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ABSTRACT

Introduction: Combination antiretroviral ther-
apy has become the standard care of human
immunodeficiency virus (HIV)-infected patients
and has further led to a dramatically decreased
progression probability to acquired immune
deficiency syndrome (AIDS) for patients under
such a therapy. However, responses of the
patients to this therapy have recorded hetero-
geneous complexity and high dynamism. In
this paper, we simultaneously model long-term
viral suppression, viral rebound, and state-
specific duration of HIV-infected patients.
Methods: Full-parametric and semi-parametric
Markov multistate models were applied to assess
the effects of covariates namely TB co-infection,
educational status, marital status, age, quality of
life (QoL) scores, white and red blood cell
parameters, and liver enzyme abnormality on
long-term viral suppression, viral rebound and

state-specific duration for HIV-infected indi-
viduals before and after treatment. Further-
more, two models, one including and another
excluding the effect of the frailty, were pre-
sented and compared in this study.
Results: Results from the diagnostic plots,
Akaike information criterion (AIC) and likeli-
hood ratio test showed that the Weibull multi-
state frailty model fitted significantly better
than the exponential and semi-parametric
multistate models. Viral rebound was found to
be significantly associated with many sex part-
ners, higher eosinophils count, younger age,
lower educational level, higher monocyte
counts, having abnormal neutrophils count,
and higher liver enzyme abnormality. Further-
more, viral suppression was also found to be
significantly associated with higher QoL scores,
and having a stable sex partner. The analysis
result also showed that patients with a
stable sex partner, higher educational levels,
higher QoL scores, lower eosinophils count,
lower monocyte counts, and higher RBC indices
were more likely to spend more time in unde-
tectable viral load state.
Conclusions: To achieve and maintain the
UNAIDS 90% suppression targets, additional
interventions are required to optimize
antiretroviral therapy outcomes, specifically
targeting those with poor clinical characteris-
tics, lower education, younger age, and those
with many sex partners. From a methodological
perspective, the parametric multistate approach

Digital Features To view digital features for this article
go to https://doi.org/10.6084/m9.figshare.12058938.

Z. G. Dessie (&) � T. Zewotir � H. Mwambi �
D. North
School of Mathematics, Statistics and Computer
Science, University of KwaZulu-Natal, Durban,
South Africa
e-mail: DessieZ@ukzn.ac.za

Z. G. Dessie
College of Science, Bahir Dar University, Bahir Dar,
Ethiopia

Infect Dis Ther (2020) 9:367–388

https://doi.org/10.1007/s40121-020-00296-4

https://doi.org/10.6084/m9.figshare.12058938
http://crossmark.crossref.org/dialog/?doi=10.1007/s40121-020-00296-4&amp;domain=pdf
https://doi.org/10.1007/s40121-020-00296-4


with frailty is a flexible approach for modeling
time-varying variables, allowing for dealing
with heterogeneity between the sequence of
transitions, as well as allowing for a reasonable
degree of flexibility with a few additional
parameters, which then aids in gaining a better
insight into how factors change over time.

Keywords: Factor analysis; Hematological
parameters; Liver enzyme abnormality;
Principal component; Quality of life

Key Summary Points

Why carry out this study?

Highly active antiretroviral therapy (ART)
has allowed for improvements in CD4 cell
counts, suppression of human
immunodeficiency virus (HIV) RNA and
increased life expectancy of HIV-infected
patients.

However, in some patients, suppression of
HIV-RNA has been shown not to fall to
undetectable levels, while, for other
patients, viral rebound occurred after
initially becoming undetectable.

In this paper, we simultaneously model
long-term viral suppression, viral rebound
and length of stay in better clinical stages.

What was learned from the study?

Viral rebound was found to be
significantly associated with many sexual
partners, higher eosinophils count,
younger age, lower educational level,
higher monocytes counts, having
abnormal neutrophils count, and higher
liver enzyme abnormality.

To achieve and maintain the UNAIDS 90%
suppression targets, additional
interventions are required to optimize
ART outcomes, specifically targeting those
with poor clinical characteristics, lower
education, younger age, and those with
many sex partners.

Parametric multistate with frailty
approach is a flexible approach for
modeling time-varying variables factors,
allowing for dealing with heterogeneity
between the sequence of transitions, as
well as allowing for a reasonable degree of
flexibility with a few additional
parameters, which then aids in gaining a
better insight in how factors change over
time.

INTRODUCTION

Care for HIV-infected patients has changed
dramatically over the last two decades, [1] lar-
gely due to advances in antiretroviral therapy
(ART), which has, in turn, allowed for
improvements in CD4 cell counts, suppression
of HIV RNA and increased life expectancy of
human immunodeficiency virus (HIV)-infected
patients [2, 3]. However, in some patients, sup-
pression of HIV-RNA concentration has been
shown not to fall to undetectable levels, while,
for other patients, viral rebound occurred after
initially becoming undetectable [4]. Such cases
are termed virologic failure and have been
conjectured to possibly be associated with poor
adherence [5], drug–drug interactions, treat-
ment failure, drug-resistance, or unobserved
factors [6, 7]. To allow timely detection of
virologic failure, the World Health Organiza-
tion (WHO) recommended the use of HIV-RNA
testing as the gold standard for monitoring of
HIV-infected patients’ response to therapy [8].
Assessment of the factors that affect viral load
dynamics (i.e., viral suppression and rebound) is
important in order to identify whether a patient
is in need of more intensive adherence coun-
seling and the timely detection of treatment
failure in order to minimize the chances of
development of drug resistance and unneces-
sary switching to an expensive regimen [9].

In 2015, the UNAIDS set the 90-90-90 global
targets in order to end the AIDS epidemic,
whereby the third 90 represents the target to
achieve a viral load suppression in at least 90%
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of HIV-infected patients under ART [10]. Iden-
tifying the possible factors that may affect
virologic failure is key to achieving these tar-
gets. Findings from previous studies highlight a
number of factors that may affect the viral
suppression status among HIV-infected patients
initiating ART, including gender, clinician skill
level, suboptimal adherence, age, treatment
history, WHO stage, and baseline CD4 cell
count [5, 11–14]. Although clinical covariates
are more capable of explaining and capturing
realistic behavioral patterns of the VL responses,
and are more sensitive to the source of varia-
tions in the viral load (VL), no previous study
has directly examined the effects of several
clinical attributes [i.e., white blood cell (WBC)
parameters, red blood cell (RBC) parameters,
blood chemistry parameters, and quality of life
(QoL) domain scores] on VL dynamics. In
addition, the relative role of various factors
related to HIV VL responses may also further be
dependent on the local context and the ART
program setting. This study thus gives an
insight into assessing the effect of several clini-
cal, risk, and socio-demographic factors on
long-term HIV VL dynamics. Therefore, we
emphasize a comparison of viral rebound and
viral suppression across different clinical attri-
butes, and identify factors contributing to
virologic failure which are key to informing
adjustments in the program-level strategies
most amenable to intervention in this context
and key to achieving UNAIDS global target
goals.

Mathematical models have been used
extensively in research into HIV VL dynamics
because they play an important role in
improving our understanding of major factors
contributing to the VL dynamics of the disease.
These models range from logistic regression
[5, 15–17], Cox regression analysis [18–20],
accelerated failure time models [21], generalized
estimating equations [22–24], to generalized
linear mixed-effects models [25]. It has also
been argued that multistate Markov models are
useful tools for studying the complex dynamics
of chronic diseases such as HIV VL progression,
and are further valuable for identifying factors
associated with disease progression of HIV/AIDS
[26–28]. However, several multi-state Markov

models assume that the intensities are homo-
geneous, conditional on the observed covari-
ates. Unfortunately, it is hardly ever possible to
include all the relevant factors, either due to it
not being possible to measure all the relevant
factors or because the researchers do not know
all the relevant factors. Ignoring such frailty or
unobserved heterogeneity may have a huge
impact on the estimation of the parameters in
multistate Markov models.

In this study, full-parametric and semi-para-
metric multistate Markov frailty models were
used to model viral rebound, viral suppression,
and state-specific duration in HIV-infected
patients under treatment. Multistate frailty
models are a powerful tool for modeling com-
plex cycles of chronic diseases, encompassing
the life history of a cohort [29], considering all
possible pathways [30], and further allowing for
dealing with heterogeneity between the
sequence of transitions [31, 32]. These models
can also accommodate competing risks, cen-
sored data, recurrent outcomes ,and multiple
outcomes [33]. In this study, we classified the
sequential adverse events by the degree of
chronicity based on VL, with classifications
defined by patients going through unde-
tectable, low, moderate, and high VL. Most
importantly, we have presented full and semi-
parametric multistate Markov models, with
patient-level frailties on all VL rebound, VL
suppression and state-specific duration in HIV-
infected patients, thus making the current study
different from previous studies. Additionally,
among the surrogate markers of HIV progres-
sion and ART responses, both the CD4 cell and
VL counts are included in the same model. As
discussed by Chikobvu and Shoko [34], the
effects of multi-collinearity on the VL count
transitions can be corrected using the principal
component approach. Therefore, in this study,
we have presented a parametric multistate
frailty model for predicting transition intensi-
ties between sequential events of HIV infection,
which takes into account the CD4 cell count, in
order to study several factors that may affect
viral suppression, viral rebound and state-
specific duration of HIV-infected patients.
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METHODS

Data Description

The data are from an ongoing prospective
cohort study conducted among HIV-infected
women from the Centre for the AIDS Pro-
gramme of Research in South Africa (CAPRISA).
The original study, which started in 2004,
enrolled a cohort of HIV-uninfected women
whose age was greater than 18 years with the
aim of describing immunologic, clinical, and
virologic characteristics of HIV-1 disease [35]. In
this study, the participants’s enrollment was
conducted from August 2004 to December
2017. The participant who seroconverted dur-
ing the HIV-uninfected stage of CAPRISA_002
and other CAPRISA prevention and seroinci-
dences trials (including the CAPRISA_004 tri-
als), were enrolled into the Acute HIV Infection
phase, and then followed-up during chronic
infection, ART initiation, and for up to 6 years
on ART. Participants were recruited at two sites
in KwaZulu-Natal-South Africa, a rural site in
Vulindlela and an urban site in the city of
Durban. Women without well-documented
estimated date of HIV infection, and those who
did not have at least two follow-up clinical
attribute measurements, were excluded from
the analysis. Finally, 219 participants were
included in the study. Further information
about the above-mentioned ongoing prospec-
tive HIV cohort study (CAPRISA_002), includ-
ing women’s eligibility criteria and the
enrollment procedure, were reported in [35–37].
All procedures performed in this study were
approved by the Research Ethics Committee of
the University of KwaZulu-Natal and CAPRISA.
Written informed consent was obtained from
all participants, and ethical approval for the
original study was granted by the University of
KwaZulu-Natal (E013/04), the University of
Cape Town (025/2004), and the University of
the Witwatersrand (M040202).

Variables and Measurements

CAPRISA initially enrolled HIV-negative (phase
I) women into different study cohorts. The

women who seroconverted were enrolled again
into acute infection (i.e., phase II: weekly visits
up to 3 months post-infection), early infection
(i.e., phase III: monthly visits from 3 to
12 months), established infection (i.e., phase
IV: quarterly visits for more than 12 months),
and on ART (phase V). Samples for immuno-
logical, virological, and clinical attributes (such
as VL, WBC parameters, RBC parameters, blood
chemistry parameters, CD4 cell count, etc.)
were measured at each visit [38]. These longi-
tudinal immunologic, virologic, and clinical
measurements were recorded for several follow-
up visits. A total of 8760 follow-up visits were
recorded for 219 HIV-infected women.

The primary outcomes in this current paper
were viral rebound, viral suppression and state-
specific duration of stay of AIDS patients. We
defined disease progression of HIV/AIDS into
four disease states: high VL (state 1), moderate
VL (state 2), low VL (state 3), and unde-
tectable VL (state 4) (Fig. 1). It is assumed that
patients can have transitions from unde-
tectable to detectable states and vice versa. Viral
suppression transitions correspond to being
from high VL to moderate VL (trans 1), or from
moderate VL to low VL (trans 2), or from low VL
to undetectable VL (trans 3). Likewise, viral
rebound transition corresponds to a transition
from undetectable VL to low VL (trans 4), or
from low VL to moderate VL (trans 5), or from
moderate VL to high VL (trans 6). Furthermore,
state-specific duration corresponds to time
spent in the high VL state, moderate VL state,
low VL state, and undetectable VL state.

Fig. 1 Progressive four-state model based on viral load
counts: viral suppression (green arrows), viral rebound (red
arrows) and waiting time (blue arrows)
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The effect of numerous possible factors on
viral suppression, viral rebound, and state-
specific duration of stay of HIV patients was
evaluated, including (1) demographics: date of
the clinical visit, age, gender, marital status, and
educational status; (2) risk variables: sex under
the influence of alcohol, contraceptive use and
substance use; (3) past opportunistic illness:
tuberculosis and hypertension; (4) clinical
attributes: blood chemistry [chloride, sodium,
calcium, aspartate aminotransferase (AST), ala-
nine aminotransferase (ALT), total protein and
lactate dehydrogenase (LDH)], WBC parameters
(lymphocyte count, neutrophils, leucocyte
count, monocytes and eosinophils), RBC
parameters [hemoglobin (Hb), red cell distribu-
tion width (RDW), mean corpuscular hemo-
globin (MCH), mean corpuscular volume
(MCV), mean corpuscular hemoglobin concen-
tration (MCHC), and hematocrit], lipid param-
eters [cholesterol, triglycerides and low-density
lipoproteins (LDL)] and physical examination
parameters [blood pressure (BP), pulse rate (PR),
weight and height]; and (5) QoL domain scores.
The WHO QoL questionnaire [39] was used to
measure the QoL of the participants. Therefore,
the QoL scales contain the following domain
scores. The first is physical health scores, which
measure the impact of the disease on the
activities of daily living, dependence on thera-
peutic substances, fatigue, lack of energy, pres-
ence of pain, and initiative and perceived
working capacity. The second is the psycho-
logical wellbeing score domain, which assesses
the patient’s thoughts about body appearance,
positive and negative feelings, personal beliefs
and self-esteem, suicide, higher cognitive func-
tions, anxiety, spirituality, and depression. The
third domain is social relationships, which
assesses personal relationships, social contacts,
social support, and sexual activity. The fourth
domain is devoted to the level of independence
and assesses areas such as mobility, activities of
daily living, dependence on treatments and
work capacity. Further information about the
above-mentioned factors has been reported in
[40, 41] (Fig. 2).

Statistical Method

Since our data have a large number of clinical
variables, we used exploratory factor analysis to
group and minimize the number of variables.
Factor analysis was carried out by creating the
principal components of the original variables
and then creating the eigenvectors. By using the
Kaiser criterion, eigenvectors with eigenvalues
greater than 1 were kept [42]. A maximum
likelihood extraction method with varimax
rotation was used. Factor loadings describe the
relationship of each clinical variable with each
factor. The factor loading is considered strong if
greater than 0.6, moderate if 0.4–0.6, and weak
if less than 0.4 [43]. Each observation was
assigned a score for each rotated factor based on
the loading of the subject’s original variable
levels. Accordingly, we managed to group the
20 clinical variables in the study, to create 6
latent variables, defined as RBC component, red
blood cell indices, liver abnormality compo-
nent, electrolyte component, lipid component,
and protein component (Table 1).

Multistate Markov Frailty Modeling

To assess the effect of possible factors on the
viral rebound, viral suppression and length of
stay in each VL category of HIV/AIDS patients,
we adopted a multistate frailty model to
describe how patients move between a series of
four VL count categories, from high VL to
undetectable VL, in continuous time (Fig. 1).

Let S(t) represent the state occupied by a
randomly chosen patient at time t. The transi-
tion probability of the patient being in state j at
time t, given that the individual was in state m
at time z, is defined by Pmj z; tð Þ ¼
P S tð Þ ¼ jjS zð Þ ¼ mð Þ; where

P
j2S Pmj ¼ 1. The

corresponding transition intensity is defined as

qmj tð Þ ¼ lim
dt!0

P S t þ dtð Þ ¼ jjS zð Þ ¼ mð Þ=dt

� for m 6¼ j; z\t:

Consequently, the 494 transition intensity
matrix Q(t) is defined as
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Q tð Þ

¼

�q12 tð Þ q12 tð Þ 0 0

q21 tð Þ � q21 tð Þ þ q23 tð Þð Þ q23 tð Þ 0

0 q32 tð Þ � q32 tð Þ þ q34 tð Þð Þ q34 tð Þ
0 0 q43 tð Þ �q43 tð Þ

2

6
6
6
4

3

7
7
7
5

Note that the rows sum to zero sinceP
j2S Pmj ¼ 1. The off-diagonal entries are the

viral suppression and the viral rebound
transition intensities, respectively). The
diagonal entries are defined by qmm tð Þ ¼
�
P

m6¼j qmj tð Þ: The average length of stay in a

single state before making any transitions to
either higher or lower VL states is estimated by a
negative inverse of the mth diagonal entry of

Q(t), that is �1
qmm

.

To examine the effect of covariates namely
the educational status, age, marital status, QoL
[physical health (PH) score, psychological

wellbeing (PW) score, level of independence (LI)
score, social relationship (SR) score], TB co-in-
fection, RBC indices, hemoglobin and hemat-
ocrits (HH), eosinophils, neutrophils,
monocytes, electrolyte components and liver
enzyme abnormality on such transitions, we
employ both fully-parametric and semi-para-
metric multistate frailty models. In all models,

qmj t; x; uð Þ ¼ q0mj tð Þvimj exp a
0

mjxmj

� �
;

where qmj t; x; vð Þ represent the transition

intensity from state m to state j, after adjusting
a set of covariates xmj: The random effect or

frailty of a patient is vimj; amj is the effect of the

covariates on the transitions hazard (qmjÞ,
where q0mj tð Þ represents the baseline intensity

from state m to state j. We assumed vimj to be

independent and identically distributed with a

Fig. 2 The hypothesized model
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Gamma probability distribution vimj �C 1
cmj

;
�

1
cmj
Þ;mean vimj

� �
¼ 1 and var vimj

� �
¼ cmj. The

variance cmj represents the heterogeneity of

the overall underlying baseline risk for the
transition m ? j. For this model, if m\ j, it is
termed as the viral suppression transitions,
while a transition where m[ j is termed as
viral rebound and for m = j, it is termed as the
probability of staying in the same diseasing
state. Thus the labeling is 1 for high VL, 2 for
moderate VL, 3 for low VL, and 4 for
undetectable VL states (See Fig. 1). Thus, viral
suppression transition, viral rebound transition,
and the state-specific duration of stay for a
patient I in the current study are defined as:

qmj ¼ q0mj tð Þvimj exp aEducmj Educi þ aAgemj Agei

�

þaMStatus

mj MStatusi þ aPHScore

mj PHScorei

þ aPWScore

mj PWScorei þ aLIScoremj LIScorei þ aTBmjTBi

þ aRBCmj RBCIndiciesi þ aHHmj HHi

þ aEosinophilsmj Eosinophilsi þ aMonocytes
mj Monocytesi

þ aNeutrophilsmj Neutrophilsi

þ a
LiverEA
mj Liverabnormalityi þ aCD4ORmj CD4i

�
:

In the fully parametric cases, the baseline
intensity is given by a full parametric function

of time q0mj tð Þ ¼ g t; hð Þ, so that the intensity

model is a standard parametric distribution. In
the current study, we used the Weibull
distribution with parameters (h; aÞ and

transition intensity, qmj t; x; uð Þ ¼ hmjt
hmj�1vimj

Table 1 Clinical parameters and corresponding factor loadings from the rotated factors

Clinical parameters Principal components Variables Factor
loadings

Commutative
variations

Red blood cell parameters 1. Hb and hematocrit component RBC counts 0.946 81%

Hb 0.886

Hematocrit 0.919

2. RBC indices component MCV 0.953

MCH 0.825

MCHC 0.521

RDW - 0.592

Blood chemistry 3. Liver enzyme abnormality component ALT 0.829 72%

AST 0.967

4. Electrolyte component Chloride 0.455

Sodium 0.994

Calcium 0.213

Protein and lipids 5. Lipid component Cholesterol 0.971 65%

LDL 0.917

Triglycerides 0.360

6. Protein component LDH - 0.769

Total protein 0.670

For explanation of the abbreviations, see text
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exp a
0

mjxmj

� �
. An important special case, which

we also considered, was hmj ¼ 1, for all m and j,

where the transition rate is constant,
conditional on the value of any time-
dependent variables. Since these variables are
assumed to be constant between event times,
the transition rate is a step function of time, and
the waiting time in each state has an
exponential model. Thus, the full likelihood
function for all observed multistate data is given
by

LM a; hð Þ ¼
Z

Rþ

L a; h; x; tð ÞfV t; cð Þdt

¼
Z

Rþ

Y

h

Y

I

thiq
0
h tið Þ expða0

hixhiÞ

n odhi
�

exp thiQ
0
h tið Þexpða0

hixhiÞ

n oi
fV t; cð Þdt;

where h is the transition for patient i, dhi is the
event indicator, h is a vector of parameters
relating to the cumulative baseline intensity

Q0
h t ið Þ and LM a; hð Þis the marginal likelihood for

the multistate frailty model. For the computa-
tions of the above likelihood function, a maxi-
mum penalized likelihood estimation with
gamma frailty (as discussed by Rondeau and
Gonzalez [44]), can be applied to estimate the
integrals and thereby avoids the need for
intensive computations.

In the semi-parametric case, the baseline

intensity, q0mj tð Þ; is left completely unspecified

and estimated non-parametrically. The log-lin-
ear effect of the covariates amj, are estimated by

maximizing the partial loglikelihood function.
Thus, the partial loglikelihood for all the
observed multistate data is given by

‘ a; x; tð Þ ¼
X

h

dh log th þ
X

I

dhia
0

hixhi

(

� log
X

h;i2R tð Þ
thiexpða

0

hixhiÞ

9
=

;
þ log fV t; cð Þ

where h is the transition for patient I, dh ¼
P

dhi
is the number of events, and R(t) is the risk set at
time t for making a transition h. In this study,
we used a more efficient Quasi–Newton iterative
approach proposed by Kalbfleisch and Lawless
[45] , for the computations of the above partial
loglikelihood function.

In addition to adding the frailty term, a
principal component variable is created to
improve the efficiency of the above models. In
order to create a principal component variable,
as explained by Chikobvu and Shoko [34], we
carried out the following regression analysis to

estimate b0 and b1 in the model: yCD4i ¼ b0 þ
b1x

VL
i þ ei: We then defined an orthogonal CD4

cell count variable = ei = yCD4i � b0 þ b1x
VL
i

� �
.

The orthogonal CD4 cell count in the model
explains the component of disease progression
of HIV that cannot be explained by the VL
alone. In order to deal with multicollinearity of
the CD4 cell count and VL count, the orthog-
onal CD4 cell count component was used. The
residual from the fitted principal component
model was included with the original HIV/AIDS
data model to form the new CD4 cell count
component.

Prediction from Multistate Model

To predict the probability of occupying a par-
ticular state at a given time, we calculated, pmj(z,
t), the probability of being in state j at a time t,
given being in state m at time z. Under all
models, we used a simulation approach, which
can be considered to be a more efficient and
general approach (proposed by Crowther and
Lambert [46]). This can be achieved by simu-
lating a large number of patient states history
from multistate frailty models, given the
cumulative hazard for each transition, or
covariate-specific hazard. The flexsurv and
mstate commands have utilities to do this for
the parametric and semiparametric multistate
Markov model, respectively. All the analyses
were carried out using statistical packages R-3.6
(mstate and felxsurv) and SAS 9.4.
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RESULTS

Characteristics of the ART Cohort
at Enrolment

All participants were black women (n = 219),
with a mean age of 26.67 years (standard devi-
ation of 6.9 years). The majority of participants
were married or with a stable partner 174
(79.5%), not co-infected with TB 201 (91.8%),
not with anemia 208 (95.0%) and overweight
137 (62.8%), based on their body mass index
(BMI) measurements. Over two-thirds, 153
(69.9%), reported having completed grades
11/12 of schooling. Considering the baseline
virologic state, 40.2% and 32.4% of patients had
an initial VL of 10,000\VL\ 1000,000 copies/
ml and 50\VL\10,000 copies/ml, respec-
tively. The median baseline CD4 count of the
participants included in the analysis was 519.0
cells/mm3 (IQR 419–655.5 cells/mm3) (Table 2).

Estimated Transition Probability
and Length of Stay

The plot in Fig. 3 displays the non-parametric
estimated probability of transitions of viral
suppression, viral rebound, and the state-speci-
fic length of stay of AIDS patients. From Fig. 3a,
b, it is interesting to observe that, when a
patient’s VL is above 10,000, rates of change of
viral rebound (transitions 5 and 6), are smaller
than the rates of change of viral suppression
(transitions 1 and 2). However, the probability
of achieving an undetectable VL for patients
(transition 3) is smaller than the probability of a
viral rebound from the undetectable VL (tran-
sition 4) (Fig. 3c). Furthermore, patients with
lower VL (particularly those in the unde-
tectable VL state) had a higher probability of
staying in the same state throughout the dura-
tion of follow-up periods, compared to those
with a higher VL (Fig. 3d).

Assessment of the Fitted Models

We applied three Markov multistate models, the
Exponential, Weibull, and the Semi-Parametric
Multistate models. The estimates of these full

and semi-parametric multistate models were
compared with non-parametric estimates to
assess the goodness of fit of the model (as dis-
cussed by Ieva et al. [47] and Titman and Shar-
ples [48]) (Fig. 4). From this plot, we noted that
the Weibull model accounted better for the
decrease in the survival function of the length
of stay and transitions since the time of the last
visit. The model selection criteria in Table 3
further confirm this finding.

Besides selecting the best fit model for our
data, the effect of patient-level frailties and
orthogonal CD4 cell count components on VL
dynamics were also analyzed. This was achieved
by fitting a Weibull multistate model without
patient-level frailties and orthogonal CD4 cell
count components on VL dynamics. Secondly,
we fitted a Weibull model for the effects of the
factors, where only a frailty term was included
in the model. Finally, we fitted a Weibull mul-
tistate model with patient-level frailties and
orthogonal CD4 cell counts. A comparison of
these three models was based on the AIC and
likelihood ratio tests (LRT). The AIC and LRT
from Table 4 showed that the Weibull multi-
state model with patient-level frailties and with
CD4 cell count orthogonal adjustment gives the
best fit to the data (i.e., gives improvements in
estimation) (Table 4).

Predictors of Viral Suppression

Analysis results for modeling viral suppression,
viral rebound, and length of stay using Weibull
multistate frailty are presented in Figs. 5, 6 and
7, respectively. Focusing on the effect of pre-
dictors on viral suppression, an increase in
eosinophils count decreases the probability of
experiencing viral suppression from high to
moderate VL (aHR = 0.33, 95% CI 0.14–0.78).
Compared to patients without TB co-infection,
we note that patients with TB co-infection were
associated with a decreased probability of
achieving viral suppression to undetectable VL
(aHR = 0.44, 95% CI 0.23–0.83) and to low VL
(aHR = 0.60, 95% CI 0.38–0.95). Considering
QoL domain scores of the patients, as the score
of psychological wellbeing (aHR = 1.02, 95% CI
1.01–1.15) increases, the transitions to viral
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suppression (particularly from high VL to
moderate VL) increase. Similarly, having a high
level of independence score was associated with
a higher probability of achieving viral
suppression.

Age was shown to have a strong association
with suppression of VL (particularly from high
VL ? moderate VL). These results suggest that
the likelihood of achieving viral suppression to
moderate VL is lower for patients in the younger
age group (age\ 20 years) (aHR = 0.19, 95% CI
0.08–0.46) and middle age group (21–39 years),
evidenced by (aHR = 0.41, 95% CI 0.26–0.66),
compared to those in an older age group
(age[40 years). In addition, the time for tran-
sition from high VL to moderate VL (aHR =
1.65, 95% CI 1.03–2.64) and from moderate VL
to low VL (aHR = 1.67, 95% CI 1.22–2.29), s
accelerated for patients with stable sex partners
(married), compared to those with no sex part-
ner. Moreover, the result further showed that
patients with many sex partners (aHR = 0.24,
95% CI 0.08–0.70), ad significantly decreased
viral suppression to undetectable levels, as
compared to those with no sex partner (Fig. 5).

Predictors of Viral Rebound

The effect of several predictors on viral rebound
of HIV/AIDS is given in Fig. 6. Based on the
parameter estimates, we noted that the neu-
trophils had significantly decreased transition

Table 2 Baseline characteristics of the ART cohort in the
CAPRISA 002 study

Variables Count/mean
(percentage/SD)

BMI categories [n (%)]

Underweight 5 (2.3)

Healthy weight 76 (34.9)

Overweight/obese 137 (62.8)

Age categories [n (%)]

18–20 years 29 (13.2)

21–39 years 178 (81.3)

40–59 years 12 (5.5)

Marital status [n (%)]

Single/no partner 34 (15.5)

Married/stable partner 174 (79.5)

Many partners 11 (5.0)

Educational status [n (%)]

B Grade 8 16 (7.31)

Grade 9–10 50 (22.8)

C Grade 11 153 (69.9)

Baseline virologic state [n (%)]

High VL: VL[ 100,000 copies/

ml

55 (25.1)

Moderate VL:

10,000\VL\ 1000,000

copies/ml

88 (40.2)

Low VL: 50\VL\ 10,000

copies/ml

71 (32.4)

Undetectable VL: VL\ 50

copies/ml

5 (2.3)

TB co-infection [n (%)]

Yes 18 (9.2)

No 201 (91.8)

Anemia [n (%)]

Yes 11 (5.0)

No 208 (95.0)

Table 2 continued

Variables Count/mean
(percentage/SD)

Contraceptive use [n (%)]

Yes 179 (81.7)

No 40 (18.3)

Sex acts under influence of alcohol [n (%)]

Yes 22 (10.0)

No 197 (90.0)

Baseline CD4 cell count, Median

(IQR)

519.0 (419.0–655.5)
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intensity to viral rebound. As the score of this
covariate increases, the probability of experi-
encing viral rebound from low VL to moderate
VL (aHR = 0.88, 95% CI 0.80–0.97), and from
moderate VL to high VL (aHR = 0.70, 95% CI
0.59–0.84) decreases. In addition, having high
monocyte counts accelerates viral rebound from
low to moderate VL (aHR = 2.20, 95% CI
1.90–3.31) and from moderate to high VL
(aHR = 1.25, 95% CI 1.01–1.67). Similarly,
having a higher eosinophil score was associated
with an increased probability of experiencing
viral rebound, from low to moderate VL
(aHR = 1.83, 95% CI 1.41–2.38) and from
moderate to high VL (aHR = 2.36, 95% CI
1.64–3.88). Furthermore, having high liver
abnormality scores accelerates viral rebound

from moderate to high VL (aHR = 1.23, 95% CI
1.01–1.67).

Considering QoL domain scores of the
patients, we note that, as the score of physical
health increases, the transitions to viral
rebound from low to moderate VL (aHR = 0.91,
95% CI 0.83–0.99) and from moderate to high
VL (aHR = 0.85, 95% CI 0.75–0.97), decreases
Patients in the younger age group
(age\20 years) were more likely to experience
viral rebound (aHR = 1.26, 95% CI 1.09–2.25),
compared to those in older age groups
(age[40 years). In addition, patients with
higher educational levels were less likely to
experience viral rebound frommoderate to high
VL. Furthermore, having many sex partners
accelerates viral rebound from moderate to high
VL (aHR = 1.32, 95% CI 1.02–3.36) see Fig. 6.

Fig. 3 Estimated probability of transition and probability of being in each disease state, over the follow-up time

Infect Dis Ther (2020) 9:367–388 377



Predictors of Length of Stay

As seen from Fig. 7, monocytes and eosinophils
were shown to have a strong association with

time spent in this moderate VL state. These
results suggest that patients with high mono-
cytes (aHR = 1.78, 95% CI 1.29–2.46) and high
eosinophils (aHR = 1.54, 95% CI 1.12–2.12) are

Fig. 4 Non-parametric (green) survival functions of time to initiation of ART, from the starting state, and estimated
transition and waiting probabilities in that state from semi-parametric (blue) models, Weibull distribution (red) and
Exponential distribution (black)
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more likely to stay longer in a moderate VL state
(between 10,000 and 100,000). In addition,
patients with high neutrophils were less likely
to stay longer in a high VL state (aHR = 0.76,
95% CI 0.63–0.92) and moderate VL (aHR =
0.90, 95% CI 0.84–0.96). High RBC indices
scores (aHR = 0.75, 95% CI 0.62–0.92) and high
electrolyte component scores (HR = 0.78, 95%
CI 0.63–0.97) were significantly associated with
a decreased probability of staying in a higher VL
state. Furthermore, having high liver abnor-
mality scores were associated with an increased
probability of staying in a higher VL state
(aHR = 1.35, 95% CI 1.16–1.57).

Patients with higher educational levels were
found to be associated with an increased prob-
ability of staying in a lower VL state.

Considering QoL domain scores of the patients,
high physical health scores were significantly
associated with an increased probability of
staying at an undetectable level (aHR = 1.09,
95% CI 1.01–1.26). Patients in the younger age
group (age\20 years) were also associated with
an increased probability of staying in a higher
VL state (aHR = 1.81, 95% CI 1.23–3.39), com-
pared to those in the older age group. Further-
more, an increased probability of staying in
moderate VL states (between 10,000 and
100,000) was associated with having many sex
partners (aHR = 2.36, 95% CI 1.63–3.42), as
compared to those with no sex partner (Fig. 7).

DISCUSSION

The current study was aimed to simultaneously
model viral rebound, viral suppression, and
state-specific duration of stay of AIDS patients,
and to determine how these depend on level of
educational status, age, marital status, quality of
life scores, TB co-infection, RBC indices,
hemoglobin and hematocrits, eosinophils,
neutrophils, monocytes, electrolyte compo-
nents, and liver enzyme abnormality. These
factors may not adequately be modeled using
constant hazards, although the bias in estimates
of the hazard ratios was not large in this popu-
lation. Thus, we have presented and compared
full-parametric and semi-parametric multistate
models. Results from the diagnostic plots, AIC
and LRT, showed that the Weibull multistate
model, fitted significantly better than the
exponential and semi-parametric multistate
models. We also improved the selected model,
the Weibull multistate model, by including
patient-level frailties and an orthogonal CD4
cell count component. This further improved
the efficiency and predictive accuracy of the
model.

Some of the results of this study supported
the previous literature findings, while some
results of this study provided new insights. The
results of this study showed that young adoles-
cents were significantly associated with
decreased viral suppression and were associated
with an increased probability of experiencing
viral rebound, compared to those patients in

Table 3 Model selection criteria for each semi and full-
parametric model

Criterion Weibull
multistate
Markov
model

Exponential
multistate
Markov
model

Semi-
parametric
multistate
Markov model

- 2

LOG L

11,605.44 19,789.32 39,388.57

AIC 12,029.44 12,860.29 38,970.57

AIC akaike information criteria, - 2 LOG L - 2Log-
likelihood

Table 4 Assessment of the fitted model with and without
frailty and CD4 orthogonal component

Criterion Weibull
distribution
without
orthogonal
CD4 counts
and frailty

Weibull
distribution
with gamma
frailty but
without
orthogonal
CD4 counts

Weibull
distribution
with gamma
frailty and
orthogonal
CD4 counts

- 2

LOG L

11,605.44 10,586.84 7940.94

AIC 12,029.44 11,012.83 8386.94

AIC akaike information criteria, - 2 LOG L - 2Log-
likelihood
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older age groups (age[40 years). This was
supported by previous studies ([5, 49, 50]), in
which older age groups were more likely to
achieve viral suppression compared to those in

younger age groups. A plausible reason for this
is that the treatment for adolescents may be
affected by alcohol and recreational drug use
[51], lack of disclosure, stress, HIV-associated

Fig. 5 Parameter effects (with 95% CI) of socio-demographics variables, risk variables, QoL domain scores, and clinical
measurements on viral suppression for the Weibull multistate frailty Markov model
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discrimination and stigma [5, 52], and feelings
of invulnerability to the consequences of HIV
disease [53]. These factors may mediate the
observed association among younger aged
individuals and viral rebound. We also found
that patients with lower educational levels were

associated with an increased probability of
experiencing viral rebound, a finding that is in
accordance with the literature [54–56], where
patients who have lower educational attain-
ment were associated with viral rebound. It may
reflect lower levels of health literacy or indicate

Fig. 6 Parameter effects (with 95% CI) of socio-demographics variables, risk variables, QoL domain scores, and clinical
measurements on the viral rebound for Weibull multistate frailty Markov model
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a marker of overall poverty. Lower health liter-
acy and greater poverty-related stress have been
linked to medication non-adherence and poor
virologic outcomes [57, 58].

Having a high QoL domain score in our
study was associated with increased suppression
and reduced likelihood of viral rebound. As has

been previously shown [59, 60], patients with
anxiety, depression, and low QoL are less likely
to exhibit adherence to ART. Poor adherence
may be associated with increased probability of
experiencing viral rebound [61–63], showing
that at least part of the effect of low QoL scores
on incomplete viral suppression is mediated

Fig. 7 Parameter effects (with 95% CI) of socio-demographics variables, risk variables, QoL domain scores, and clinical
measurements on length of stay (waiting time) for Weibull multistate frailty Markov model
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through combination ART adherence. Patients
diagnosed with TB after ART initiation are
associated with increases in plasma HIV viremia
[64–66]. The risk of viral suppression may also
be decreased by patients with TB co-infection,
due to an increased risk of drug toxicity,
drug–drug interactions, and the potential for
lower adherence due to the high pill burden
[67]. Our data add to this literature by showing
that patients with TB co-infection were associ-
ated with a decreased probability of experienc-
ing viral suppression. Therefore, patients on
ART with active TB should thus be prioritized
for VL monitoring and adherence support. Fur-
thermore, having many sex partners exposes
them to an accelerated risk of viral rebound,
from moderate to high VL.

Among the different hematological parame-
ters for HIV-infected patients, as expected, an
abnormally high number of eosinophils in the
blood significantly decreased viral suppression
and increased the probability of experiencing
viral rebound, a finding that is in accordance
with the literature [68], where it has been found
that patients with a higher eosinophils counts
were more likely to have higher long-term viral
rebound. We also found that patients having
higher neutrophil counts were significantly
associated with a decreased probability of
experiencing viral rebound. This finding agrees
with studies that have shown that worsening
HIV disease, demonstrated by increasing VL
rebound, has been associated with abnormality
of neutrophils (neutropenia: absolute neu-
trophil counts\ 500) [69, 70]. We further
observed that patients with high monocyte
count were associated with a higher probability
of experiencing viral rebound. Our finding is
concurrent with those from prior reports, which
noted that the monocyte CD69 expression rate
was significantly positively correlated with the
HIV-1 RNA [71]. Consequently, caution is nee-
ded for risk assessment measures to monitor
and screen patients’ pre- and post-ART initia-
tion in African clinical settings to curtail
potential risks associated with an increased
probability of experiencing viral rebound.
Moreover, liver enzyme abnormalities were sig-
nificantly associated with a higher probability
of experiencing viral rebound. Our findings are

concurrent with those from prior reports
[72, 73], which noted that a positive correlation
exists between VL and aminotransferase (ALT
and AST). Thus, there is a need to monitor ALT
and AST levels after initiation of ART, mainly in
high-risk patients, to reduce side effect
concerns.

We further found that patients having
higher educational levels were more likely to
spend a longer time in good states (particularly
lower VL state), as compared to those with
lower educational levels. This could be due to
better knowledge about their treatment and
disease, access to health services, or functional
status. Similarly, higher QoL scores (particularly
physical health scores) were significantly asso-
ciated with longer time spent in lower VL states.
Furthermore, those of younger age (\20 years)
with high liver abnormality scores and high
social relationship scores were associated with
an increased probability of staying in a higher
VL state.

Readers should be cautious when interpret-
ing the findings of this study since the study
findings were limited to adult females, and
hence the findings may not be generalized to all
HIV-infected patients. In addition, this study
has also some limitations, including missing
data, which are expected for a study conducted
on data collected from patients’ files and when
dealing with a long-term follow-up period.
Moreover, we did not assess some other clinical
and risk factors, such as adherence level, hep-
atitis status, treatment change, drug–drug
interactions, and drug abuse, that may affect VL
dynamics. Despite these limitations, important
information regarding clinical factors associated
with viral rebound and viral suppression for
women were identified. This information is of
value in identifying women at risk for subopti-
mal therapeutic outcomes. Additionally, it will
help to inform cART retention strategies for
HIV-infected patients.

CONCLUSIONS

We have simultaneously modeled long-term
viral suppression, viral rebound, and state-
specific duration of stay of AIDS patients in
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seroconversion among South African women,
using the Weibull multistate frailty model. This
has resulted in precise estimates of covariate
effects, time spent in each state, and expected
survival times. Additionally, we have examined
important information regarding factors that
affect long-term viral dynamics. This informa-
tion is of value in identifying women at risk for
suboptimal therapeutic outcomes. Moreover, to
achieve and maintain the UNAIDS 90% sup-
pression targets, additional interventions are
required to optimize ART outcomes, specifically
targeting poor clinical characteristics, lower
education, younger age individuals, and those
with many sex partners.

From a methodological perspective, the
parametric multistate with frailty approach is a
flexible approach for modeling time-varying
variable factors, allowing for dealing with
heterogeneity between the sequence of transi-
tions, allowing for a reasonable degree of flexi-
bility with few additional parameters, and
gaining a better insight into how the factors
change over time. Furthermore, the parametric
multistate frailty model further extends the
knowledge as to the HIV disease burden transi-
tions and can be used to learn more about the
disease progression of other chronic diseases.
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