306 0.7581 -0.84 0.4 

Table 3 shows the data mean, estimate of the coefficients and its standard error, hazard rate and p-values of the 

prognostic factors of hypertensive patients’ length of stay in hospital using Log-logistic model. The Log-logistic 

regression model of hypertensive patients’ length of stay in hospital on admission has all its coefficients to be 

negative except that of alcoholic consumption. Factors with negative coefficients contribute to higher length of 
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stay in hospital. The p-values of the prognostic factors are not significant at 5% level of significance. This 

means that all these factors are associated with hypertensive patient’s stay beyond seven days in hospital. 

Considering the hazard rate of the prognostic factors, a unit increase in age is associated with 13.8% decrease in 

hazard rate. In other words, individual with higher age are more likely to stay beyond seven days in hospital. A 

unit increase in sex is associated with 22.9% decrease in hazard rate. This means that male patients are less 

likely to be discharged within seven day than female patients. A unit increase in alcoholic consumption is 

associated with 84.8% increase in hazard rate. This mean that individual with higher consumption of alcohol is 

more likely to be discharged within seven days. A unit increase in obesity is associated with 6.6% decrease in 

hazard rate which means that individual who is obese is less likely to be discharged within seven days. A unit 

increase in chronic disease is associated with 52.4% decrease in hazard rate. This means that those with chronic 

disease are more likely to stay in hospital beyond seven days. The hazard rate of patients with cardiovascular 

accident reduces by 17.6% which is an indication that those with cardiovascular accident are more likely to stay 

beyond seven days in hospital. Also, the hazard rate of hypertensive patients who inherits hypertension 

decreases by 24.2% which is an indication that those who inherit hypertension are more likely to stay beyond 

seven days in hospital. Therefore, sex, age, CVA, obesity, smoking, heredity and chronic disease are prognostic 

factors affecting the length of stay of hypertensive patients upon admission in hospital. 

Conclusions 

This study compares Cox, Weibull, Log-logistic and Gompertz regression models in other to establish the one 

that is most suitable for the analysis of hypertensive patients’ data in clinical research and identify the 

prognostic factors that affect the survival of hypertensive patients. Kaplan Meier procedure was used to estimate 

the survival probabilities of hypertensive patients’ length of stay in hospital upon admission. It was found that 

22.5% of the patients still stay in hospital after seventh day upon admission. The result of AIC and Log 

likelihood shows that Log-logistic, Weibull and Gompertz regression models fit the hypertensive patient's data 

more than Cox proportional hazard model. This shows that parametric regression models could better determine 

the factors associated with the hypertension than semi-parametric model. Log-logistic regression model which 

has the lowest AIC and Log-likelihood is adjudged the best fitted model for the analysis of hypertensive 

patients’ length of stay in hospital. Log-logistic regression model revealed that sex, age, CVA, obesity, smoking, 

heredity and chronic disease are prognostic factors affecting the length of stay of hypertensive patients upon 

admission in hospital. Therefore it would be better for researchers of health care unit to consider this model 

“Log-logistic regression model" in their researches concerning hypertension disease. 
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