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Abstract

Background
In resource-limited settings, changes in CD4 counts constitute an important
component in patient monitoring and evaluation of treatment response as these
patients do not have access to routine viral load testing. In this study, we
quantified trends on CD4 counts in patients on highly active antiretroviral
therapy (HAART) in a comprehensive health care clinic in Kenya between 2011
and 2017.We evaluated the rate of change in CD4 cell count in response to
antiretroviral treatment. We further assessed factors that influenced time to
treatment change focusing on baseline characteristics of the patients and
different initial drug regimens used. The study involved 529 naïve HIV patients
that had at least two CD4 count measurements for the period. The relationship
between CD4 cell count and time was modeled using a semi parametric mixed
effects model while the Cox proportional hazards model was used to assess
factors associated with the first regimen change.

Results
The results demonstrated that CD4 counts increased over time and these trends
were similar regardless of the treatment regimen used. Males were less likely to
have drug regimens switch (adjusted hazard ratio (aHR) 0.5101, 95% CI: 0.1906
-1.3647) compared to females.Tenoforvir (TDF) based regimens had a lower drug
substitution (aHR 0.2796, 95% CI: 0.0961-0.8629) compared to Zinovudine
(AZT).

Conclusion
The backbone used was found to be associated with regimen changes among the
patients with fewer switches being observed, with the use of TDF when
compared to AZT. There was however no significant difference between TDF and
AZT in terms of the change in CD4 count over time.
Keywords: Highly active antiretroviral therapy(HAART); HIV/AIDS; CD4

1 Background
Human immunodeficiency virus (HIV) epidemic has become one of the greatest
threats to human health and development.The number of persons living with HIV
has risen to about 36 million with a high percentage of about 67% being in Sub-
Saharan Africa [1]. According to [1] Kenya has one of the largest HIV epidemic in
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the world with a prevalence rate of 5.9 %.
Combating the epidemic requires strategies that reduce the new infections and im-
provement of the survival rates of those already infected. In recent years,highly
active antiretroviral therapy (HAART) has become available to the patients with
World Health orgnaization (WHO) guidelines recommending initiation of ART in
all adults and adolescents with HIV [2]. The benefits of combined antiretroviral
therapy are well documented in literature [3][4]. After initiation of antiretroviral
therapy(ART) most patients experience a reduction in HIV viral load combined
with an increase in CD4 cell count which reduces the risk of HIV related events and
death. A strong predictor of the progression to Acquired Immunodeficiency Syn-
drome (AIDS) is the CD4+ T-cell (CD4) count typically reported as an absolute
level or count of cells (expressed as cells per cubic millimeter of blood)[5]. Changes
in CD4 count constitute an important component in patient monitoring and eval-
uation of treatment response as these patients do not have access to routine viral
load testing.WHO recommends CD4 count monitoring every six months and viral
load testing only when the capacity exists [6]. However, the measurements of CD4
in most developing countries is not on a regular basis.
Revision of WHO guidelines in 2010 brought changes in the management of HIV
infected patients among them use of less toxic antiretroviral drugs in first line [2].
In line with these recommendations, antiretroviral therapy guidelines for Kenya in
2011 [7] suggested that first-line regimens for HIV naïve adults and adolescents con-
sist of two nucleoside reverse trancriptase inhibitors (NRTIs) as ”backbone” along
with one non-nucleoside reverse-transcrptase inhibitor (NNRTI). In the guideline,
Lamivudine (3TC) was combined with one of two NRTIs and one of two NNRTI.
The NRTIs were Zidovidine (AZT) and tenofovir (TDF) while the NNRTIs in-
cluded efavirenz (EFV) and nevirapine (NVP).
The success of HAART nonetheless critically depends on regular patient follow-up
to the treatment during their lifetime. ART drug regimens are however changed due
to various reasons which include but not limited to toxicity,co-morbidity,pregnancy
and treatment failure [8][9].These drug regimen modifications limit treatment op-
tions and introduce challenges such as monitoring and adherence difficulties among
the patients. These modifications have also been associated with poor clinical
outcomes[10]. It is therefore of utmost importance to check how the patients adhere
to the routine and assess factors that are associated with the treatment modifica-
tions.
In this study we aim to quantify the CD4 cell count trends over time for patients
on combined ART in one of the comprehensive health care clinics in Nairobi,Kenya
and evaluate the rate of change in the CD4 count in response to antiretroviral
treatment.We also evaluate whether the evolution is related to the baseline charac-
teristics and treatment regimen of the patient. Further, we estimate time until first
drug regimen change and establish if the changes are associated with the baseline
characteristics of the patient.In section 2 we discuss the methods used,the results are
then displayed in section 3 and finally a comprehensive discussion and conclusion
is presented in section 4.
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2 Methods
Study participants
The data used in this study was sourced from the Kenya Medical Research Insti-
tute (KEMRI). In the original study Ethical review committee(ERC) permission
was obtained locally and internationally;the protocol was reviewed for human sub-
ject concerns and approved by the Kenya Medical Research Institute ERC and
University of California San Francisco Committee on Human Research. The study
involved HIV naïve patients attending one of the comprehensive health care clinics
in Nairobi, Kenya for the period between September 2011 to 2017. In this study,we
included only 529 patients who had at least two CD4 count measurements during
the follow up period and whose drug regimen was recorded.Informed consent was
obtained from all participants included in the study.Baseline characteristics of the
patients at initiation of ART such as gender,age, WHO clinical stage are also in-
cluded.All methods were performed in accordance with the relevant guidelines and
regulations.

Treatments
According to [7],the forth edition of the ART Kenya guidelines released in December
2011 the recommended first-line regimens for naïve adults and adolescents consisted
of two nucleoside reverse transcriptase inhibitors (NRTIs) as ”backbone” along
with one non-nucleoside reverse-transcriptase inhibitor (NNRTI). In the giudeline,
Lamivudine (3TC) was combined with one of two NRTIs and one of two NNRTI
options implying that we have four treatment combinations for first line HAART.
The NRTIs were zidovudine(AZT) and tenofovir (TDF) while the NNRTIs included
efavirenz (EFV) and nevirapine (NVP).
During the follow up period some of the patients changed regimens for different
reasons. These changes in regimen involved either the backbone or NNRTI. Whilst
the number of changes made by a patient may be more than one ,in this study we
considered the first regimen change as our outcome of interest.

Statistical Analysis
Exploratory data analysis and descriptive statistics was carried out to give an in-
sight into the data.Baseline categorical variables were cross tabulated to give the
proportions in different categories and a Chi-square test performed to find out if
any association existed among the variables.

Time to treatment change
The outcome of interest which was time to first treatment change was calculated
by subtracting the date of treatment modification from the date of ART initia-
tion.Patients were censored if treatment change was not observed until the last
visit to the clinic. This was done for patients who were lost to follow up and for
those still alive at the end of study. Suppose we let T be a random variable repre-
senting failure time in our case time to regimen or treatment switch. The probability
of failure time occurring at exactly time t can be formulated as:

f(t) = limh→0

P [t ≤ T < t+ h]

h
(1)
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The cumulative distribution of the random variable T is as shown

F (t) = P (T ≤ t), t > 0,

with a survival function

S(t) = P [T ≥ t] = 1− F (t−)

The hazard function

λ(t) = limh→0

P [t ≤ T < t+ h|T ≥ t]

h
(2)

The time to treatment change was estimated using Kaplan-Meier estimator. The
log-rank(LR) test was used to compare between groups of baseline characteristics
and initial treatment allocations. The statistic is given by

LR =

∑k

i=1
(Ei −Oi)

2

Ei

(3)

where Oi is the observed number of failures and Ei is the expected number of
failures. Under then null hypothesis that the survival distribution are the same for
the groups, then the log-rank test statistic has a chi-square distribution.

The Cox proportion hazards model [11] was used to identify the baseline charac-
teristics that could be associated with first treatment or regimen change. The model
was formulated as;

hi(t|xi) = h0(t)expXiβ (4)

where h0(t) is a baseline hazard function that describes the risk for individuals with
Xi = 0 and expXiβ is the relative risk representing a proportionate increase or
reduction in risk, associated with a set of characteristics Xi. The hazard ratio with
95% confidence interval was used to test statistical significant association between
time to first treatment change and the patient’s baseline characteristics.

Analysis of CD4 cell count
CD4 cell counts were log-transformed to meet the assumption about stability of the
variance with increasing CD4 cell count. Individual trajectory plots were obtained to
give an indication of how the patient’s CD4 count evolved over time. We constructed
a mean profile of the log transformed CD4 over time in months. Further, the average
profile plots were fitted for different baseline characteristics.
Let yij denote the response for subject i measured at occasion j. Further if we let
yi denote a vector of all repeated measurements for subject i then we can formulate
the general linear mixed effects model as:

yi = Xiβi + Zibi + ϵi (5)
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where yi ,i=1,2,3…,ni is a ni-dimensional vector of the log transformed CD4 counts
for patient i at time j,Xi and Zi are ni×p and ni×q matrices of known covariates,β
is a p-dimensional vector of fixed effects and b q-dimensional vector of subject spe-
cific random effects and ϵi is the residual component .
A simple parametric model may be adequate to describe subject-specific profiles
in terms of random effects. However, the relevance of normality assumption on
random effects may be questionable. Furthermore, the individual profiles are non-
linear making parametric models too restrictive. We propose a data-driven approach
based on semi-parametric regression models used by [12]. In this approach, a pa-
tient specific random intercept is used to capture the correlation of CD4 cell count
measurements over time within the patients. We assume patient specific random
parameters for both linear and quadratic time effects to capture different evolution
patterns between the patients.This is formulated as in the model below.

yi(ti) = S(ti) + b0i + b1iti + b2it
2

i + ϵiti (6)

Where S(ti) is a nonparametric component of the model and b0i,b1iand b2i are the
patient specific random effects. The model allows smoothing with respect to time.
First order derivative for each treatment groups were obtained and plotted with
95% confidence band to determine the effect of treatments on the rate of change in
the logarithm of CD4 cell count over time.

3 Results
Baseline characteristics
A total of 529 patients with at least two measurements of CD4 count were included
in the study. Table 1 provides a summary of the CD4 count measurements and age
of the patients.Subjects were followed up for a maximum of 2149 days. The median
time of follow up was 208.5 days. The number of CD4 count measurements per
subject ranged from two to fifteen with a median of 4 measurements. A majority
of the patients (55.6%) had CD4 cell count of less than 200 cells/mm3 which was
the previous cutoff point to start ART. The highest CD4 count being 1631 with
a median value of 395. The number of visits to the clinic ranged from two to fifty
with a median of twenty two.
Categorical baseline characteristics are summarized in table 2. Most patients in the
study were females at 65.2%. At initiation of ART 62.2% of the patients were at
WHO clinical staging stage II.
With regards to the drug regimen, a majority of the patients were on Lamivudine
+ Tenofovir + Efavirenz (64.1%). Efavirenz was the most used among the NNRTI
at 69.6 % while Tenofovir was the most used NNRT at 69.2% as shown in table 3.
The individual profiles of the subjects are presented in Fig. 1. From the profiles we
observe that there is within and between subject variability. The subjects start at
different baseline CD4 counts and evolve differently over time. There is an indication
that the overall trend is not linear over time. Initially most patient’s CD4 count
increases rapidly then stabilizes.
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Time to treatment change
The number of patients that had at least one treatment change account for about
10% of the patients. Log-rank test was used to test the difference between cate-
gories of baseline covariates with the probability of treatment modification. This
test revealed the presence of significant difference among the categories of baseline
NNRTI, NRTI, gender and WHO clinical stages. The Kaplan-Meir curves are shown
in Fig. 2. The survival curve for time to treatment change shows steady increase on
overall.
The cox regression analysis results are presented in table 4. Adjusting for the base-
line characteristics we find that only the backbone was associated with the drug
regimen changes (aHR=0.2796(95% C.I:0.0961-0.8629)) which was also observed
in the log-rank test.Patients initiated on NVP were at a higher risk of changing
treatment compared to those on EFV.In addition, males were less likely to have
treatment modification compared to females.

Modelling CD4 cell count
The logarithm CD4 count trend is the same for both NNRTI treatments as seen
in Fig. 3. After initiation to ART the rise of logarithm CD4 count in patients on
Efavirenz is faster compared to those on Nevaripine. At later time points we ob-
serve that the CD4 cell count of those taking EFavirenz is higher than for those on
Nevirapine. However, there appears to be no difference between the trend for TDF
and AZT. The fitted individual profiles for the patients and overall average trend
of logarithm CD4 count from semiparametric model is shown in Fig. 4. There was
a rise in the logarithm CD4 cell count in the first days after initiation of ART and
thereafter it stabilizes.
The first order derivative of the semiparametric mixed model fitted allows esti-
mation of the rate of change in CD4 counts.A derivative equal to zero implies a
constant trend with respect to time. The Fig. 5 presents the rate of CD4 change
over time with the 95% confidence band. It was observed that the rate decreases
to zero in the first days after initiation to ART on average and thereafter remains
close to zero. However,a closer look on the individual profiles indicated that not all
subjects got to zero.The confidence band was wide towards the end of study.
The model also allows comparison between different groups. The treatment response
for the two NNRTI drugs looks the same for both EFV and NVP in the evolution
of logarithm CD4 cell counts as shown in Fig. 6A and the rate of change Fig. 6B
in the left panel and right panel respectively. Fig. 7 displays the difference in es-
timated rate of change between NVP and EFV.The 95% confidence band covers
zero throughout the study an indication that there was no difference in the evolu-
tion of CD4 cell counts for patients taking either of the treatments. The trend of
logarithm CD4 cell counts was estimated for the backbones TDF and AZT. The
trends rise steadily for both NRTIs over time with differences observed at initiation
of ART. AZT had higher logarithm CD4 cell counts over time compared to TDF
as seen in Fig. 8A. A wider confidence band was observed towards the end of study
with regard to the rate of change Fig. 8 B. A further investigation on the differ-
ence between estimated curves by the backbones AZT and TDF, showed that there
were differences at initiation of treatment but thereafter there were no observable
differences as seen in Fig. 9.



Mugo et al. Page 7 of 10

4 Discussion
Analysis of the CD4 count is an important component in monitoring and evaluat-
ing progression of HIV in resource limited settings.This study aimed at describing
the evolution of CD4 cell counts and the evaluating time to first treatment change
among patients after initiation of ART.Majority of patients in the study were in
WHO clinical stage II.The number of female patients was higher compared to males
which could be explained by the fact that some patients were referrals from the An-
tenatal care (ANC) clinics. The evolution of CD4 count increases nonlinearly over
time with rapid increase in CD4 cell count observed immediately after initiation of
ART which then stabilizes with time.The change in CD4 count rises fast in the first
450 days of ART initiation.This was longer than in the study conducted in Ethiopia
[12] where the rapid increase was observed in the first ten months.The trend of CD4
cell count over time was the same regardless of the NNRTI treatment given to the
patients.
In line with previous studies, majority of the females were observed to have changed
their treatment compared to the males [9][8]. From this study though males were
less likely to have their drug regimens changed (adjusted hazard ratio 0.7944, 95%
CI: 0.67-0.95) compared to the females, this was not significant. This agrees with
a study by [13] which showed no significant differences in treatment modification
time by gender and regimen. Most of the changes were mainly from EFV to NVP
which could be explained by the fact that EFV is not recommended for women who
are pregnant.
On comparing the backbone,zinovudine based regimens had a higher drug substi-
tution (aHR 2.067, 95% CI: 1.81-2.36) compared to Tenofovir.This concurs with
a study conducted by [14] in Ethiopia which concluded that TDF based regimens
have more efficacy that AZT based regimens. Another study in Kenya [15] shows
that TDF had lower modifications of the ART treatments.Further, a study in South
Africa [16] showed that TDF seemed to perform better notably with less drug sub-
stitution. The trend in CD4 recovery for TDF and AZT seem to be similar with
little difference observed at the initiation of ART.
A comparison of Efavirenz and Nevirapine in the evolution of the CD4 count in-
dicated no differences. This is consistent with findings of in the study by [17] who
found no significant differences among the study groups in the proportions with the
increases in CD4-positive cells.Other studies conducted to compare the treatments
have however indicated that EFV is better than NVP. For instance, studies by [18]
showed that patients on EFV recovered more CD4 cell counts than those on NVP
while [19] concluded that EFV-containing antiretroviral regimens were associated
with superior clinical outcome, as measured by time to treatment failure. We have
compared different baseline characteristics and drug regimens on time to first treat-
ment substitutions and the rate of change in CD4 cell count over time.
Our study however had several limitations which include the fact that patients
attending the comprehensive health care clinic were mainly referrals from antena-
tal care clinics and voluntary counseling centers and therefore may not completely
represent all the HIV patients in Kenya. CD4 cell count measurement was not per-
formed at particular time points and the number of measurements differ from the
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different patients. In addition, the analysis of drug regimen substitution was re-
stricted to first treatment change only. Taking into account all the drug changes
may reveal a different finding.
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Figures

Figure 1 Individual Profiles of logarithm CD4 cell count over time.

Figure 2 Kaplan- Meir curves for time to treatment change by different baseline
characteristics.(a)Overall,(b) By gender,(c) By NRTI (d) By NNRT .

Figure 3 Graph of logarithm CD4 count over time in days.(a) By backbone, (b) By NNRT
treatments

Figure 4 Fitted individual CD4 count profiles with average smoothed line over time.

Figure 5 Estimated rate of change of logarithm CD4 cell count over time.

Figure 6 A.Predicted logarithm CD4 and B.Estimated rate of change of log CD4 over time by
NNRTI.

Figure 7 Estimated difference in predicted log CD4 cell count and rate of change in CD4 cell
count over time between EFV and NVP.

Tables
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Figure 8 (A)Predicted logarithm CD4 and (B) Estimated rate of change of logarithm CD4 cell
count over time by backbone.

Figure 9 Estimated difference between the predicted log CD4 cell count over time by NRTI
backbone.

Table 1 Summary continuous Characteristics
Variable Minimum Maximum Median Mean
Age 18 70 42 42.66
CD4 1 1631 395 400.6

Log CD4 0 7.39 5.97 5.77
Observation time in days 0 2149 208.5 341.9
No of visits per patient 1 50 22 22.1

No of CD4 measurements 2 15

Table 2 Summary of Categorical Baseline Characteristics
Variable Categories Count Percentage(%)
Gender Female 345 65.2

Male 184 34.8
WHO stage Stage 1 76 14.4

Stage 2 329 62.2
Stage 3 73 13.8
Stage 4 11 2.0
Unknown 41 7.8

Table 3 Treatments at baseline
Backbone EFV(%) NVP(%)
3TC TDF 339(64.1) 27(5.1)
3TC AZT 29(5.5) 134(25.3)

Table 4 Cox-regression analysis of factors associated with time to treatment change.
Variable Categories UHR(95%CI) AHR(95 %CI) p-value
Gender Female 1 1

Male 0.3435(0.1322-0.8923) 0.5101 (0.1906-1.3647) 0.1800
NNRTI Efavirenz 1 1

Nevirapine 4.629 (2.048-10.46) 1.6984 ( 0.5677-5.0806) 0.3434
Backbone AZT 1 1

TDF 0.1817 (0.0775-0.4258) 0.2796 (0.09061-0.8629) 0.0267



Figures

Figure 1

Individual Pro�les of logarithm CD4 cell count over time.

Figure 2



Kaplan- Meir curves for time to treatment change by different baseline characteristics.(a)Overall,(b) By
gender,(c) By NRTI (d) By NNRT.

Figure 3

Graph of logarithm CD4 count over time in days.(a) By backbone, (b) By NNRT treatments

Figure 4

Fitted individual CD4 count pro�les with average smoothed line over time.



Figure 5

Estimated rate of change of logarithm CD4 cell count over time.

Figure 6

A.Predicted logarithm CD4 and B.Estimated rate of change of log CD4 over time by NNRTI.



Figure 7

Estimated difference in predicted log CD4 cell count and rate of change in CD4 cell count over time
between EFV and NVP.

Figure 8

(A)Predicted logarithm CD4 and (B) Estimated rate of change of logarithm CD4 cell count over time by
backbone.



Figure 9

Estimated difference between the predicted log CD4 cell count over time by NRTI backbone.


