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Abstract 

Background: HIV/AIDS epidemic continues to be the main challenge in the world. 

According to United Nations Program on HIV/AIDS (UNAIDS) and the World Health 

Organization (WHO) reports of 2013, 35 million people were living with HIV worldwide, 

with 2.1 million new infections and with 1.5 million deaths occurred each year. Among these, 

24.7 million lived in sub-Saharan Africa with 1.5 million new infections and 1.1 million 

AIDS deaths. 

 Method: The main objective of this study is finding factors affecting HIV/AIDS disease 

progression. This study was conducted to investigate the effect of factors on HIV/AIDS 

disease progression. Patient follow-up data is obtained at Yirgalim General Hospital. A 

sample of 370 Patient data from a follow-up cohort is obtained at Yirgalim General Hospital. 

Multivariate generalized hazard regression model was employed to investigate the disease 

progression using both time independent and time dependent covariates.  

Result: The study revealed that the risk of transition differs by patient's body mass index. 

Increase in the body mass index reduces the risk of transiting into the next worst states. The 

effects of sex, weight, age and body mass index of patients are significantly associated with 
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AIDS disease progression.  The risk of transition differs by patient's body mass index. 

Increase in the body mass index reduces the risk of transiting into the next worst states. The 

effect of sex, weight, age and body mass index of patients are significantly associated with 

AIDS disease progression. The results further revealed that the semi-Markov model with 

Weibull waiting time distribution has smaller log likelihood and AIC values compared to a 

semi-Markov model with exponential waiting time distribution. 

Conclusion:  Transition probabilities are highly dependent on the choice of waiting 

times. We recommend that while choosing waiting time distributions for semi-Marko models 

one should consider appropriate distributions as waiting time distribution effect have a 

significant change on the estimated model parameters. In addition, this study recommends 

that concerned bodies should look at deferent contributing factors of AIDS diseases 

progression in addition to the ART services administered for slowing the current level of high 

diseased population in the country. 

Key words: AIDS Diseases Progression, Waiting Time Distribution, Covariate effect, 

Transition Probability, Semi-Markov 

1. Background 

HIV/AIDS epidemic continues to be the main challenge in the world. According to United 

Nations Program on HIV/AIDS (UNAIDS) and the World Health Organization (WHO) 

reports of 2013, 35 million people were living with HIV worldwide, with 2.1 million new 

infections and with 1.5 million deaths occurred each year. Among these, 24.7 million lived in 

sub-Saharan Africa with 1.5 million new infections and 1.1 million AIDS deaths [1]. The 

burden of HIV/AIDS in sub-Saharan Africa and in Ethiopia in particular remains high.  

Continuous-time multi-state models are widely used for categorical response data in the 

context of the natural history of chronic diseases [2, 3].  
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Inference is difficult when the process is only observed at discrete time points, with no 

information about the times or types of events between observation times. Studies show that 

mortality among HIV-infected individuals depends on their CD4 cell counts and other 

associated risk factors. CD4 cell counts and risk factors accelerate or decelerate the state 

transitions of the AIDS disease [4].  Several studies are mainly concerned with estimation of 

transition and survival probabilities using Markov models without considering effects of 

covariates on the disease progression [5, 6, and 7]. The probability of dying increases in the 

worse transition states. The probability of being in healthy state after he/she started the 

treatment is higher as compared with any other working state [4].  Some factors may 

increase/decrease the hazard rate of transition between disease states. When patients get older 

and infected with TB, AIDS disease transition rates to death state increases [8]. In semi-

Markov Models, we are able to choose a parametric distribution with more freedom than in 

traditional Markov Chain. Parametric semi-Markov models are powerful for studying chronic 

diseases and estimating factors associated with transitions between different stages of disease 

progression. Literature shows there exists a growing interest to apply parametric semi-

Markov models for disease progression [9].  

The development of R packages such as the smm package [10] for disease modelling is 

motivated by the interest to include time-varying characteristics of individuals to transition 

rates through a parametric approach. Epifani et al. [11] used Bayesian estimation for a 

parametric Markov renewal model applied to seismic data. Their work focused on the 

development of methodology for Bayesian inference on a parametric Semi-Markov process, 

from the elicitation of the prior distribution to the computation of posterior summaries. The 

aim of this study is to find factors affecting HIV/AIDS disease progression using parametric 

semi-Markov model with interval censoring.  
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The method used tin this analysis is formalized in 2. In 3 we describe our main result. In 4 we 

discuss our results and describe our findings of this study by comparing with the methods 

presented in 2. In 5, we conclude with a discussion. 

2. Methods 

Data for this study were obtained from Yirgalim General Hospital.  Yirgalim General 

Hospital is located 300 km south of Addis Ababa in Yirgalim town of Sidama zone, the 

Southern Nation's Nationalities Region. The Hospital was inaugurated in 1968. The ART 

clinic started follow-up on HIV patient in 2000. We adopted a simple random sampling 

procedure to select sample of HIV patients from the lists of patients who follows ART 

between September 2008 and August 2015. Accordingly, the following sample size 

determination formula [12] is used:  

N

n

n
n

o

o

1
1




     where 
2

2

2 d

Pq
zno 








                                                                                  (1) 

where 
2

z  is the value of a standardized normally distributed variable at which the upper area 

under the curve is 
2


 , where   is significance level. For  = 0.05, 

2

z =1.96. The term p 

represents proportion of death among HIV/AIDS patients. The value of P used here is 

obtained from the previous comparable study conducted by Goshu and Dessie [5] on data 

taken from Felege Hiwot Referral Hospital which is p = 0.134. The degree of precision d 

selected for this study was taken to be 0.03. With total number of N = 1570 HIV/AIDS 

patients at the Yirgalem General Hospital, the sample size for this study is estimated to be 

375 patients. 
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Referring to the CDC [13] immunological classification of HIV/AIDS infected patients; we 

have five states defined as follows. The first four states are the good states and the last state is 

bad state or death state. Thus, based on the seriousness of the cases we have the following 

states: 

SI:   CD4 T cells count  500 x 
6

10 T cells/L 

SII:  350 x 
6

10 T cells/L CD4 T cells count < 500 x 
6

10 T cells/L 

SIII: 200 x 
6

10 T cells/L   CD4 T cells count  <350 x 
6

10 T cells /L 

SIV:  CD4 T cells count  200 x 
6

10 T cells/L 

D: Death.  

We assume the good states (state I, state II, state III and state IV) communicate with each 

other, and they communicate with the absorbing state, which is death. The number of patients 

finally analyzed was 365. The covariates included are Age, Sex, Place of residence, Religion, 

Marital status, Educational status, Occupational status, Drug use or not, Knowledge of ART 

service, TB status (positive or negative) and Post opportunistic infection. Due to the complex 

form of the waiting time distributions to the number of covariates under study our 

optimization methods fails to reach convergence. Thus, factors were added to the model- one 

at a time in univariate model and all factors are included simultaneously in multivariate 

model. Likelihood Ratio tests with covariates were performed to assess its goodness-of-fit. A 

Semi-Markov model is a statistical model with the same structure as a Markov model except 

that the sojourn time distribution is flexible in semi Markov rather than an exponential 

distribution in Markov. 

Suppose )5,4,3,2,1(S is the state space. We define the following random variables. 

SXn :  NTn :                                                                                              (2) 
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nX represents the state at the thn transition and 
nT represents the chronological time of the thn

transition. Let  tN be the counting process associated to the point process  NnTn , defined 

for any time 0t by : 

   tTntN n  ,sup       (3) 

The random variable  tN represents the number of transitions occurred in the interval of time

 t,0 . Let us define  
NnnT  as the duration process by : 

00 T nnn TTT   11  

Here 1 nT represents the duration time spent in state
nX .The process  

Nnnn TX ,  is called a 

Markov renewal process if 

 nnnnnn TTiXXXtTTjXP .,..,,,.,..,|, 01011    

 ,|, 11 iXtTTjXP nnnn                                                                                           (5) 

and for ji  .  The Semi-Markov kernel is given by 

   iXtTTjXPtQ nnnnij   |, 11                                                                         (6) 

The component of  tQij
, namely t, represents duration time of the process [9]. 

 

    



 NtSjiijtP tQ
t

ij ,lim                                                                        (7) 

Equation 7 represents the probability of a patient making its next transition to state j , given 

that he/she entered state i at time t and  tQt ijlim)(   is the 5 by 5 matrix of transition 

probabilities of the embedded Markov chain  
NnnX   

 

The probability density function of the waiting time in state i before passing to state j is 

given by: 



7  

 

   
t

iXjXtTTP
tf nnnn

t
ij 


 



,|
lim 11

0
                                                               (8) 

From density function, we can derive the cumulative probability function,   tFij
and the 

survival function   tSi. of waiting time in state $\textit{i}$ as defined by: 

     
 tP

tQ
iXjXtTTPtF

ij

ij

nnnnij   ,| 11
                                                            (9) 

      tFPiXtTTPtS ijijSjnnni   1|1 1.
                                                    (10) 

In semi-Markov modelling one can choose any eligible waiting (sojourn) time distribution. 

Thus, we considered both exponential distribution and Weibull distribution as the waiting 

time distribution. For exponential distribution, the hazard function is constant. The hazard 

function of the waiting time is given by: 

  0,0
1

 ij

ij

ij tt 


  

Further, the Weibull distribution generalizes the exponential distribution by using two 

parameters, which is more flexible and well adapted to various shapes. Its hazard function is 

defined by: 

  0,00,
1 










 

ijij

ijij

ij

ij t
t

t ij 



 

 

Where 
ij is the rate of transition from state i to state j and  is the shape parameter of the 

Weibull probability distribution. 

The hazard function of the Semi-Markov process, which represents the probability of 

transition towards state j between time t and tt  , given that the process is in state i for 

duration t can be derived as follows: 

   
t

tTTiXttTTtjXP
t nnnnnn

t
ij 


 



111

0

,|,
lim  
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 
 

   
jiSji

S

ttSp

tS

tfp

i

ijijij

i

ijij  ,,
..


                                                               (11) 

   tt ij
ji

ii 

  

Equation (11), can be interpreted as the subject's risk of progressing from state i to state j

after having stayed in state i for duration t[15]. 

 

Explanatory variables can be included at each level of the model through generalized 

regressions. A proportional hazards model is used to relate the transition intensities   tqij
at 

time t to covariates z (t) at that time. 

     tzqtztq
T

ijijij ,exp,   

The parametric model allows to incorporate covariates in the distribution of sojourn times 

using a proportional-hazards regression model [16]. 

3.  Results and Discussions 

The aim of this study is to find factors affecting HIV/AIDS disease progression using a 

parametric semi-Markov model with interval-censored data. We use the R package semi-

Markov to analyses the data and estimate the parameters of the semi-Markov model. Table 1 

shows comparison of waiting time distribution for fitting progression of the disease. Based on 

the result the log likelihood of exponential waiting time distribution (-2 * log-likelihood = 

5159.791 and AIC=5167.791) is higher than the log likelihood of Weibull sojourn time 

distribution (-2 * log-likelihood = 5056.362 and AIC=5064.362).  Therefore, the Weibull 

waiting time distributions are preferred for HIV/AIDS disease progression. Moreover, 

differences in the transition estimates from state to state in both waiting time distributions are 

obtained.  Exponential waiting time distribution generates wider confidence intervals as 
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compared with Weibull waiting time distributions. The Weibull waiting time distribution is 

preferable as compared with the exponential waiting times distribution for fitting our data. 

Table 1: Comparison of estimated transition intensities under Markov Model with 

Exponential and Weibull distribution 

Transition Exponential Weibull 

Estimate (CI) for  Estimate (CI) for  Estimate (CI) for  

1->2 25.042(20.02,30.06)  28.462(24.84 ,32.09)  1.232(1.09,1.37) 

1->3 26.311(10.32,42.30) 19.311 (14.59 ,24.03) 1.791(1.29,2.29 ) 

1->4 15.916(1.58, 33.42) 14.441(4.35 ,24.53) 1.364(0.55 ,2.18) 

1->5 86.317(85.62 ,87.01) 26.075(18.58 ,33.57) 2.517(1.35 ,3.69 ) 

2->1 18.005(15.46 ,20.55) 18.136(16.09 ,19.93) 1.333(1.21 ,1.46 ) 

2->3 18.403(14.68 ,22.13) 14.235(15.78 ,20.49) 1.471(1.27 ,1.67 ) 

2->4 13.845(6.98 ,20.71) 14.235(10.13, 18.34) 1.614(1.15 ,2.08) 

2->5 19.543(6.05 ,33.04) 17.77 (16.14 ,84.35) 0.906(0.51 ,1.30 ) 

3->1 16.516(11.51 ,21.53) 50.244(16.14, 84.35) 1.17(0.93 ,1.41 ) 

3->2 14.371(12.04 ,21.53) 14.602(12.92 , 16.28) 1.436(1.27 ,1.60 ) 

3->4 16.611(10.49 ,22.73) 17.017(12.26 , 21.78) 1.372(1.02,1.72) 

3->5 25.244(11.53 ,38.95) 29.414(15.64 ,43.19) 1.326(0.82 ,1.83 ) 

4->1 9.716(3.87,15.57) 10.176(5.05 , 15.31) 1.326(0.82 ,1.83 ) 

4->2 8.871(5.54,12.20) 9.157(5.88 ,12.43) 1.086(0.81 ,1.37) 

4->3 10.367(7.9,12.83) 11.003(8.96 , 13.04) 1.291(1.07 ,1.51 ) 

4->5 20.526(12.02,29.03) 20.124(10.63 ,29.62) 0.87 (0.61 ,1.13 ) 

-2log-like 5202.282 5056.362 
AIC 5167.791 5064.362 

 

Univariate regression modelling is used to identify significant factors associated with the 

effect of covariates for AIDS progression using generalized hazard regression modelling and 

we test the effect by Wald test statistics (H_{0}:theta_{ij}= 1).   The null hypotheses are the 

nullity of distribution parameters and the regression coefficients are equal to 1.  In this model, 

each factor was added to the model one at a time. The regression coefficient $\beta$, the p-

value of the Wald test when testing the absence of effect (H_ 0:  = 0) is also provided. 

Moreover, results regarding each distribution parameter sigma (or nu or theta) the p-value of 

the Wald test when testing H_ 0: sigma= 1 are provided. In this model, the regression 

coefficients are interpreted in terms of relative risk. The effect of covariates and the 
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proportional hazard assumption is evaluated by representing the hazard rates. The 

proportional hazard regression model is considered to study the effect of covariates.  

According to the univariate analysis covariates sex, age, weight and body mass index are 

found to be significant. However, TB co-infection, religion, educational status, place of 

residence, occupational status and opportunistic infections are not associated with increasing 

or decreasing the risk of developing the progression of the HIV/AIDS disease. 

 

Results in Table 2 are the multivariable regression coefficients associated with the effect of 

covariates for progression to the death state analyzed using generalized hazard regression 

model and Weibull waiting time distribution. The estimate of coefficient associated to the 

transition from state one to death state for sex is significantly different from 0 (  = -1.351; 

CI: (-2.68, -0.02); p<0.05). It means that male patient increases the risk of progression of 

leaving the first state to enter he death state compared with female patient who are under 

follow up. The estimated coefficient associated to the transition from state two to death for 

sex is significantly different from 0 (  = 3.732; CI: (2.04, 5.43); p=<0.05). 

Table 2: Estimates of the Multivariable Generalized Hazard Regression Coefficients from the 

starting state to death  

Variable Transition  Coef 95% CI  P_Value 

Sex: Male 
(Female , ref) 

1->5 -1.351 (-2.68 , -0.02) <0.05 
2->5 3.732 (2.04 , 5.43) <0.05 
3->5 0.002 (-1.41 , 1.41) 0.4401 
4->5 -0.447 (-1.49 , 0.59) 0.091 

Age: >35 years 
( 35 years , ref) 

1->5 1.270 (1.24 , 2.09) <0.05 
2->5 0.830 (-0.49 , 2.15) 0.1121 
3->5 -0.708 (-2.10 , 0.68) 0.3451 
4->5 -0.954 (-2.25 , 0.34) 0.7201 

Weight: >60kg 
( 60kg , ref) 

1->5 0.044 (0.01 , 0.08) <0.05 
2->5 -0.079 (-0.12 , -0.04) <0.05 
3->5 0.004 (-0.03 , 0.04) 0.7913 
4->5 0.006 (-0.02 , 0.03 ) 0.231 

BMI: >25 
( 25 , ref) 

1->5 -0.420 (-5.33 ,-0.18) <0.05 
2->5 -0.630 (-2.41 , 1.15) 0.331 
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3->5 -0.215 (-1.60 , 1.17) 0.0801 
4->5 0.793 (-0.19 , 1.77) 0.1561 

 

This means that male patients increase the risk of progression for leaving the second state to 

enter to the death state as compared with female patient. However, the estimated coefficient 

associated to the transition from state three to death (  = 0.002; CI: (-1.41, 1.41); p>0.05) 

and from state four to death (   = -0.447; CI: (-1.49, 0.59); p>0.05$) for the variable sex are 

not significant. This describes that for AIDS progression, the effect of gender difference is 

significant at the early stage (stage one and stage two) but does not have an effect at the later 

stages (stage three and stage four) to progress to the death state. 

 

The estimate of coefficient associated to the transition from state one to death state for age is 

significantly different from 0 (   = 1.270; CI: (1.24, 2.09); p<0.05). It means that patient age 

>35 years increases the risk of progression of leaving the first state to enter the death state 

compared with patient age <35 years. Whereas, the estimated coefficient associated to the 

transition from state two to death (  = 0.830; p>0.05$), state three to death (  = -0.709; 

p>0.05) and state four to death (  = -0.954; p>0.05) for age are not significant. The effect of 

age is important only during the early stage of the disease. The estimate of coefficient 

associated to the transition from state one to death state for weight of patient is significantly 

different from 0 (  = 0.044; CI: (0.01, 0.08); p<0.05). It means that patient weight >60 kg 

decreases the risk of progression of leaving the first state to enter the death state compared 

with patient weight  60 kgs. Similarly, the estimated coefficient associated to the transition 

from state two to death for weight is significantly different from 0 (   = -0.079; CI: (-0.12, -

0.04); p=<0.05). This means that patients weight > 60 kg decreases the risk of progression for 

leaving from the second state to enter to the death state as compared with patient weight < 60 
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kg. However, effect of weight is not significant for transitioning from state three to death and 

from state four to death. 

 

 The estimate of coefficient associated to the transition from state one to death state for BMI 

is significantly different from 0 (  = -0.420; CI: (-5.33, -0.18); p<0.05). It means that BMI > 

25 increases the risk of progression of leaving the first state to enter the death state compared 

with BMI  25 who are under follow up. However, body mass index is not significant for 

transition in to death at state two, three and four. 

 

In Table 3, we considered multivariable generalized hazard regression model to investigate 

disease progression to the next higher healthier state when covariates, sex, age, weight, and 

BMI of patients are simultaneously included.  

Table 3: Estimates of the Multivariable Generalized Hazard Regression Coefficients Between 

the Good States. 

Variable Transition  Coef 95% CI  P_Value 

Sex: Male 
(Female , ref) 

1->2 0.361 (0.03 , 0.69 ) <0.05 
2->3 -1.755 (-2.97 , -0.54) <0.05 
3->4 1.178 (0.48 , 1.87 ) <0.05 

Age: >35 years 
( 35 years , ref) 

1->2 -0.033 (-0.42 , 0.36) 0.8625 
2->3 0.009 (-0.39 , 0.41) 0.075 
3->4 0.714 (0.01 , 1.41) <0.05 

Weight: >60kg 
( 60kg , ref) 

1->2 0.015 (0.01 , 0.02) <0.05 
2->3 0.044 (0.02 , 0.07) <0.05 
3->4 -0.057 (-0.10 , -0.02) <0.05 

BMI: >25 
( 25 , ref) 

1->2 -6.605 (-11.66 , -1.55) <0.05 
2->3 -0.313 (-0.91 , 0.29) 0.3078 
3->4 0.658 (-0.27 , 1.59) 0.1659 

 

The estimate of coefficient associated to the transition from state one to state two for BMI is 

significantly different from 0 (   = 0.361; CI: (0.03, 0.69); p<0.05). It means that male 

patient decreases the risk of progression of entering to the next higher state as compared with 
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females when covariates sex, age, weight and BMI are included simultaneously.  Similarly, 

the estimate of coefficient associated to the transition from state two to state three (   = -

1.755; CI: (-2.97, -0.54); p<0.001), state three to state four (   = 1.178; CI: (0.48, 1.87); 

p<0.001) for are significantly different from 0. This depicts that the effect of gender is 

significant for a patient to progress to the next higher disease state.  

 

The estimate of coefficient associated to the transition from state one to state two (  = 

0.015; CI: (0.01, 0.02); p<0.05) and state two to state three ($\beta = 0.02; CI: (0.02, 0.07); 

p<0.001) and state three to state four (   = -0.057; CI: (-0.10, -0.02); p<0.05) for weight are 

all significantly different from 0. This shows that patients weight is important to understand 

the process of evolution of the disease. The estimated coefficient associated to the transition 

from state one to state four (   = -11.66; CI: (-11.66, -1.55) ) for BMI is significantly 

different from 0. It means that BMI >25 decrease the risk of progression of leaving state one 

and entering to state four as compared with BMI  25 when all covariates are included 

simultaneously. However, BMI of patients is not important to understand the process of 

evolution of the disease from state two to state three and state three to state four. 

4. Discussions 

This study was intended to assess the effects of covariates on the evolution of HIV/AIDS 

disease progression using parametric Semi-Markov model on the data obtained from follow-

up of patients at Yirgalem General Hospital during 2008-2015. Both univariate and 

multivariable generalized hazard regression models were used to assess the effects of 

covariates on the evolution of the disease process. The results obtained are discussed as 

follows. 
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Concerning the compressions of exponential waiting time distribution with Weibull waiting 

time distribution, estimates of Weibull waiting time distributions with similar values of Log 

likelihood and AIC were more preferred than estimates of exponential waiting time 

distribution when similar covariates are included in the model.  Most likely these may be due 

to the incorporation of other shape parameter in Weibull waiting time distributions and multi-

modal hazard functions for the Weibull probability distribution may maintain a good 

approximation. However, the real advantage of using the Weibull it allows a reasonable 

degree of flexibility with few additional parameters as stated in [3, 17 and 18]. Unlike the 

studies of [4, 5, 8, 9] this showed that the estimated parameters of the disease progression are 

highly dependent on the waiting time distribution considered in the hypothesized model. 

 

Unlike the study of [19] fitting hitting times under a continuous Markov model through 

simulation results were far from expected. The most striking of these results is the absence of 

waiting time distributions between the states, which suggests that after reach the steady state 

there is no evidence of a relation between these two diseases states. This further suggests that 

assuming parametric waiting time distributions has the advantage to switch non-overlapping 

states and absorbing states. Unlike our study, Mandel proved that goodness-of-fit tests for the 

Markov assumption could be conducted by embedding the model in a larger model and using 

the likelihood ratio test. Although the tests are impartial, it should be interpreted as a crude 

approximation as the distributions of the waiting times are unknown in each state. 

 

The results in this article contrasts with the method proposed by [2, 3] in which a phase-type 

distributions are used directly as the sojourn waiting time) distributions in the semi-Markov 

model.  Although there exists state misclassification in the phase type approximation, the 

direct approximation of the waiting time distributions recovery enables the semi-Markov 
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model to estimate the transition times of the censored observations. The findings of the study 

using generalized hazard regression model shows that sex, age, weight and body mass index 

of the HIV/AIDS patient are found to be significantly associated with the AIDS disease 

progression.  The risk of patients moving from state I to state II for patients aged greater than 

35 years of old were greater than those of patients aged 35 years of old and less as [4].  This 

might be because of two reasons.  First, when patients become older their immunity for the 

disease decreases therefore this will increase the progression in latter stages. Second, old 

patients are more exposed with different activities like drinking alcohols, smoking cigarettes 

than in the younger ages. Similarly, the risk of transition differs based on their Gender, 

weight and Body Mass Index (BMI). The estimated survival probabilities for HIV infected 

patients can also be used for comparing them with respect to certain categories such as 

gender, age group or type of antiretroviral therapy.  Similar to our studies [6] study allowed 

him to deduce certain correlations between survival probabilities and specific factors such as 

the patient’s gender and/or age.  As a further improvement unless our study his methodology 

was used to compare the efficiency of different antiretroviral therapies. 

 

Finally, Inference for semi-Markov models under direct incorporation of waiting time 

distribution permitted us to estimate and assess the effects of different covariates on the 

progression of the diseases.  The effect of choosing appropriate waiting time distribution has 

significant effect on the estimated model parameters. 

5.  Conclusions 

This study aims to assess the effects of covariates on AIDS disease progression using 370 

follow-up data obtained from Yirgalim General Hospital. Univariate regression analysis 

using generalized hazard regression revealed that effects of sex, age, weight and body mass 

index are significantly associated with AIDS progression. Other factors such as the effects of 
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TB co-infection, religion, educational status, place of residence, occupational status and 

opportunistic infections are not associated with increasing or decreasing the risk of 

developing the progression of the disease. We also assessed the effect of waiting time 

distribution on disease progression when covariates are included in the model.  The study 

also found that gender differences are very important during the early stage of the AIDS 

progression and it becomes unimportant at the later stages (stage three and stage four). Our 

final multivariable model revealed that the effect of these covariates (sex, age, weight and 

body mass index) is different at different disease stages for HIV/AIDS progression. 

 

This study confirmed that AIDS disease progression was affected by the choice of sojourn 

time distributions. The results further revealed that the semi-Markov model with Weibull 

waiting time distribution has smaller log likelihood and AIC values compared to a semi-

Markov model with exponential waiting time distribution. This reveals that, in the setting of 

semi-Markov model with Weibull waiting time distributions are better for providing 

statistically valid estimates of the effects of covariates for AIDS diseases progression. Thus, 

this study recommends that while choosing waiting time distributions for semi-Marko models 

one should consider appropriate waiting time distribution.  In addition, the study recommend 

that concerned bodies should look at different contributing factors of AIDS diseases 

progression in addition to the ART services administered for slowing the current High level 

mortality and progression of the disease in the country. 
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