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Section 1. HIV Model
A. Overview

We developed a microsimulation model of disease progression and treatment for children
living with HIV, starting at time of birth. Our pediatric HIV microsimulation model was based
on an adaptation of a previously published model for adult HIV [1]. Clinical, epidemiologic, and
cost parameters were selected to be broadly representative of settings in sub-Saharan Africa.
Briefly, each child has several individual-level characteristics, including age, CD4%/CD4 cell
count, ART regimen status, and PDR status. These characteristics are updated at monthly time
cycles. CD4% is used for children <5 years of age, and absolute CD4 cell count is used for children
> 5 years [2]. In the absence of effective ART, CD4%/CD4 cell count gradually decrease over time.
A child’s risk of acute clinical events, including opportunistic infections, and HIV-related death
are stratified by age and CD4%/CD4 cell count [3,4], and children can also die from non-HIV
related causes [5], Once a child initiates effective ART, their CD4%/CD4 cell count gradually
increase over time, and effective ART also decreases their risk of acute clinical events and HIV-
related death. Each time we simulated a scenario with a unique set of parameter values (such as
the base-case scenario or various sensitivity analysis scenarios), the simulation began running
with 500,000 infants at birth, and the simulation was run 100 times. The results presented for each
scenario represent the average of the results from the 100 runs conducted for each scenario.

In Section 1, we summarize and describe the final parameter values we used in our model,
as briefly describe the sources we used to inform them. In Section 4, we provide a more detailed
explanation of our model development and calibration process.

B. Disease progression in children 0-4 years of age

Initial CD4% and rate of CD4% decline

Model parameters that are relevant to disease progression for children 0-4 years of age in
the absence of ART are summarized in Table S1. When an infant is born, they are assigned an
initial CD4%, which is drawn from a normal distribution as described in Table S1. In the absence
of ART, an infant’s CD4% declines by 6.2% each month during the first 3 months of life and then
by 0.5% each month through 5 years of age. Also, if a child initiates ART but then has virologic
failure on their ART regimen, we assume their CD4% will decline while they are on an ineffective
regimen. In our analysis, children do not initiate ART until 3 years of age.

Risk of clinical event and mortality

Each month, a child has some probability of having an acute clinical event or dying due to
HIV-related causes. The monthly risk of a clinical event is stratified by age (< 6 months vs. > 6
months). Risk of death is stratified by age and CD4%. Once a child has a clinical event, their
monthly risk of death is higher during the 30 days following the start of the clinical event, as well
as beyond 30 days after the clinical event, compared to what their risk of HIV-related death
would be if they did not have a history of a clinical event.

Our model parameters related to the probability of an acute clinical event and death were
informed by two analyses conducted by Ciaranello et al., which, in this section, we refer to as
“Ciaranello 2013” and “Ciaranello 2014” [3,6]. The Ciaranello 2014 analysis calculated age- and
CD4%-stratified incidence of WHO Stage 3, WHO Stage 4, and tuberculosis (TB) events, as well
as mortality, among children with perinatally-acquired HIV who were untreated and enrolled in
care prior to 1 year of age. Data for these children came from seven different programs in Kenya,
Uganda, and Tanzania that are a part of the International Epidemiologic Databases to Evaluate
AIDS (IeDEA) East Africa consortium [3]. The authors describe that once ART was initiated,
subsequent data, including events, death, and time at risk, was censored.

Ciaranello 2013 used data from the Ciaranello 2014 analysis to develop a pediatric HIV
microsimulation model, known as the CEPAC-Pediatrics model, and this particular version of
the model focused on disease progression in the absence of ART [6]. In contrast to the CEPAC-
Pediatrics model, our model simulates the occurrence of clinical events as a whole, rather than
WHO 3, WHO 4, and TB separately. Thus, we used the monthly probabilities presented by



Ciaranello 2013 in their Table 1 (based on data from Ciaranello 2014), converted them to monthly
rates, took the average of these three monthly rates, and then converted this monthly average

rate into the monthly probability of any clinical event.

The risk of clinical event and mortality as summarized in Table S1 applies when a child is
not on ART, or when a child is on ineffective ART and has virologic failure. Effective ART lowers
the risk of clinical event and mortality, as described in Section 1D. In addition to the possibility
of dying from an HIV-related cause, each child can also die from non-HIV related causes. Non-
HIV related background mortality rates were based on data for sub-Saharan Africa [5], after

subtracting the HIV-related component [7].
Table S1. Parameters relevant to disease progression for children 0-4 years old.

Parameters Parameter Value
Initial mean CD4% at birth (+/-SD) 44.2% (+/-10.0%)
Monthly rate of CD4 decline
Age < 3 months 6.2%
Age 4 months - 5 years 0.5%

Monthly probability of a clinical event

Age <6 months 3.3%
Age 6-59 months 4.6%

Monthly probability of death with no history of CD4%
clinical event <15% 15-24% >25%
Age 0-6 months 6.3% 7.1% 6.9%
Age 7-12 months 4.6% 5.2% 5.0%
Age 13-24 months 1.5% 1.7% 1.6%
Age 25-36 months 1.6% 1.8% 1.8%
Age 37-48 months 0.4% 0.5% 0.5%
Age 49-60 months 0.1% 0.1% 0.1%

Probability of death within 30 days of clinical
events

Age <5 years 11.1%

Monthly probability of death with history of clinical CD4%
event (> 30 days post-event) <15% 15-24% >25%
Age 0-6 months 22.3% 7.9% 3.9%
Age 7-12 months 11.7% 4.0% 1.9%
Age 13-24 months 6.2% 2.1% 1.0%
Age 25-36 months 10.4% 3.5% 1.7%
Age 37-48 months 1.2% 0.4% 0.2%
Age 49-60 months 4.4% 1.5% 0.7%

To calculate the “monthly probability of a clinical event”, we: 1) converted the monthly probability of
a WHO Stage 3, WHO stage 4, and tuberculosis event (as presented in Table 1 of Ciaranello et al. [6])
each into a monthly rate; 2) took the average of these three rates to calculate an average monthly rate
of a clinical event; 3) converted this monthly rate into a monthly probability, as presented in this table.
With the exception of “monthly probability of a clinical event”, all other parameters values were
varied in our model calibration, described in detail in Section 4, and were informed by Ciaranello et
al. [3,6]. SD = standard deviation. Initial mean CD4% above uses a normal distribution.

C. Disease progression in children 5-13 years of age

Rate of CD4 cell count decline



We assume the rate of CD4 cell count decline in the absence of ART (or with ineffective ART)
among children 5 years or older is similar to what is observed among adults living with HIV, as
described previously in Duarte et al. [1].

Risk of clinical event and mortality

For children who are 5-13 years old, their monthly probability of having a clinical event or
an HIV-related death is summarized in Table S2. These probabilities were informed by data from
Desmonde et al. [4], and a detailed explanation of how this data was used is provided in the
subsequent sub-sections below.

Table S2. Parameters relevant to disease progression for children 5-13 years old.

Parameters Parameter Value
Monthly probability of clinical event
Age 5-9 years 2.3%
Age 10-14 years 1.0%
Monthly probability of death with no history of CD4 cell count
clinical event <200 200-499 =500
Age 5-9 years 0.2% 0.3% 0.3%
Age 10-14 years 0.1% 0.1% 0.1%

Probability of death within 30 days of clinical events

Age 5-9 years 3.7%
Age 10-14 years 2.1%
Monthly probability of death with history of clinical CD4 cell count
event (> 30 days post-event) <200 200-499 =500
Age 5-9 years 1.8% 0.6% 0.3%
Age 10-14 years 1.0% 0.3% 0.2%

In addition to the possibility of dying from an HIV-related cause, each child can also die
from non-HIV related causes. Non-HIV related background mortality rates were based on data
for sub-Saharan Africa [5], after subtracting the HIV-related component [7].

Derivation of probability of HIV-related death for children 5-13 years old

Table S3 summarizes the mortality incidence rates (per 100 person-years) found by
Desmonde et al. for age groups 2-4 years, 5-9 years, and 10-14 years [4]. In the “Relative Risk”
column, we derived the risk of death for age groups 5-9 years and 10-14 years, relative to the 2-4
year age group.

Table S3. Mortality risk for 5-9 and 10-14 year olds relative to 2-4 year olds.

Age (years) I;}{Zit;(l)l(;};};){ Relative Risk
2-4 3.40 reference
5-9 1.10 0.32
10-14 0.60 0.18

Data obtained from Table A of supplement for Desmonde et al. [4].

Table 54 provides a step-by-step guide of how we used the relative risks shown in Table S3
to derive parameters on the probability of HIV-related death for children 5-13 years old, which
includes: 1) probability of death with no history of clinical event, 2) probability of death within
30 days of a clinical event, and 3) probability of death with history of clinical event (>30 days
post-event).



1. First, we converted parameters for HIV-related death for children ages 25-60 months (2-4 years),
as presented above in Table S1, from monthly probabilities to monthly rates (rates can be
multiplied and/or divided, but probabilities cannot).

2. We then calculated average monthly rates for these parameters for children ages 25-60 months
(2-4 years), as shown in Table S4.

3. Next, we multiplied the monthly rates derived in step #2 by the relative risks for age groups 5-9
years and 10-14 years, in order to derive monthly rates of HIV related death for age groups 5-9
years and 10-14 years, respectively (results in Table S4).

4. Finally, we converted the monthly rates derived in step #3 to monthly probabilities (results in
Table S4). These monthly probabilities are the same as those presented in Table S2.

Table S4. Derivation of probability of HIV-related death for children 5-13 years old.

RR =relative risk.

Monthly rate of death with no history Rate of death with history of clinical event (> 30

Iy Rate of death
Ace G of clinical event ithin 30 d " days post-event)
ge Group CD4% within o ays o CD4%
<15% 15-24% 225% <15% 15-24% 225%
Age 25-60 months 0.0073 0.0082 0.0080 0.1176 0.0556 0.0182 0.0087
MOI’.lﬂ.ﬂy rate of death Wlth 1o h?story .Rajce of death Rate of death with history of clinical event (> 30
of clinical event after multiplication by ~within 30 days of days post-event) after multiplication by RR
RR Ol after ysp p y
CD4 cell count multiplication by CD4 cell count
<200 200-499 >500 RR <200 200-499 =500
Age 5-9 years 0.0023 0.0026 0.0026 0.0380 0.0180 0.0059 0.0028
Age 10-14 years 0.0013 0.0014 0.0014 0.0208 0.0098 0.0032 0.0015
Monthlyl probabilit}r .of death with no Probability of death Mont}.ﬂ}f probability of death with history of
history of clinical event ithin 30 d ¢ clinical event (> 30 days post-event)
CD4 cell count wi . lTl ayso CD4 cell count
clinical events
<200 200-499 >500 <200 200-499 >500
Age 5-9 years 0.23% 0.26% 0.26% 3.73% 1.78% 0.59% 0.28%
Age 10-14 years 0.13% 0.14% 0.14% 2.05% 0.98% 0.32% 0.15%

Derivation of probability of clinical event for children 5-13 years old

Table S5 summarizes the incidence rates (per 100 person-years) of WHO stage 3 and 4
clinical events found by Desmonde et al. for age groups 2-4 years, 5-9 years, and 10-14 years [4].
In the “Average IR” column, we derive the average of WHO 3 IR and WHO 4 IR. In “Relative
Risk” column, we derived the risk of a clinical event for age groups 5-9 years and 10-14 years,
relative to the 2-4 year age group.

Table S5. Risk of clinical event for 5-9 and 10-14 year olds relative to 2-4 year olds. Data
obtained from Table A of supplement for Desmonde et al. [4].

WHO 3 IR WHO 4 IR Average IR . .
Age (years) (per 100 PY) (per 100 PY) (per 10g0 PY) Relative Risk
2-4 9.40 3.20 6.30 reference
5-9 4.60 2.50 3.55 0.56
10-14 1.80 1.30 1.55 0.25

Table S6 provides a step-by-step guide of how we used the relative risks shown in Table S5
to derive the probability of having a clinical event for children 5-13 years old.

1. First, we converted parameters for probability of clinical event for children 0 to 59 months (0-4
years), as presented above in Table S1, from monthly probabilities to monthly rates (rates can be
multiplied and/or divided, but probabilities cannot).

2. We then calculated the average monthly rate of a clinical event for children 0 to 59 months, as
shown in Table S6.



3. Next, we multiplied the monthly rates derived in step #2 by the relative risks for age groups 5-9
years and 10-14 years, in order to derive monthly rates of clinical events for age groups 5-9 years
and 10-14 years, respectively (shown in Table S6).

4. Finally, we converted the monthly rates derived in step #3 to monthly probabilities (shown in
Table S6). These monthly probabilities are the same as those presented in Table S2.

Table S6. Derivation of probability of a clinical event for children 5-13 years old. RR = relative risk.

Parameter Monthly rate of clinical event
Age 0-6 months 0.034
Age 6 - 59 months 0.047
Average 0.041

Monthly rate of clinical event after multiplication by RR

Age 5-9 years 0.023

Age 10-14 years 0.010

Probability of clinical events

Age 5-9 years 2.26%

Age 10-14 years 0.99%

D. ART and Immunologic Recovery

Once a child initiates effective ART, their CD4%/CD4 cell count increases each month, and
they have a reduction in risk of clinical events and death, as described in Table S7.

Table S7. Parameters relevant to immunologic recovery on ART.

Parameters Parameter Value
Monthly CD4%/absolute increase on effective ART
Age<5
NNRTI first 6 months 2.3%
NNRTTI after 6 months 0.7%
PI first 6 months 2.0%
PI after 6 months 0.4%
DTG first 6 months 2.3%
DTG after 6 months 0.7%
Age>5
NNRTI/PI/DTG first 6 months 67.3 cells/uL
NNRTI/PI/DTG after 6 months 3.4 cells/uL
Number of effective months for CD4 48
Reduction in event risk for patients on ART
RRR of clinical event 0.88
RRR of mortality risk for age 0.97

Parameters related to monthly CD4% increase on NNRTI-based and PI-based ART for children < 5
years, as well as relative risk of having a clinical event and mortality were informed by Ciaranello et
al.[8] and varied in our model calibration, described in detail in Section 4. Monthly increase in CD4
cell count while on NNRTI- or PI-based ART for children > 5 years were obtained directly from
Ciaranello et al. [8]. We assumed monthly CD4% increase on DTG-based ART was the same as on
NNRTI-based ART for children under 5 years old (and the same monthly CD4 cell count increase as
NNRTI- or PI-based ART for children > 5 years. RRR = relative risk reduction.

E. CD4% to CD4 cell count at age 5 years

CD4% is used for children < 5 years of age, and absolute CD4 cell count is used for children
> 5 years [2]. For each child, once they reach 5 years of age, the model converts their CD4% value
to a CD4 cell count value using the following algorithm:
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1. First, for each child, the model calculates their percentile relative to all of their peers who are
alive at that time point, who are all also 5 years old.

2. Second, a child with a CD4% value at the i percentile relative to their peers is assigned a CD4
cell count value that corresponds to the it percentile for the distribution described in Table S8,
with the exception that CD4 cell count values below 100 are not assigned. For example, a 5 year-
old child with a CD4% level at the 50%! relative to their peers is assigned a CD4 cell count that
corresponds to the 50%/® for the distribution described in Table S8.

Table S8. Initial CD4 cell count distribution used in CD4% to CD4 cell count conversion

at age 5 years.

Initial mean CD4 cell count at age 5 (SD) 547.2 (311.6)

Our derivation for this CD4 cell count distribution parameter, which was adjusted in our model
calibration, is described in detail in Section 4B. SD = standard deviation.

Section 2. Epidemiologic, ART, and cascade of care assumptions
A. Probability of switching to Pl-based second-line ART when virologic failure is diagnosed

We assumed initial viral load testing is performed 6 months after ART initiation and is
subsequently performed at 12-month intervals. We recognize that baseline rates of switching to
second-line ART when virologic failure is diagnosed are likely to vary by country and ART
program. Our assumption that there is a 40% probability of switching to PI-based second-line
ART when virologic failure is diagnosed was informed by the data described below.

Evidence suggests that suboptimal rates of regimen switching may be widespread even
when viral load testing is implemented. An international cohort study conducted by the
Collaborative Initiative for Paediatric HIV Education and Research (CIPHER) Global Cohort
Collaboration estimated the incidence of switching to second-line ART among children with HIV
[9]. The cumulative incidence of switching to second-line ART by 3 years after ART initiation was
5.4% in Southern Africa among programs with routine CD4 and viral load testing. In the rest of
sub-Saharan Africa, this incidence was 6.1% among programs with routine CD4 and viral load
testing and 2.1% among programs with routine CD4 and targeted viral load testing. Although
programs with viral load testing were associated with a higher incidence of regimen switching
compared to programs without viral load testing, this incidence appears to be inappropriately
low when compared to the relatively high rates of virologic failure observed among children in
low- and middle-income countries (LMIC) [10]. Similar trends have been observed among adults
living with HIV [11,12].

The CIPHER study noted whether or not patients were in ART programs with viral load
testing availability; however, it did not note whether patients were actually diagnosed with
virologic failure with a viral load test [9]. Thus, we examined additional pediatric HIV studies.
First, a study including data from 7 different ART programs for children in South Africa, all with
routine viral load testing, found that among 252 children with treatment failure who had at least
1 year of follow-up, only 38% of them were switched to second-line ART [13]. Second, in a
retrospective, multi-country cohort study in sub-Saharan Africa, 4,763 children were found to
have first-line ART failure, 45.4% of whom had treatment failure identified by virologic criteria
[14]. These patients with ART failure were followed for a median of 14.3 months, and only 20.8%
of them were switched to second-line ART. The study also found that routine viral load
monitoring was not associated with a higher probability of transitioning to second-line ART after
treatment failure.

In our model, when viral load testing reveals an unsuppressed viral load in a patient, a
random number is generated for this patient, and if the random number is less than the assigned
probability of switching to second-line ART (40% under the status quo; 80% under improved
switching strategies), then the patient will switch to second-line ART. Otherwise, the patient
will remain on first-line ART. If a patient is detected with virologic failure but is not switched to
second-line ART at that time, they will be eligible for switching regimens the next time viral load



testing is performed (using the same algorithm with same probability corresponding to strategy),
which we assume occurs 12 months later, although there is little data to guide this assumption.

B. PDR prevalence

We assume our model-based population has an 18% prevalence of PDR to non-nucleoside
reverse transcriptase inhibitor (NNRTI)-based ART, which includes mutations conferring
resistance to NNRTI or nucleoside reverse transcriptase inhibitors (NRTI) agents. This
assumption is informed by a meta-analysis of studies on PDR in children in sub-Saharan
conducted by Boerma et al., as well as the 2019 WHO Drug Resistance Report [15,16]. The Boerma
et al. study had a few key findings. First, they found that the prevalence of PDR (which includes
resistance to NNRTI or NRTT agents) in children has been increasing at an alarming rate, as the
prevalence of PDR increased from 0% in 2004 to 26.8% in 2013. Second, when they pooled data
by prevention of mother-to-child transmission (PMTCT) exposure status, they found PDR
prevalence to be 42.7% among PMTCT-exposed children and 12.7% among PMTCT-unexposed
children. Third, when the data was analyzed by age, they found the prevalence of PDR among
children < 3 years old and = 3 years old was 40.9% and 17.6%, respectively. Our model does not
make any assumptions regarding the prevention of mother-to-child transmission (PMTCT)
exposure status of the children in our simulation. Thus, we utilized the age-based data they
provided and assumed the prevalence of PDR among children in our model initiating ART at 3
years of age was 18%. However, we recognize the PDR prevalence found by Boerma et al. among
children > 3 years old may underestimate the true prevalence. This estimate likely reflects the
transition of drug resistance mutations from majority to minority state over time in the absence
of selective pressure, resulting in the mutant population falling below the level of detection of
consensus sequencing [17].

Estimates of PDR prevalence in children were even higher in the 2019 WHO Drug Resistance
Report, which provides estimates of PDR prevalence among newly diagnosed infants across 9
different countries in sub-Saharan Africa [16]. Even for PDR to NNRTI agents alone, in any given
country, prevalence ranged from >10% to >30% among infants with no (or unknown) PMTCT
exposure, and ranged >30% to >70% among infants with known PMTCT exposure. For NRTI
PDR, in any given country, prevalence ranged from <5% to >20% [16].

Thus, in our one-way sensitivity analysis of PDR prevalence, we explored values ranging
from 5-30%.

C. Risk of virologic failure associated with PDR

We assume the odds of virologic failure with NNRTI-based first-line ART are 7.5 times
higher (odds ratio =7.5) for those with PDR (to at least one agent in NNRTI-based ART) receiving
an NNRTI-based regimen compared to those without PDR. This assumption is informed by a
study conducted by Kityo et al. in a population of children in Uganda, which found this odds
ratio to be 15.25 (95% CI 3.77-61.67; P<0.001) [18]. This odds ratio estimate is markedly higher
than estimates found in adults. For example, a multi-center cohort study conducted in six sub-
Saharan African countries (including Kenya) found that compared to participants without PDR,
the odds ratio for virologic failure was increased (OR = 2.13) in participants with PDR to at least
one prescribed drug, but not in individuals with PDR and fully active ART [19]. Second, in a
randomized controlled trial in Kenya, among subjects with PDR to first-line ART, those who
underwent drug resistance testing and started PI-based ART had a 14.3% probability of failure
at 12 months compared to 50.0% probability of failure at 12 months in those who were not tested
for drug resistance and started NNRTI-based ART [20]. Expressed a different way, compared
with subjects with PDR on PI-based ART, the odds ratio for virologic failure was 5.99 in subjects
with PDR to at least one prescribed drug. Due to the relatively small sample size of children in
the Kityo et al. study compared to adult studies, we decided to use a more conservative
assumption in the base-case analysis and assumed the odds ratio was 7.5, instead of 15.25. In a
one-way sensitivity analysis, we explored odd ratio values ranging from 2 to 15.

D. Probability of virologic failure on initial ART

Probability of virologic failure on NNRTI-based first-line ART
7



D)
2)

Our assumptions regarding the probability of virologic failure on NNRTI-based first-line
ART were informed by a meta-analysis of viral suppression rates among children in low- and
middle-income countries [10]. This study found that, among studies conducted in 2010 or later,
72.7% of children on ART after 12 months of ART achieve viral suppression (23.3% have virologic
failure), in an on-treatment analysis [10]. We used data from their on-treatment analysis because
our model accounts for being lost to follow-up and death. This data does not provide estimates
of virologic failure rates based on PDR status, which is ultimately what we need to parameterize
our model. Therefore, we adjusted this data based on two assumptions we made: 1) prevalence
of PDR was 18%; and 2) the odds of virologic failure with NNRTI-based first-line ART are 7.5
times higher (odds ratio =7.5) for those with PDR receiving an NNRTI-based regimen compared
to those without PDR.

We used an algebraic approach to estimate the following parameters, where:

X = probability of virologic failure on NNRTI-based ART without PDR (over initial 12 months on
ART)
Y = probability of virologic failure on NNRTI-based ART with PDR (over initial 12 months on

ART)
Our algebraic approach included the following assumptions:
Proportion of HIV-infected patients on ART with virologic failure = 23.3%

PDR prevalence =18%
Odds ratio of the probability of virologic failure for patients with PDR to NNRTI-based first-line

ART compared to patients without PDR to initial ART is 7.5

We solved for X and Y using the following 2 equations:
0.82X +0.18Y =0.233
(Y/(1-Y)) / (X/(1-X)) =7.5

We found X=19.2% and Y = 64.1%.

Of note, to operationalize a 12-month probability of failure in the model, it is converted into
a monthly probability through the following steps, where p = probability, t = time, and r = rate:
Convert the 12-month probability to a 1-month rate: p =1 - exp*, where t =12

Convert the 1-month rate to a 1-month probability: = (-In(1-p) )/ t, where t=1

Probability of virologic failure with PI-based first-line ART for children with PDR

In the PDR testing strategy, children diagnosed with PDR are started on a protease-inhibitor
(PI)-based regimen. We assume their probability of virologic failure on this regimen is equal to
the probability of virologic failure for children on NNRTI-based ART without PDR. This
assumption is an extrapolation from results from a randomized trial in Kenyan adults in which
patients with PDR who received a PI-based first-line ART regimen had similar rates of virologic
failure compared to patients without PDR who received a NNRTI-based first-line ART [20]. The
same assumption was made in a prior model-based analysis for adults living with HIV [1].

Probability of virologic failure with dolutegravir-based first-line ART

Estimates of rates of virologic suppression with dolutegravir-based ART among children in
real-world settings are extremely limited. We used a recent literature review of adult clinical trial
data to inform our assumptions about the relative risk of virologic failure with dolutegravir-
based ART compared to efavirenz-based ART [21]. To parameterize their model-based analysis,
Dugdale et al performed a literature review of randomized clinical trials reporting virologic
suppression with dolutegravir or efavirenz in combination with two nucleoside reverse
transcriptase inhibitors and then pooled these estimates (and weighted by study size). They
estimated that the probabilities of viral suppression after 48-weeks on efavirenz-based (only
subjects without PDR were eligible) and dolutegravir-based ART were 91% and 96%,
respectively. Based on these estimates, for patients without NNRTI-associated PDR, the odds of
virologic failure with efavirenz-based ART are 2.37 times higher (odds ratio = 2.37) than the odds
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of virologic failure with dolutegravir-based ART. Although this was based on adult data, we
assumed that a similar relationship would apply to pediatric populations. Based on this odds
ratio of 2.37 and our prior assumption that the probability of virologic failure with NNRTI-based
ART without PDR (during the first 12 months of ART) is 19.2%, we estimate that the probability
of virologic failure with dolutegravir-based ART among children (during the first 12 months of
ART) is 9.1%. We assume NNRTI-associated PDR does not influence the probability of virologic
failure on dolutegravir-based ART.

Long-term probability of failure on first-line ART

In a meta-analysis, rates of viral suppression observed in children are similar 24 months after
ART injtiation compared to 12 months after ART initiation, and data on health outcomes beyond
24 months after ART initiation in children are scarce [10]. Thus, we made the decision to assume
that if a child has not experienced virologic failure during the first 12 months of first-line ART
that they will continue to maintain viral suppression on this regimen in the future.

E. Probability of virologic failure on Pl-based second-line ART
Probability of virologic failure on PI-based second-line ART after being on NNRTI-based ART

This parameter was informed by an analysis that included 928 children from 12 cohorts from
14 different countries across sub-Saharan Africa and Asia [22].

Probability of virologic failure on PI-based second-line ART after being on DTG-based ART

Currently, WHO guidelines recommend switching to Pl-based second-line ART when
children have virologic failure on DTG-based ART [23]. Data to inform the probability of
virologic failure on PI-based second-line ART after using DTG-based first-line ART are extremely
limited for both adults and children in LMIC, and is limited even in high-income settings. This is
not surprising given how recently programs in LMIC began implementing DTG-based ART.
Thus, for the base-case analysis, we assumed the probability of virologic failure on Pl-based
second-line ART after being on DTG-based ART was the same as it is after being on NNRTI-
based ART. To account for the possibility that children who fail DTG-based ART may also have
high rates of virologic failure on PI-based ART due to poor adherence with both regimens, we
extended the range of virologic failure probabilities over 24 months on Pl-based ART after DTG-
based ART explored in sensitivity analysis to include less optimistic values (13.9 — 40.0%
probability of virologic failure) compared to after NNRTI-based ART (13.9 — 19.4% probability
for virologic failure; Table 1).

F. Lost to follow-up

We assume 15% of children who initiated ART were lost to follow-up (LTFU) over the course
of 5 years. This assumption was informed by a systematic review and meta-analysis conducted
by Carlucci et al. in children in low- and middle-income countries, primarily in Africa [24]. Data
summarized in their Figure 2 found that after <6 months, >6 to <12 months, >12 to <24 months,
>24 to <36 months, >36 to <48 months, and >48 to <60 months of care, the proportion of children
who were LTFU were 11.1%, 11.3%, 16.6%, 13.5%, 10.7%, and 9.5%, respectively. Although we
recognize that in real-world settings LTFU most likely continues beyond 5 years of care, we
assumed no further LTFU occurred if a patient remained in care after 5 years, due to lack of data
beyond this time period. We chose 15% LTFU over 5 years to reflect the highest values observed
over time (namely in the >12 to <24-month time period) even though only 9.5% LTFU was
observed among studies with data during the >48 to <60 time period. We assume that children
who remain in care continue to take ART, while children who are LTFU stop taking ART.

Of note, to operationalize a 15% probability of LTFU over 5 years in the model, it is converted
into a monthly probability through the following steps, where p = probability, t = time, and r =
rate:

1) Convert the 12-month probability to a 1-month rate: p =1 - expt, where £ =12
2) Convert the 1-month rate to a 1-month probability: r= (-In(1 - p) )/ t, where t=1
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Section 3. Cost assumptions
A. ART

We obtained the cost of various potential antiretroviral agents used in ART from the Global
Fund Pooled Procurement Price List, July 2020 [25]. For NNRTI-based ART, we considered two
potential combinations of antiretroviral agents shown in Table S9 and S10, along with the
monthly price of each of the relevant products: 1) abacavir (ABC)-lamivudine (3TC)-efavirenz
(EFV); 2) zidovudine (AZT)-3TC-EFV.

We calculated an estimate of the average annual cost of NNRTI-based ART using the
following approach:

1. First, for each of these two possible NNRTI-based regimens, we calculated the monthly cost of
ART for four different weight ranges, based on the appropriate dosing for each weight range.

2. Next, for each of these two possible NNRTI-based regimens, we took the average of the monthly
cost of ART of the four different ranges to obtain an estimate of the monthly cost of each of these
two possible NNRTI-based regimens.

3. Third, we took the average of the monthly cost of each of these two possible NNRTI-based
regimens to obtain an estimate of the monthly cost of NNRTI-based ART as a whole.

4. Finally, we converted this monthly cost to an annual cost, and we obtained an estimate of US$123
per person per year.

Table S9. Deriving cost of ABC-3TC-EFV ART
. ABC +3TC EFV
Weight (kg) Product Tabs per day Product Tabs per day
10-13.9 Abacavir/Lamivudine 2 1
14-19.9 120/60mg tablet dispersible (30 25 . 1.5
20-249 tgablets ; $3.IZ9) ( 3 Efa"“e;z 2(1)0ngg tablet 15
5 340 Abacavir/Lamivudine 1 (81.50) )
600/300mg tablet 30 ($9.20)
Table S10. Deriving cost of AZT-3TC-EFV ART
} AZT +3TC EFV
Weight (icg) Product Tabs per day Product Tabs per day
10-13.9 1 1
14-19.9 Lamivudine/Zidovudine 1 Efavirenz 200mg tablet 1.5
20-249 150/300mg tablet 60 ($5.25) 1.5 30 ($1.50) 1.5
25-349 2 2
For PI-based ART, we considered two potential combinations of antiretroviral agents shown
in Table S11 and S12, along with the monthly price of each of the relevant products: 1) ABC-3TC-
lopinavir/ritonavir (LPV/r); 2) AZT-3TC- LPV/r. We calculated an estimate of the average annual
cost of PI-based ART using the same approach described above for NNRTI-based ART to arrive
at an estimate of US$290 per person per year.
Table S11. Deriving cost of ABC-3TC-LPV/r
Weight (kg) ABC +3TC LPV/r
Product Tabs per day Product Packs per month
10-13.9 Abacavir/Lamivudine 2 2
14-19.9  120/60mg tablet dispersible 30 2.5 Lopinavir/Ritonavir 2.5
20-24.9 ($3.49) 3 80/20mg/ml oral solution 3
25349 Abacavir/Lamivudine 1 60ml*5 ($30.82) 3

600/300mg tablet 30 ($9.20)

Table S12. Deriving cost of AZT-3TC-LPV/r
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AZT +3TC LPV/r

Weight (k
cight (kg) Product Tabs per day Available Product Packs per month
10-139 1 Lopinavir/Ritonavi 2
14-199 Lamivudine/Zidovudine 1 % /23f;gjr‘:1ror;l°$$ion 2.5
20-24.9 150/300mg tablet 60 ($5.25) 1.5 60mI*5 ($30.82) 3
25-34.9 2 3

B. Inpatient days

In our model, the probability of a child living with HIV having a clinical event, including an
opportunistic infection, depends on the child’s CD4%/CD4 cell count. When a child does have
a clinical event, we assume the patient is admitted to an inpatient health facility. To determine
the number of inpatient days needed per clinical event, we extrapolate from South African data
among adults living with HIV, which stratifies the number of inpatient days per hospitalization
by CD4 cell count and ART status (Table S13) [26]. To calculate the total cost of care for a clinical
event, the number of inpatient days required is multiplied by the unit cost of an inpatient day,
which we assumed was $96.

Table S13. Average number of inpatient days per hospitalization by ART status and CD4
cell count. Adaption of Table 2 from Meyer-Rath et al [26].

CD4 Cell Count Mean Length of Stay (days)
Pre-ART
<100 cells/mm3 9.8
101-200 cells/mm3 8.1
201-350 cells/mm3 7.8
>350 cells/mm?3 6.4
On ART
<100 cells/mm3 12.3
101-200 cells/mm3 134
201-350 cells/mm?3 9.5
>350 cells/mm3 7.0

While our analysis is intended to be broadly applicable to sub-Saharan Africa, no single
base-case estimate will accurately capture the cost per inpatient day for all countries. We obtained
estimates of the unit cost per inpatient day from five different countries representing a wide range
of gross domestic product (GDP) per capita (Ghana, Kenya, Zambia, Uganda, and South Africa),
shown in Table S14 [27-31]. We converted estimates reported in the literature to US$2020 and
used the average of these values as our base-case estimate (rounded to nearest dollar).

Table S14. Derivation of unit cost per inpatient day. Note: For South Africa, the original source
reported estimates for care at different hospital levels: (primary ($60.89), secondary ($79.44), and
tertiary ($108.51). The cost estimate reported for South Africa is based on the average of these values.

Consumer price

Year Estimate Cost Estimate  index from Consumer price Cost in 2020 GDP per capita of

Country Reported Reported reported year index from 2020 M01 US$ fadjus.ting for country in 2019 in

(US$) Mo1 inflation US$ (for reference)

South
Africa[31] 2005 $82.95 51.78 113.8 $182.30 $6,001
Ghana[28] 2011 $39 42.26 113.9 $105.11 $2,202
Kenya[27] 2011 $41 110.57 201.57 $74.74 $1,817
Zambia[30] 2010 $20 105 246.72 $46.99 $1,305
Uganda[29] 2011 $41 105.23 180.26 $70.23 $794
Average $95.88
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We conducted a one-way sensitivity analysis of the unit cost per inpatient day ranging from
US$15 to US$400 (base-case unit = US$96). This range was meant to capture uncertainty in both
unit cost per inpatient day and the number of inpatient days per hospitalization, given that we
extrapolated from adult data rather than directly using pediatric data, which is limited [26].

For example, the $15-unit cost scenario was meant to represent a situation in which the unit
cost was only $30 (50% of base-case unit cost) and each hospitalization resulted in only 50% the
number of inpatient days relative to those found in the adult South African study. Similarly, the
$400-unit cost scenario was meant to represent a scenario in which the unit cost was $200 (double
the base-base unit cost) and each hospitalization resulted in double the number of inpatient days
relative to those found in the adult South African study. This approach is based on the
mathematical relationship that doubling, or halving, the number of inpatient days per
hospitalization has the same effect on total inpatient costs as doubling, or halving, the cost per
inpatient day, respectively.

C. Outpatient visits

We assumed each child had an outpatient visit every 6 months. While our analysis is
intended to be broadly applicable to sub-Saharan Africa, no single base-case estimate will
accurately capture the cost per outpatient visit for all countries. We obtained estimates of the unit
cost per outpatient visit from five different countries representing a wide range of gross domestic
product (GDP) per capita (Ghana, Kenya, Zambia, Uganda, and South Africa), shown in Table
§15 [27-31]. We converted estimates reported in the literature to US$2020 and used the average
of these values as our base-case estimate (rounded to nearest dollar).

Table S15. Derivation of unit cost per outpatient day.

Consumer price

Year Estimate Cost Estimate  index from Consumer price Cost in 2020 GDP per capita of
Country Reported Reported reported year index from 2020 M01 USS$ (adjusting for country in 2020 in
(US$) Mo1 inflation US$ (for reference)
South 2005 $31.46 51.78 113.8 $69.14 $6,001
Africa[31] )
Ghana[28] 2011 $14 42.26 113.9 $37.73 $2,202
Kenya[27] 2011 $10 110.57 201.57 $18.23 $1,817
Zambia[30] 2010 $8 105 246.72 $18.80 $1,305
Uganda[29] 2011 $8 105.23 180.26 $13.70 $794
Average $31.52

Note: For South Africa, the original source reported estimates for care at different outpatient levels:
(primary ($20.90), secondary ($29.64), and tertiary ($43.84). The cost estimate reported for South
Africa is based on the average of these values.

D. CD4 testing

To estimate the cost of CD4 cell count testing, we assume that CD4 cell count is checked at
baseline and when virologic failure is detected to assess for risk of opportunistic infections [32].
Our unit cost estimate per CD4 cell count test of US$12 was obtained based on the price charged
at the Coptic Hope Center in Nairobi, Kenya in 2019 [1]. This estimate is consistent with values
used by other analyses, and it is also more recent than other references we found. For example,
an analysis published by Phillips et al. in 2017 used a $10 unit cost per CD4 cell count test [33].
For this estimate, they cited two prior analyses: 1) Hyle et al., which was published in 2014, uses
a $10 unit cost for a lab-based CD4 cell count test, and they cite a conference abstract from 2014,
and a manuscript published in 2012 [34]; 2) Keebler et al., which was published in 2014, uses unit
costs ranging from $8.28 to $9.50, based on estimates from 2011 and 2012 (found in Appendix)
[35].

E. Viral load testing
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Our base-case assumption about the cost per viral load test of US$54 is based on an estimate
obtained from the Kenya Medical Research Institute (KEMRI) in 2019 [1]. In a one-way sensitivity
analysis, we explore costs ranging from US$10 to US$80 per test. The lower end of this range was
chosen to reflect announcements made by the Clinton Health Access Initiative regarding
negotiations to make viral load testing available at a cost of US$12 per patient sample in several
LMIC [36].

F. Resistance testing

Our base-case assumption about the cost per drug resistance test of US$125 is based on an
estimate obtained from the Kenya Medical Research Institute (KEMRI) in 2019 [1]. For
comparison, Phillips et al. assumes a drug resistance test in sub-Saharan Africa costs US$100,
based on “Consensus from World Health Organisation HIV Resistance Network (HIVResNet)”
[33].

Section 4. Model calibration
A. Overview

Model calibration is the process of determining which combination of possible parameter
values, within empirically-derived confidence intervals, are most consistent with observed
outcome data [37]. Our model calibration led to the parameter values described in Section 1 of
this Appendix, which are the parameter values we used in our model-based cost-effectiveness
analysis. In this section (Section 4), we describe our model calibration process (Figure S1).

Our model calibration process included three main groups of data targets:

Survival from birth to 60 months among perinatally-infected children without ART
Rates of mortality and clinical events among children on ART

CD4% to CD4 cell count conversion targets

Table S16 includes all model parameters whose values were informed by our model
calibration and describes the ranges of values and probability distributions we assigned to each
parameter. We generated 20,000 parameter sets, each with a unique combination of values for the
parameters in Table S16. Each time a parameter set was generated, for each parameter, a value
was drawn at random from the probability distributions we assigned to it. This process was
repeated 20,000 times to generate the 20,000 unique parameter sets.
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Figure S1. Overview of Model Calibration.
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Table S16. Probability distributions for parameters adjusted in model calibration.

Input parameters for model calibration

Sampling Distribution

Distribution parameters

(range for uniform;

mean, SD for normal distribution)

Initial CD4% distribution at birth

Initial mean of CD4% at age 0 Uniform 42-50%
Initial SD of CD4% at age 0 Uniform 9.40-14.10%
CD4% monthly decline
Age < 3 months Uniform 3.00-8.00%
Age 4 months - 5 years Uniform 0.30-0.70%
Mortality
Monthly probability of death with no history of
clinical event 2
CD4% <15 Normal 0.40%, 0.02%
CD4% 15-24 Normal 0.40%, 0.02%
CD4% =25 Normal 0.40%, 0.02%
Probability of deatrvzgtls'url 30 days of clinical Normal 3.10%, 0.05%
Monthly probability of death with history of
clinical event (> 30 days post-event) 2
CD4% < 15 Normal 2.40%, 0.05%
CD4% 15-24 Normal 0.80%, 0.03%
CD4% =25 Normal 0.40%, 0.02%
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Immunologic recovery on ART

Relative risk reduction in event risk for children

on ART
Clinical event Uniform 0.85-1
Mortality Uniform 0.90-1
CD4% monthly increase in children <5 years of
age
NNRTI in the first 6 months Normal 2.20%, 0.17%
NNRTT after 6 months Normal 0.70%, 0.05%
PI in the first 6 months Normal 1.90%, 0.09%
PI after 6 months Normal 0.40%, 0.02%

CD4 cell count distribution at 5 years (used for
CD4% to absolute conversion)

Mean of CD4 cell count at age 5 years Uniform 301-559

SD of CD4 cell count at age 5 years Uniform 280-520

2The three different categories of parameters above related to monthly probability of death are likely
underestimates, as explained in detail in Section 4Ci. Thus, they were multiplied by age-specific
multipliers presented in Table 518, which were adjusted in model calibration but presented in a table
separate from this one due to space limitations. The data sources we used to inform these probability
distributions are described in Section 4B. SD = standard deviation;

Calibration with mean square error approach

Each of the two cohorts were run simultaneously over a 5-year time horizon to calibrate
against all three groups of calibration data targets simultaneously, using the following approach:

1. For each of the calibration targets, we set minimum and maximum bounds for each of the, which
are described in detail below in their respective sub-sections in Section 4C.

2. For each of the calibration targets, we calculated the error between the target and its
corresponding model outcome. The error was normalized by taking the square of the error as
follows: Square error = ((model outcome — target) / (maximum bound — minimum bound))?

3. For each of the 20,000 parameter sets, we took the mean of the square error for each of the
calibration targets to calculate the mean square error (MSE). The MSE indicates how well model
output match the three groups of calibration targets as a whole (parameter sets with lower MSEs
indicate a better fit compared to parameter sets with higher MSEs).

4. After running the calibration simulations with all 20,000 parameter sets, we removed parameter
sets with outcomes that were outside the minimum/maximum bounds of any of the calibration
targets. We ranked the remaining parameter sets in order of lowest to highest MSE. We chose the
parameter set with the lowest MSE as the final parameter set we used for our model-based

analyses.

Section 4B below describes the data sources to inform the probability distributions we
assigned to the parameters in Table S16. Section 4C below provides a detailed description of each
of the three groups of data targets. This includes an explanation of the assumptions we made for
each relevant simulation cohort (“no ART” vs. “ART”).

B. Data sources used to inform parameter values
Initial CD4% and rate of decline of CD4%
The range of values we explored in our model calibration for initial CD4% at birth (mean

and standard deviation) were informed by an analysis conducted by Ciaranello et al. (results
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presented in their Table 1) [6], using data from the Women and Infants Transmission Study
(WITS). Although it is a U.S.-based study, it was chosen because it has appropriate longitudinal
data for CD4%. Similar to Ciaranello et al. [6], we explored more rapid rates of CD4% decline
during the first 3 months of life to reflect trends that have been observed in this age group.

Probability of death

The ranges we explored for our model parameters related to the probability of death were
informed by Ciaranello et al. (results presented in their Table 1) [6].

Parameters related to immunologic recovery on ART

The values we explored in our model calibration for the relative risk reduction of clinical
event and death with ART, as well as for CD4% monthly increase on effective ART, were
informed by values used by Ciaranello et al. [8].

CD4 conversion

We reviewed the literature to identify studies from sub-Saharan Africa with data on CD4%
and/or CD4 cell count for children near the age of 5 years prior to initiating ART. The data we
found is summarized in Table S17. Median CD4% and median CD4 cell count at age 5 years were
two data targets in our model calibration. The values for these targets were informed by the
data presented in Table S17.

Table S17. Pre-ART CD4% and CD4 cell count near age 5 years. Calibration targets at the bottom of this

table were informed by the data presented here.

Age (years) CD4% CD4 cell count (cells/pl)

Median (25%tile_75%tile) Median (25%ti19_75%ti1e) Median (25%ti1e_75%tile) Study Locatlon Source
7.1(3.6,4.2) 11.9 (5.8, 17.5) 356 (132, 603) Zambia Sutcliffe et al.[38]
6.4 (3.5, 9.6) 12 (7,17) South Africa Fatti et al.[39]
4.83 (1.7, 9.08) 14 (8.9, 20) 381 (180, 734) South Africa Davies et al.[40]
7.6 (4.5,11) 17 (7.5, 28) 397 (183, 800) South Africa Muenchhoff et al.[41]
6.3 (2.4,9.7) 12 (6,17) Uganda, Zimbabwe Prendergast et al. [42]
Calibration targets 12 (6, 17) 370 (160, 700)

In order to convert CD4% at 5 years of age to CD4 cell count for each child, a “CD4 cell count
distribution” was needed, as described in Section 1E. The “CD4 cell count distribution” described
in Section 1E was the distribution from the final parameter set chosen in the model calibration
(from the 20,000 possible parameter sets). Thus, this parameter was included and adjusted in the
model calibration process, and the range of values we explored is described in Table S16. We
treated mean and standard deviation (SD) as two separate parameters. For the mean, we explored
a uniform distribution ranging from 301-559, and for the SD, we explored a uniform distribution
ranging from 280-520.

To select these uniform distributions, described in Table S16, for the mean and SD of the
“CD4 cell count distribution at 5 years” parameter, we used the following approach:

First, we assumed CD4 cell count at age 5 years follows a normal distribution.
2. Next, we aimed to solve for the mean and SD of this normal distribution by using the two
following algebraic equations.
Mean - 0.675x SD =160 (equation for 25" percentile of normal distribution)
Mean + 0.675 x SD =700 (equation for 75t percentile of normal distribution)
The solutions to these two equations are: Mean = 430 and SD = 400.
3. Finally, we obtained the ranges to explore in a uniform distribution for the mean of CD4 cell

count distribution using the mean of 430 +/- 30%, which yields the range of 301- 559. We obtained
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the ranges to explore in a uniform distribution for SD of the CD4 cell count distribution by using
the SD of 400 +/- 30%, which yields the range of 280 — 520.

C. Calibration targets
i. Survival from birth to 60 months without ART

Description of calibration target data source

Our calibration targets included survival curves published by UNAIDS that included >1,300
children from eight sub-Saharan African countries with untreated, perinatally-acquired HIV.
These UNAIDS survival curves were also used in the development and calibration of the CEPAC-
Pediatric model [6]. We attempted to obtain the UNAIDS data directly from all the sources cited
and used by Ciaranello et al. [6]. However, we were only able to find three of the four that were
cited [43-45]. Marston et al. provided mortality data at 6 months, 12 months, and 24 months of
age only, and it matched the respective data presented by Ciaranello et al. [6,43]. The fourth
citation was a UNAIDS Child Survival Working Group policy report published in 2010 that we
could no longer find on the internet, and we assume that this report provided the remaining
mortality data for 36 months, 48 month, and 60 months of age. Therefore, we relied upon the
UNAIDS survival curves for 36-60 months of age as presented by Ciaranello et al. [6].

Approach for calibration simulation

Survival curves from ages 0 to 60 months from the UNAIDS cohort was ideal as a calibration
target because this data was collected before ART was widely available for children. In contrast,
children from the East Africa IeDEA cohort likely received ART when they needed it. Although
the Ciaranello 2014 analysis censored data once ART initiation occurred, estimates of the
probability of clinical events and death (those presented in our Table S16) are likely
underestimates due to two reasons. First, because subsequent data was censored once a child
initiated ART, this eliminated the ability to observe the risks of clinical events and death that
might otherwise occur in the absence of ART. Second, the IeDEA cohort may be over-
representative of children who are long-term non-progressors [46], and thus have some level of
survivor bias.

In order to adjust for this underestimation, we used the following approach: In the model
calibration, each time a parameter set (of the 20,000) was generated, a value was drawn at random
from the mortality probability distributions described in Table S16, and a value was also drawn
at random from the distributions for their corresponding multipliers in Table 518. For each
parameter set, we multiplied the monthly probabilities of death (after converting them to
monthly rates) in Table S16 by their corresponding multipliers in Table S18. The mortality
parameter values in the final parameter set used in the model that are described in Table S1 are
the product of these two factors. The CEPAC-Pediatrics model used a similar mortality multiplier
approach [6]. Our survival calibration simulation also accounted for the non-HIV background
mortality rate in the UNAIDS cohort [6].

Table S18. Uniform distributions used for mortality multipliers in model calibration.

Sampling Distribution Ranges for varying
Multipliers for monthly probability of death with no history
of clinical event
Age 0-6 months Uniform 1-20
Age 7-12 months Uniform 1-20
Age 13-24 months Uniform 0.5-5
Age 25-36 months Uniform 0.5-5
Age 37-48 months Uniform 0.2-2
Age 49-60 months Uniform 0.2-2
Multipliers for probability Zf, SE?;h within 30 days of clinical Uniform 0.5-5
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Multipliers for monthly probability of death with history of
clinical event (> 30 days post-event)

Age 0-6 months Uniform 1-20
Age 7-12 months Uniform 1-20
Age 13-24 months Uniform 0.5-5
Age 25-36 months Uniform 0.5-5
Age 37-48 months Uniform 0.2-2
Age 49-60 months Uniform 0.2-2

Comparing model output to calibration targets

100%

90%

80%

70%

60%

50% \

I
30% X Pediatric HIV Model
o \\\

10%

Proportion Alive
/

0%
0 10 20 30 40 50 60 70
Age (months)

Figure S2. Survival (0 — 60 months) model output and calibration targets. The minimum and
maximum calibration bounds for each calibration target data point was +/- 10% (at 6 months, 12

months, 24 months, 36 months, 48 months, and 60 months).
ii. Mortality and clinical event rates on ART

Description of calibration target data source

The data for the mortality rate and opportunistic infection (OI) rate calibration targets we
used are from the International Maternal, Pediatric, and Adolescent Clinical Trial (IMPAACT)
P1060 study [47,48]. We obtained these rates directly from Ciaranello et al.’s study, which derived
these rates with access to primary data from the P1060 trial [8].

Approach for calibration simulation

We compared mortality and OI rates among children from our “ART” cohort to the
mortality and Ol rate calibration targets. At the start of the simulation with the 100,000 newborns
in the “ART” cohort, 50,000 newborns were randomized into the nevirapine (NVP) cohort, and
50,000 newborns were randomized into the lopinavir (LPV) cohort. In the NVP cohort, infants
received NVP-based ART as the first-line regimen and LPV-based ART as the second-line
regimen. In the LPV cohort, infants received LPV-based ART as the first-line regimen and NVP-
based ART as the second-line regimen. These two sub-cohorts (NVP and LPV cohorts) were
meant to simulate the randomization to LPV-based ART vs. NVP-based ART that occurred in the
P1060 trial. In the simulation, children do not initiate their first-line ART regimen until they reach
12 months of age. We were unable to obtain rates of virologic failure directly from the P1060
manuscript, as virologic failure and mortality were presented as a combined single outcome
[47,48]. Table S19 below presents the proportion of patients with virologic suppression at 48
weeks on their respective ART regimens, as presented by Ciaranello et al. in Appendix Table A,
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which they calculated with access to the primary data. We subtract the proportion with viral
suppression for each regimen in Table S19 from 1 to derive the probability of virologic failure
over 12 months. We assumed a child could have virologic failure during the first 12 months on
an ART regimen. We assume viral load testing occurs at 6 months after ART initiation and every
12 months thereafter, and we assume that regimen switching occurs immediately for 100% of
children diagnosed with virologic failure.

Table S19. Proportion of children with viral suppression after 48 weeks.

NVP Cohort LPV Cohort
First-line ART 7.2 " . 8.6 " .
(nevirapine) (lopinavir)
Second-line ART 70 N . 7.1 A).
(lopinavir) (nevirapine)

In our calibration simulation, the probability is virologic failure over 12 months for each

respective regimen = 1 — proportion with viral suppression.

Comparing model output to calibration targets

Mortality rate from the P1060 trial, as derived by Ciaranello et al. (their Appendix Table B
and Appendix Table C), was as 3.29 per 100 person-years (PY), observed over a median follow-
up time of 72 weeks. The rates of WHO3, WHO4, and TB clinical events were 9.30/100PY,
0.73/100PY, and 5.60/100PY, respectively (did not specify the follow-up time) [8]. Because our
model simulates the occurrence of clinical events as a whole, rather than WHO 3, WHO 4, and
TB separately, we used the average of these three rates as our target for rate of clinical events
(5.21/100PY). We calculated the mortality rate (3.34/100PY) and clinical event rate (5.15/100PY) in
our simulation over the first two years after ART was initiated in our “ART” cohort at 12 months
of age and compared these values to their respective targets (Table 520).

Table 520. Mortality and clinical event rate model output and calibration targets.

Final model Minimum target Maximum target
P1060 target
parameter set bound bound
Mortali t
ortality rate 3.34 3.29 2.0 5.0
(per 100 person-years)
Clinical event rate 515 501 073 9.3

(per 100 person-years)

iii. CD4%/CD4 cell count conversion
Table S21. CD4% and CD4 cell count at age 5 years model output and calibration targets. Square
errors were calculated for all 6 outcomes shown here (CD4% median, CD4% 25%tle, CD4% 75%tile,

CD4 cell count median, CD4 cell count 25%tle, and CD4 cell count 75%tile,

CD4% CD4% o CD4 cell count CD4 cell count CD4 cell count
) o CD4% 75%tile ] o o
median 25%tile median 25%tile 75 %tile
Final values 9.23 2.33 15.34 496.13 281.71 729.62
Target 12 6 17 370 160 700
Minimum
1 100
Bound
Maximum
40 1200
Bound

Section 5. Additional results not included in manuscript
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Figure S3. Incremental costs and health benefits of strategies compared to the status quo, when
we assume the probability of switching to second-line ART when virologic failure is
diagnosed improves to 60% (instead of 80%) with the improved switching strategy. Incremental

costs and health benefits are per 1,000 children initiating ART over a 10-year time horizon.
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Figure S4. Cost-effectiveness of DTG improved switching strategy relative to DTG status quo
over a range of strategy effectiveness and cost per child diagnosed with VF.

VF = virologic failure
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Figure S5. Cost-effectiveness of DTG improved switching strategy relative to DTG status quo
over a range of strategy effectiveness and cost per child diagnosed with VF, in a scenario in
which the probability of virologic failure with PI-based second line ART is 40% over 24

months. VF = virologic failure
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