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Abstract 9 

Background: The human immunodeficiency virus (HIV) is a viral infection that destroys the 10 

human immune system resulting in acquired immunodeficiency syndrome (AIDS). The Zambia 11 

HIV prevalence rate is among the highest in the sub-Saharan Africa. With no HIV vaccine and 12 

cure for HIV/AIDS, the antiretroviral (ARV) therapy that slows the spread of the virus remains 13 

the only option. The administration of ARV has challenges of Transmitted Drug Resistance 14 

Mutation strains (TDRMs) in the treatment of HIV naïve patients. To address these challenges, 15 

we propose use of transition probabilities when prescribing a switch from first-line to second-16 

line or to third-line regimen on ARV drugs combination.  17 

Methods: We formulate a statistical technique for determining an optimal ARV drugs 18 

combination. Using data from the Zambia National Health Research Authority, we compute 19 

transition probability matrix chart on ARV therapy combination of the first and second baseline 20 

regimens using a Beta-Binomial Hierarchical model. We check parameter convergence using 21 

history and density plots, and check model adequacy using the deviation information criteria.   22 
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Results: The estimates converge to the fitted model as demonstrated by the history and density 23 

plots. The transition probability matrices corresponding to, TDF+ETC+NVP, TDF+FTC+EFV, 24 

AZT+3TC+NVP, AZT+3TC+EFV, D4T+3TC+NVP and D4T+3TC+EFV provide an upper 25 

triangular matrix of the probabilities. We observe a higher probability of remaining in the same 26 

regimen state than that of moving to another state. The computed transition probability matrix 27 

chart aid in deciding on the most effective combination to prescribe to a patient, in the presence 28 

of TDRM test results. Based on transition probabilities TDF+ETC+NVP, TDF+FTC+EFV, 29 

AZT+3TC+EFV and D4T+3TC+EFV cannot be prescribed to the patients who test K101 E and 30 

115Y F strains. The available option to the patients’ remains either AZT + 3TC + NVP or  D4T 31 

+ 3TC + NVP. Combination AZT + 3TC + NVP with success probability of 0.97027 should be 32 

prescribed to the patient.  33 

Conclusion: The transmission probabilities play a major role in aiding the physicians make an 34 

informed decision when prescribing an optimal drug combination. All newly diagnosed HIV 35 

individuals should have a TDRM test before any prescription on ARV therapy combination is 36 

made.  37 

Keywords: Transmitted drug resistance mutation strains, Prior distribution, likelihood 38 

distribution, posterior distribution, Markov Chain Monte Carlo (MCMC), Transition 39 

probability matrix.  40 

 41 

Background 42 

The introduction of highly active antiretroviral therapy (ART) as treatment for HIV infection 43 

has greatly improved mortality and morbidity for adults and children living with HIV around 44 

the world [1]. According to [1], TDF is superior to AZT in terms of immunologic response and 45 

adherence and less frequent emergence of resistance. But how much the other drugs in the 46 
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regimens contributed to these findings remain unclear. Treatment failure remains a significant 47 

challenge, particularly for highly treatment-experienced patients, despite the success of ART 48 

combination in improving clinical outcomes. In addressing the problem, [2] provides guidance 49 

in selecting active tolerable drug combinations, that promote a reasonable quality of life, full 50 

adherence and a durable treatment response.  51 

According to [3], the number of HIV-infected individuals with prior multiple treatment 52 

failures have been increasing with time. The success of ART in the patients with these 53 

characteristics is often compromised by the selection of drug-resistant viruses. Maintaining 54 

treatment HIV-infected individuals failing virologically and harbouring drug-resistant viruses, 55 

might ameliorate immunological deterioration, until new drugs became available [3]. The 56 

prescription of efavirenz to NNRTI-naive patients among heavily pre-treated patients is 57 

associated with a good virological response, while a high baseline viral load, a large number of 58 

protease inhibitor (PI) resistance mutations and nelfinavir prescription at baseline are associated 59 

with a poor virological response [4]. Lamivudine (3TC) and emtricitabine (FTC) are guideline 60 

choices for combination highly active antiretroviral therapy (HAART), where the former has a 61 

shorter intracellular half-life than the latter, which may be more likely to lead to the 62 

development of drug resistant HIV variants. No evidence of an increased risk of development 63 

of M184V and K65R in patients exposed to 3TC established [5]. According to [6], Emtricitabine 64 

and lamivudine showed differing resistance profiles when administered in combination with 65 

tenofovir disproxil fumarate and either efavirenz or a ritonavir-boosted PI. However, the 66 

prevalence of the M184V/I resistance mutation was significantly lower in patients who received 67 

emtricitabine and tenofovir disoproxil fumarate than in those who received lamivudine and 68 

tenofovir disoproxil fumarate.  69 

Although HAART has been associated with improved clinical response to treatment, 70 

issues of adherence and viral resistance are major challenges limiting its success [7]. Further 71 
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studies evaluating the effects and safety of TDF + FTC + EFV as first-line treatment for patients 72 

with HIV are needed. The need to understand the occurrence of antiretroviral (ARV)-related 73 

adverse events (AEs) among patients receiving second-line antiretroviral therapy (ART) is 74 

important in preventing switches to more limited and expensive third-line regimens [8]. In 75 

ART-eligible pregnant women with HIV infection, ART is a safe and effective means of 76 

providing maternal virological suppression, decreasing infant mortality, and reducing mother 77 

to child transmission (MTCT) [9]. 78 

According to [10], continuous surveillance of resistance-associated mutations in ARV-79 

naive HIV-1-infected individuals is necessary in order to promptly recognize any significant 80 

variation that may affect their clinical management, as well as to plan and optimize the first line 81 

regimen and to estimate the evolution of the genetic heterogeneity of HIV-1-resistant strains. 82 

Despite considerable uncertainty in the removal probability estimates for resistant strains, 83 

patients infected with sensitive strains may be less likely to transmit after diagnosis than patients 84 

infected with resistant strains [11]. According to [12], viral load,  symptoms, CD4 counts, 85 

transmission route, and the duration of ART are associated with HIV-1 DR.  Resistance to 86 

antiretroviral drugs can complicate the management of HIV-1infection and impair control of its 87 

spread. Screening for TDF is recommended to limit its local spread and to optimize HIV-1 88 

therapy [13]. Test-and-treat programs are central to the global control of HIV, but transmitted 89 

drug resistance threatens the effectiveness of these programs [14]. 90 

A second-line regimen needs to be prepared in the national program to replace a fixed-91 

dose combination of stavudine, lamivudine, and nevirapine which is extensively used as an 92 

antiretroviral regimen in developing countries. Despite its affordability, it has high chance of 93 

virological failure. Early detection of virological failure may provide more options and better 94 

treatment outcomes [15]. Transmitted drug resistance-associated mutations (M) can 95 

compromise treatment effectiveness in patients initiating ART and the prevalence can vary in 96 
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different clinical settings. Regular monitoring of M should be encouraged, especially with the 97 

scale-up of ART at higher CD4 levels [16]. 98 

Although the cost of HIVDR testing is high, the cost of second-line ART in developing 99 

countries is 4-5 times higher than first-line ART and therapy is life-long. Therefore, it is 100 

important to investigate what level of TDF will make routine HIVDR testing prior to starting 101 

ART cost-effective [17]. 102 

The beta-binomial model has high asymptotic relative efficiency for most of parameter 103 

space and offers an attractive and viable alternative to computing the maximum likelihood 104 

estimator [18]. Bayesian estimation for probability treatment failure provides complete 105 

distributions of means of groups and their differences, standard deviations and their differences, 106 

credible intervals for combinations means and their differences, and the data normality. A 107 

Bayesian posterior probability distribution allows for the extraction of information of interest 108 

such as mean, standard deviation, medians, credible interval, and highest density intervals. We 109 

use the distribution in obtaining summary statistics for each drug chain combination.  110 

 111 

The challenges of TDRMs in the treatment of HIV naïve patients 112 

The zidovudine and tenofovir cross-resistance testing is rarely available in resource-limited 113 

settings. According to [19], it is critical to identify the cross-resistance patterns associated with 114 

first-line stavudine failure. Whether patients are switched off of stavudine (d4T) as a result of 115 

virological failure or to avoid long-term toxicities, TDF will be more advantageous than AZT 116 

for the majority of patients in regions where genotypic resistance testing is not available. Such 117 

unavailability restricts the  scope of switching to the World Health Organisation (WHO)-118 

recommended standard second-line combinations (SLC) without HIV drug resistance 119 

(HIVDR)-testing in routine clinical practice [20]. In addition, first-line ART-failure exhibits 120 

high-level NRTI-resistance, with potential lower-efficacy of AZT compared to TDF.  The world 121 
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health organisation [21] describes transmitted drug resistance mutation strains (TDRMs) as a 122 

significant ARV administration challenge, prevalent in the sub-Saharan African region.  123 

The current literature review identifies TDRMs to be a considerable challenge on ARVs 124 

administration [22]. Investigation of the genotypic of transmitted drug resistance (TDR) in 125 

ART-naïve individuals in Surabaya, Indonesia using sequencing analysis revealed no primary 126 

mutations associated with drug resistance to integrase inhibitors were detected [23]. The 127 

introduction of two new non-nucleoside reverse transcriptase inhibitors (NNRTIs) in the past 5 128 

years and the identification of novel NNRTI-associated mutations have made it necessary to 129 

reassess the extent of phenotypic NNRTI cross-resistance [24]. 130 

 131 

Methods 132 

Components of the Bayesian methods 133 

We utilised data from HIV naïve patients who had been put on first and second baseline 134 

regimens in Zambia. Characteristics of individual patients such as age, gender, CD4 count, 135 

prescribed regimen, and the outcome, commencement date on ARV, time of failure, weight, 136 

number of patients on each combination and number of failures were collected within a period 137 

of 48 weeks. The probabilities of treatment failure and survival time estimates for each 138 

combination of ARV therapy were computed using a Beta-Binomial hierarchical model. 139 

The perspective of Bayesian methods combine the likelihood function with the prior 140 

distribution through Bayes Theorem to produce the Posterior distribution. We provide inference 141 

based on quantitative information obtain using the posterior distribution. A schematic diagram 142 

of Bayesian methods demonstrates the connection and flow from data through Baye’s rule to 143 

posterior distribution (figure 1). 144 

 145 

<Insert Fig 1> 146 
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Construction of a three stage Beta-Binomial Hierarchical model 147 

Let data 𝑦𝑦𝑖𝑖 (i =1,2,…n)  be independent and identically distributed,  drawn from a Binomial 148 

distribution. Consider the likelihood function 𝑝𝑝(𝑦𝑦|𝜗𝜗) and the prior distribution 𝑝𝑝(𝜗𝜗) which 149 

produces posterior distribution 𝑝𝑝(𝜗𝜗|𝑦𝑦). Suppose 𝜗𝜗𝑖𝑖, a parameter governing the data generating 150 

process is exchangeable from a standard population with distribution governed by a hyper-151 

parameter 𝜙𝜙 where 𝜗𝜗𝑖𝑖 and 𝜙𝜙 are random variable parameters. We consider estimating the 152 

probability of treatment failure of ARV therapy combinations of first and second baseline 153 

regimens using a Beta-Binomial Hierarchical model. Hierarchical models are those with 154 

hierarchical structure to the parameters and potentially to the covariates if the model is a 155 

regression model.   156 

Three stage hierarchy model follows:   157 

Stage I: Consider the likelihood function, 𝑝𝑝(𝑦𝑦𝑖𝑖|𝜗𝜗𝑖𝑖,𝜙𝜙), with prior distribution, 𝑝𝑝(𝜗𝜗𝑖𝑖,𝜙𝜙) where 158 

the likelihood depends on ϕ only through 𝜗𝜗𝑖𝑖. Using the Bayes’ theorem, the stage I, prior 159 

distribution has the form  𝑝𝑝(𝑦𝑦𝑖𝑖|𝜗𝜗𝑖𝑖 ,𝜙𝜙) = 𝑝𝑝(𝑦𝑦𝑖𝑖|𝜗𝜗𝑖𝑖)𝑝𝑝(𝜗𝜗𝑖𝑖|𝜙𝜙)𝑝𝑝(𝜙𝜙) with ϕ as a hyper parameter with 160 

hyper prior distribution )(ϑp . Thus, the posterior distribution is proportional to the product of 161 

prior and the likelihood function. 162 

Stage II: We consider the joint posterior distribution,  163 

)(

)()|()|(

)(

),(),|(
)|,(

yp

ppyp

yp

pyp
yp

φφϑϑφϑφϑφϑ ==  ,                      (1) 164 

where, 𝑝𝑝(𝜗𝜗,𝜙𝜙|𝑦𝑦) ∝ 𝑝𝑝(𝑦𝑦|𝜗𝜗)𝑝𝑝(𝜗𝜗|𝜙𝜙)𝑝𝑝(𝜙𝜙).  165 

Using Bayes rule, we write 166 

)(

)|(
)(

ϑ
ϑ

p

yp
yp =  ,                                                                                                              (2) 167 

which is a conditional probability, to give  168 
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∫
Θ∈

=
ϑ

ϑϑϑ dpypyp )()|()( .                                                       (3) 169 

The use of the hyper prior provides more information leading to more accurate opinions 170 

on the behaviour of a parameter.  171 

Stage III: The final stage of the Beta-Binomial Hierarchical model provides the posterior 172 

distribution as 173 

)(

)()|()|()|(
)|,,(

yp

xpxppyp
yxp

φφϑϑφϑ =  .                 (4)174 

 Thus,  𝑝𝑝(𝜗𝜗,𝜙𝜙, 𝑥𝑥|𝑦𝑦) ∝ 𝑝𝑝(𝑦𝑦|𝜗𝜗)𝑝𝑝(𝜗𝜗|𝜙𝜙)𝑝𝑝(𝜙𝜙|𝑥𝑥)𝑝𝑝(𝑥𝑥). 175 

Consider the probability that a patient switch from the first baseline treatment to be 𝜗𝜗𝑖𝑖, 176 

probability of treatment failure for combination i, which is the quantity of interest of the 177 

analysis. The complement of this probability is the kernel probability of a patient remaining on 178 

the first base regimen. We obtain a full probability model by combining the prior Beta (a, b), 179 

the likelihood distribution 𝑝𝑝(𝑦𝑦𝑖𝑖|𝜗𝜗𝑖𝑖,𝜙𝜙) and the hyper prior. Thus,  180 

𝑝𝑝(𝑦𝑦,𝜗𝜗|𝑎𝑎, 𝑏𝑏) = ∏ �𝑛𝑛𝑖𝑖𝑦𝑦𝑖𝑖� 𝜗𝜗𝑖𝑖𝑦𝑦𝑖𝑖𝑁𝑁𝑖𝑖=1 (1− 𝜗𝜗𝑖𝑖)𝑛𝑛𝑖𝑖−𝑦𝑦𝑖𝑖∏ Γ(𝑎𝑎+𝑏𝑏)Γ(𝑎𝑎)Γ(𝑏𝑏)

𝑁𝑁𝑖𝑖=1 𝜗𝜗𝛼𝛼−1(1− 𝜗𝜗𝑖𝑖)𝑏𝑏−1                            (5) 181 

Hence, for each iii ynb

i

ya

iii bayp
−+−+ −∝ )1(),,(

1 ϑϑϑ , and 𝜗𝜗𝑖𝑖|𝑦𝑦𝑖𝑖 ~𝐵𝐵𝐵𝐵𝐵𝐵𝑎𝑎(𝑎𝑎 + 𝑦𝑦𝑖𝑖 , 𝑏𝑏 + 𝑛𝑛𝑖𝑖 − 𝑦𝑦𝑖𝑖). 182 

The parameter 𝜗𝜗𝑖𝑖′𝑠𝑠,’s has a Beta (a, b) distribution assuming the 𝜗𝜗𝑖𝑖 ,’s to be independently and 183 

identically distributed. We analyse 𝐵𝐵𝐵𝐵𝐵𝐵𝑎𝑎(𝑎𝑎 + 𝑦𝑦𝑖𝑖, 𝑏𝑏 + 𝑛𝑛𝑖𝑖 − 𝑦𝑦𝑖𝑖) by fixing a, b and n. The shape 184 

of the population of HIV patient’s distribution requires estimates of the parameters of a and b. 185 

Using the properties of the beta distribution for expected value and variance, the parameters a 186 

and b are obtained where,   187 

 
ba

a
E

+
=)(ϑ  and 

)1()(
)(

2 −++
=

baba

ab
Var ϑ                                          (6)  188 

The full model becomes,  189 
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                (7) 190 

According to [25], 4% of patients initiated with ART develop TDRMs with a standard 191 

deviation of 0.1. It assumes a binomial model for the number of patients who experience 192 

TDRMs given θ. Hence, a prior distribution for θ from the conjugate family, θ ∼ Beta (a, b) is 193 

selected. We use the Beta-Binomial Hierarchical model in the estimation. The TDRMs 194 

probabilities, θ vary because of differences in patients and the socio-economic status among the 195 

communities. Using (6) the values for a and b that correspond to the given values for the mean 196 

and standard deviation provide the benefits as a = 0.11 and b = 2.73. In estimating the 197 

probability of TDRMs, a binomial distribution model was fitted with a prior distribution of the 198 

Beta distribution and a Gamma distribution of hyper prior. WinBugs software was used to 199 

calculate the posterior distribution through the Markov Chains Monte Carlo (MCMC) 200 

simulations of the Gibbs sampling algorithm. There are two main issues to consider, 201 

convergence and efficiency, when using the MCMC algorithm. 202 

• Convergence: It is essential to know how quickly  the distribution of 𝜗𝜗(𝑡𝑡) 203 

approaches  𝑝𝑝(𝜗𝜗|𝑦𝑦). 204 

• Efficiency: Necessary to know how well the distributions of 𝑝𝑝(𝜗𝜗|𝑦𝑦) are estimated from 𝜗𝜗(𝑡𝑡). 205 

Using the data on treatment failure of the first baseline regimen, an MCMC algorithm was 206 

run. The WinBug syntax code (Appendix A1) used to implements the Bayesian model provided 207 

full MCMC chains for each parameter. These chains form the basis for estimating their posterior 208 

distributions and associated statistics, (i.e., means, medians, standard deviations, and credible 209 

intervals). We verified convergence using, history, density, Brooks, Gelman and Rubin plots, 210 

cross-correlation matrix and auto-correlation plots. The results indicate that the MC Chains 211 

were well mixed and no evidence of drift from the fitted model.  212 

 213 
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Results 214 

The first baseline regimen results 215 

We checked the convergence of the fitted model using plots and the deviance information 216 

criteria (DIC). The plots and DIC indicate a well-mixed MC chains and no evidence of drift 217 

from the fitted model.  Figure 2 presents  Brooks, Gelman and Rubin [26] plots of the parameter 218 

theta(bgr) obtained using the WinBUGS software. Brooks-Gelman-Rubin scale reduction factor 219 

is one of the convergence.  For each of the six theta chains, the start-iteration ranged from 10101 220 

to 17500. 221 

<Insert Fig 2> 222 

The Brooks, Gelman and Rubin (bgr) plots generate multiple chains which start from 223 

different locations and assess convergence by comparing within- and between-chain variability. 224 

For convergence, the plot concentrate at around one as denoted in red, and green for between 225 

chains variability (pooled) and plotting blue (average) for within chains variability. 226 

Convergence is finalised with an increased sample size after the burn-in iterations and a 227 

sufficient number of stationary samples.  Results in figure 2 provide evidence that all parameters 228 

converged to a distribution.  229 

Figure 3 presents history plots of beta parameters in table 1. For each parameter the iteration 230 

ranged from 10001 to 30000. 231 

<Insert Fig. 3> 232 

Based on results in figure 3, we find evidence of chains converging to the distributions. 233 

Figure 4 presents density plots of theta for the first baseline regimen, which are smooth kernel 234 

density estimates for each theta. A sample of 40 000 applied for each density plot size.  235 

 236 

<Insert Fig. 4> 237 
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The density plots of theta for the first baseline regimen is consistent with the summary 238 

statistics. All parameters converged according to the auto-correlation statistic or plots and cross-239 

correlation plots. The estimated values from the posterior distributions were used to produce 240 

the probability transition matrix for each ARV therapy combination.   241 

 242 

Model checking 243 

A Bayesian measure of model complexity and fit is the Deviance Information Criterion (DIC) 244 

which we use in model checking. Consider the deviance, defined as - 2 * log (likelihood) where 245 

likelihood is )( ϑyp  including all the normalising constants comprising of all stochastic nodes 246 

given y, and theta as the immediate stochastic parents of y. The output for the DIC tool gives 247 

the posterior mean of the deviance denoted as Dbar, a point estimate of the deviance denoted as 248 

Dhat obtained by substituting in the posterior means and theta.bar, which is the average of theta 249 

parameters. Thus, Dhat = - 2 * log (p(y | theta.bar)). PD is the effective number of parameters, 250 

and the pD = Dbar - Dhat. In normal hierarchical models, pD = tr(H), where H is the 'hat' matrix 251 

that maps the observed data to their proper values. The model with the smallest DIC best predict 252 

a replicated dataset. 253 

Using DIC for the Beta-binomial model, we make comparison of the first baseline 254 

regimen. The computation produced the posterior mean, Dbar=25.683, Dhat=19.579, pD=6.105 255 

and DIC=31.788. The DIC for residual analysis produced, Dbar=35.179, Dhat=34.197, 256 

pD=0.983 and DIC=36.162. The DIC for model adequacy is 31.788 whereas for residual 257 

analysis it is 36.162. 258 

   259 

Results of the first baseline regimen on ARV therapy combinations 260 

Table 1 presents summary statistics on data for the first baseline regimen on ARV therapy 261 

combinations namely mean, standard deviation (SD), Monte Carlo (MC) error, point estimate 262 
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2.5 % percentile, median and point estimate 97.5% percentile, with the start sample at 10001 to 263 

40000, for each of the six nodes.  264 

<Insert Table 1> 265 

The calculated values in table 1 show that MC error < 1 − 5% of posterior SD as the rule 266 

of the thumb in Bayesian data analysis have been satisfied. In general,  a mean or median of the 267 

posterior samples for each parameter of interest, as a point estimate 2.5% and 97.5% percentiles 268 

of the posterior samples for each parameter give a 95% credible posterior interval. The interval 269 

within which the parameter lies with probability 0.95. The results indicate that the posterior 270 

distribution of P, the rate of treatment failure due to TDRMs, is approximately normal (judging 271 

from the plots in figures 3 and 4) with μ = 0.04124 and σ = 0.01779 for theta (1). These numbers 272 

are computationally accurate to about ±8.874E-5 (MC error).  Consequently, we report μ = 273 

0.041 and σ = 0.018, with median of 0.03873 and a credible interval of [0.014, 0.083]. Similar 274 

interpretation should follow for the rest of the theta nodes. 275 

 276 

The second baseline regimen 277 

[27] compared outcomes of second-line ART containing and not containing TDF in cohort 278 

studies from Zambia and the Republic of South Africa (RSA). Patients on TDF-containing 279 

second-line ART were less likely to develop treatment failure than patients on other regimens, 280 

for TDF to be an effective component of second-line ART in southern Africa. Despite Zambia 281 

being the first African country to introduce TDF as a component of first-line antiretroviral 282 

therapy (ART) on a wide scale, no available literature on the treatment failure of second baseline 283 

regimen [28].  Patterns of drug substitutions and regimen switches from stavudine (d4T) and 284 

zidovudine (AZT) regimens have been well described but data on TDF are more limited [29].  285 

According to [29], regimen switches and virological suppression were similar for patients 286 

exposed to TDF, d4T and AZT, suggesting all regimens were equally effective.    287 
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We consider a non-informative prior in determining the prior distribution of the beta-288 

binomial hierarchical model.  The prior density combines with the likelihood distribution to 289 

define a proper joint probability model, ),( ϑyp . Proper non-normalised posterior density 290 

function as define by Bayesian inference has the form, )()()( ϑϑϑ pypyp ∝ . Results based on 291 

a posterior distribution from a non-informative prior require checking for finite integral and 292 

ensuring that it is of practical form. Jeffrey’s non-informative prior distribution is based on one 293 

to one transformation of its parameters, 𝜙𝜙 = ℎ(𝜗𝜗). An equivalent prior density on 𝜙𝜙 to the prior 294 

density 𝑝𝑝(𝜗𝜗), obtained through variable change is of the form  295 

   
1

)()()()(
−′== ϑϑ

φ
ϑϑφ hp

d

d
pp                                                    (8) 296 

According to Gelman (2009), Jeffrey's principles are that any rule for determining the 297 

prior density 𝑝𝑝(𝜗𝜗), should yield comparable results if applied to the transformed parameters. 298 

The prior distribution becomes a critical part of the model specifications when the sample size 299 

is small. Consider Jeffrey’s non-informative prior density 2
1

)]([)( ϑϑ Jp ∝ , where )(ϑJ is the 300 

Fisher information forϑ expressed as 301 
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Jeffrey's' prior model is invariant to parameterisation as illustrated at 𝐽𝐽(𝜗𝜗),  𝜗𝜗 = ℎ−1(𝜙𝜙).  Thus, 303 

   

2

2

2

12

2

2

)(

)((log

)(log
)(

φ
ϑϑ

φ
ϑ

ϑ

φϑ

φ
φ

φ

d

d
J

d

d

d

hypd
E

d

ypd
EJ

=













 =
−=











−=

−

 304 



14 

 

Jeffrey’s prior density 2
1

2
1

)1()(
−−

−∝ ϑϑϑp  is a Beta (½, ½) density. Express the Bayes-305 

Laplace uniform prior density as Beta(1,1)~ϑ . The prior density, uniform in the exponential 306 

family and represented by the distribution, p (logit (ϑ)) ∝ constant, corresponds to the improper 307 

Beta (0, 0) density onϑ . Consider using Jeffrey’s non-informative prior distribution of Beta 308 

(½, ½). Results for the second baseline regimen obtained using WinBugs at a = 0.5 and b=0.5 309 

follow. 310 

 311 

Results of the second baseline regimen on ARV combinations 312 

Results from the Brooks, Gelman and Rubin plots, and history and density plots of the 313 

parameters theta for the second baseline regimen confirm existence of evidence of convergence 314 

to the stipulated distribution.  The density plots which are smoothed kernel density estimates 315 

for the parameters theta show consistency with the computed summary statistics in table 2. 316 

Similarly, the auto-correlation plots and cross-correlation plots confirm the convergence of 317 

parameters.  318 

Table 2 presents summary statistics on data for the second baseline regimen on ARV 319 

therapy combinations namely mean, standard deviation (SD), MC error, point estimate 2.5 % 320 

percentile, median and point estimate 97.5% percentile, with the start sample at 100001 to 321 

200000, for each of the five nodes.  322 

<Insert Table 2> 323 

Table 2 results show that the nodes ranged from 1 to 5 with corresponding start sample 324 

from 100001 to 200000. The mean value was maximum at node 2 and decreased to 0.1364 at 325 

node 5. Results from the plots obtained using the WinBUGS indicate the posterior distribution 326 

of P, the rate of treatment failure due to TDRMs, to be approximately normal. We report μ = 327 

0.2275 and σ = 0.1207, with median of 0.2112 and a credible interval of [0.0441, 0.5020]. 328 

Similar interpretation should follow for the rest of the theta nodes. 329 
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 330 

Model checking for the second baseline  331 

We compare the Bayesian model of the second baseline regimen on ARV combination, using 332 

DIC for the Beta-binomial model. The deviance information criteria (DIC) value=18.289 333 

corresponding to Dbar=17.335, Dhat=16.382, and pD=0.954 confirms the adequacy of the 334 

model.   We denote, Dbar = post. Mean of -2logL and  Dhat = -2LogL at post. Mean of stochastic 335 

nodes.  336 

 337 

Treatment of HIV as a unique stochastic process with Markov Chain properties 338 

Treatment of HIV pandemic using ARV qualify as a stochastic process. As a time sequence 339 

representing the evolution of some system constituted by a variable whose change is subject to 340 

a random variation, the process satisfies the Markov properties. Hence, treatment of HIV using 341 

ARV combinations is a Markov process. This process is homogeneous in space because the 342 

transition probability depends on the difference between those state values. This chain is not 343 

Ergodic because it cannot go to every state it is not irreducible and not periodic. The chain has 344 

an absorbing state. 345 

Let P be a k x k matrix with elements { }kjip ji ,...,2,1,:, =  of a random 346 

process (𝑦𝑦0,𝑦𝑦1, … ) with finite state space, 𝑆𝑆 = {𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑘𝑘}. The process is a Markov chain 347 

with transition matrix P if for all n, all { }kji ,...,1, ∈  and all 𝑖𝑖0, … , 𝑖𝑖𝑛𝑛−1𝜖𝜖{1, … ,𝑘𝑘} there 348 

is 𝑃𝑃�𝑌𝑌𝑛𝑛+1 = 𝑠𝑠𝑗𝑗�𝑌𝑌0 = 𝑖𝑖0,𝑌𝑌1 = 𝑖𝑖1, … ,𝑌𝑌𝑛𝑛−1 = 𝑖𝑖𝑛𝑛−1,𝑌𝑌𝑛𝑛 = 𝑖𝑖� = 𝑃𝑃�𝑌𝑌𝑛𝑛+1 = 𝑠𝑠𝑗𝑗�𝑌𝑌𝑛𝑛 = 𝑖𝑖� = 𝑃𝑃𝑖𝑖,𝑗𝑗.  349 

It implies that the future depends on the past through the present. The final goal in the use of 350 

Markov chains is the property of having a stationary distribution as nY  approaches the stable 351 

distribution as n increases. 352 

 353 

The transition probability matrix of patients switching regimen  354 
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We produce  two matrices,  the first being the transition probability matrix Q, the probability of 355 

a patient switching regimen from first to second baseline regimen. The second being a kernel 356 

probability matrix P, the probability of a patient remaining on first baseline regimen after 357 

initiation of ART. Consider the kernel matrix, P with elements 𝑝𝑝𝑖𝑖,𝑗𝑗, i=1,2,…,6 and j=1,2,3 where 358 

the 𝑖𝑖𝑠𝑠 are the six possible combinations used in Zambia, and 𝑗𝑗𝑠𝑠 are the three line treatments. Let 359 

define a P transition matrix for a system with three states as,  360 

                                                     States 361 

1     2     3 362 

                         P=States 
1

2

3

�𝑝𝑝1,1 𝑝𝑝1,2 𝑝𝑝1,3𝑝𝑝2,1 𝑝𝑝2,2 𝑝𝑝2,3𝑝𝑝3,1 𝑝𝑝2,3 𝑝𝑝3,3� 363 

The Markov chain remains in state 1 with probability 𝑝𝑝1,1 when in state 1. It moves to 364 

state 3 with probability 𝑝𝑝1,3 and so on. The 𝑝𝑝𝑖𝑖,1 column presents the MAP obtained from the 365 

posterior distribution of each combination. The MAP is the highest posterior density for the first 366 

baseline treatment, and offers the maximum tolerable combination. We have  𝑝𝑝𝑖𝑖,2 , as the MAP 367 

of second-line therapy and develop the summary statistics for first and second baseline regimen, 368 

a probability transition matrix.  We consider 6 drug combinations namely TDF+FTC+NVP, 369 

TDF+EFT+EFV, AZT+3TC+NVP, AZT+3TC-EFV, DAT+3TC+NVP and D4T+3TC+EFV.  370 

The elements of the P matrix were computed to provide the transition probability 371 

matrices for the first baseline regimen given in figure 5.  372 

<Insert Fig. 5> 373 

Each of the transition probability matrices corresponding to the 6 combinations, 374 

provides an upper triangular matrix, with the probability of remaining in the same state being 375 

higher than that of moving to another state. The probability deceases as the chain state moves 376 

from state 1 to 2, and 2 to 3. In all the states, there is no recorded direct move from state 1 to 377 

state 3. There is no recorded move from either state 2 or 3, with combination 6. The only 378 
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recorded moves were from states 1 to 2 and 2 to 3, with the rest remaining in the same state 379 

with high probabilities. The results indicate high probability of remaining in regimen 1. The 380 

cost and low advice from doctors regarding change of regimen are some of the reasons the 381 

patients remained in the same chain state, especially in state 1.  An example is the case of 382 

Zambia. Taking TDF + FTC + EFV, which comes in tablet form and is easily provided by the 383 

Ministry of Ministry of Health in Zambia. 384 

 385 

 Consider formulation of TDF+FTC+EFV combination.  Each tablet contains: 386 

• 300 mg tenofovir disoproxil fumarate (Brand name, Viread). (TDF) -NRTI 387 

• 200 mg emtricitabine (brand name: Emtriva). (FTC)-NRTI 388 

• 600 mg efavirenz (brand name: Sustiva). (EFV)-NNRTI. 389 

Table 3 presents the TDRMs for NNRTI and NRTI groups of classes of ARV used in 390 

Zambia for treatment of HIV. 391 

<Insert Table 3> 392 

A patient cannot be given a combination containing TDF and EFV if the transmitted drug 393 

resistance mutation (TDRM) strains test shows the presence of K101 E and 115Y F strains in 394 

the patient.  The first baseline regimen combinations used in Zambia are, 395 

1. TDF + FTC + NVP 396 

2. TDF + FTC + EFV 397 

3. AZT + 3TC + NVP 398 

4. AZT + 3TC + EFV 399 

5. D4T + 3TC + NVP 400 

6. D4T + 3TC + EFV 401 

Based on results in table 3, combinations 1, 2, 4 and 6 cannot be prescribed to the patients 402 

who got the indicated strains. An alternative option available to these patients’ remains either 403 

http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4304.html
http://www.thebody.com/content/art4293.html
http://www.thebody.com/content/art4293.html
http://www.thebody.com/content/art4292.html
http://www.thebody.com/content/art4292.html
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AZT + 3TC + NVP or D4T + 3TC + NVP. To choice between the two combinations requires 404 

use of the transition probabilities, where the combination with the highest probability of success 405 

is prescribed to the patient.  Consider for instance results in figure 5 where AZT+3TC+NVP 406 

could be preferred because it has success probability of 0.97027, compared to D4T+3TC+NVP 407 

with success probability of 0.9625. The transition probabilities play a major role in guiding the 408 

physicians make an informed decision in respect of prescribing an optimal drug combination. 409 

 410 

Conclusion 411 

Transmitted Drug Resistance Mutation continue to pose a severe challenge in the treatment of 412 

HIV in the sub-Saharan Africa. The transition probability matrix of ARV combination aids the 413 

physicians make an informed decide on the most effective ARV combination to  prescribe in 414 

the presence of TDRM test results.  Our findings suggest that all newly diagnosed HIV 415 

individuals should have a TDRM test before any prescription on ARV combination is made. 416 

The physicians are assured of success upon prescribing an optimal ARV combination to HIV 417 

patients that is based on transition probabilities.  418 

 419 
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Appendix A1: Winbugs Syntax model codes  460 

MODEL ARV Combination {#Hyper prior for the ARV combination of failure Rates 461 

a~dgamma(.01,.01) 462 

b~dgamma(.01,.01) 463 

#Prior Distribution of the True failure Rates for (i in 1:k) { 464 

#Prior distribution of ARV Combination i's True Rate 465 

theta[i] ~ dbeta(.11,2.78) 466 

#Likelihood of ARV combination i's Data 467 

y[i] ~ dbin(theta[i],n[i]) }} 468 

DATA list (k=6, 469 

n = c(121, 781, 102, 32, 186, 56), 470 

y = c( 5, 8, 3, 3, 7, 2)) 471 

INITIAL VALUES1 list(a=0.11,b=2.73) 472 

 473 
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Figures

Figure 1

Schematic diagram of Bayesian methods

Figure 2

Brooks, Gelman and Rubin plots of the parameter theta(bgr)



Figure 3

History plots of the parameter theta

Figure 4



Density plots of theta for the �rst baseline regimen

Figure 5

The transition probability matrix of ARV combinations


