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1 Detailed methodology16

This section describes the general model framework and definitions of data sources, without reference to17

country-specific implementation. Details about specific data sources and inputs for Malawi are described18

in the main text.19

1.1 Data sources20

The collated set of data, D, considered by our model consists of a subset of household surveys, ANC21

facility HIV test results, and ART programme patient counts. Table 1 outlines the data sources and the22

indicators they measure. Table 2 outlines the exact data sources used in this analysis.23
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Supplemental Table 1: Taxonomy of population-level HIV data sources included in our model

Indicator Data Source Numerator Denominator

Prevalence Household surveys # of positive HIV tests # of HIV tests
ANC prevalence Sentinel ANC clinics

and routine ANC
testing

# of positive HIV tests # of HIV tests

ART coverage Household surveys # of positive ART tests # of ART tests
ART patients Routine health service

delivery data
# of ART patients -

Recency status Household surveys # of positive recency
assays

# of recency assays

Supplemental Table 2: Population-level data sources from Malawi used in this analysis.

Name Type Years Prevalence Treatment Recency

2004 DHS HH Survey 2004 X

2010 DHS HH Survey 2010 X

2015-2016 DHS HH Survey 2015-2016 X

MPHIA 2015-2016 HH Survey 2015-2016 X X X

UNAIDS ANC Data Sentinel surveillance 1995-2010 X

DHAMIS Facility reports 2011-present X

DHAMIS Facility reports 2005-present X

1.2 Model overview24

The model represents the dynamics necessary to simulate an epidemic model as non-linear functions25

of time, space, and sex (Hastie and Tibshirani 1986), aggregates the epidemic model’s projections to26

produce estimates, and uses the observation model to relate those estimates to data. For a single draw27

from the posterior density:28

1. A set of process parameters, �% , are used to model region-/sex-/time-specific series of HIV29

transmission rates, ART initiation rates, and initial prevalence.30

2. The epidemic model is initialised at the state determined by the estimated initial prevalence from (1)31

and integrated using the estimated transmission rates, ART initiation rates, and a set of exogenous,32

fixed parameters.33

3. Predictions from the epidemic model are aggregated to produce estimates of HIV prevalence, ART34

coverage, and ART patients at the same spatio-temporal resolution as each dataset.35

4. Predicted HIV prevalence, incidence, and ART coverage are used with an additional set of36

parameters, �$ , to evaluate the observation model given a collated dataset D.37

Figure 1 presents a simplified representation of the model. The first step from the above list is represented38

by every node to the left of ", the second step is ", and the third step is to the right of ".39

1.3 Compartmental model of HIV40

We use a deterministic compartmental model of HIV to simulate HIV prevalence and incidence, ART41

coverage, and the number of PLHIV receiving treatment (�A,6(C),�A,6(C), A,6(C), and �A,6(C), respectively).42
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Supplemental Figure 1: A simplified graphical representation of our model of HIV incidence. Diamonds
are parameters, white circles are (deterministic) calculations, and blue squares are external data. Red
parameters influence the process model, and green/yellow parameters influence the observation model.

We model the number of people of sex 6 in region A at time C by disease status with the following set of43

ordinary differential equations:44

%(A,6(C)

%C
=(A,6(C) · (−�A,6(C) − �(C,6) + �

(
A,C ,6

%�A,6,2(C)

%C
=�A,6,2(C) · (−(�

(
C,6 + ��C ,6,2) − ∗

A,C ,6,2 − �6,2,C) + �A,6,2(C)(A,6(C)+

��A,6,2(C) + �6,2−1�A,6,2−1(C) + �
�
A,C ,6,2

%�A,6,2(C)

%C
=�A,6,2(C) · (−�

(
C,6 − ��C,6,2 − �) + ∗

A,C ,6,2 �(C) + �
�
A,C,6,2 .

(1)

This model is solved using the forward Euler method with a step size of 0.25 years. We denote the45

number of susceptibles (A,6(C), the number infected in disease stage 2 without treatment �A,6,2(C), and the46

number infected with treatment who began treatment at disease stage 2 �A,6,2(C). We define 2 to be one of47

four CD4 compartments, consistent with those defined by the Thembisa model (Johnson and Dorrington48

2019). Figure 2 outlines the structure of disease progression in the model.49

A susceptible individual can either die at rate �(C,6 or become infected through contact with the opposite50

sex at rate �A,6(C). An infected individual without treatment can die at rate �(C,6 + ��C ,6,2 , begin treatment51

with probability ∗
A,C ,6,2 , or progress to the next disease stage at rate �6,2,C . Finally, an individual on52

treatment can die at rate �(C,6 + ��C,6,2 or interrupt treatment with annual probability �. Treatment53

interruption is difficult to measure, so we have fixed � to be 6% annually, adjusting a published figure to54

account for improvements in the treatment programme (Yu et al. 2007).55
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Supplemental Figure 2: Diagram of compartmental model of HIV used in this analysis

We stratify PLHIV with and without treatment into four CD4 categories to accurately model the survival56

distribution from HIV infection to AIDS-related death and to be able to capture changing eligibility for57

ART in which treatment was restricted to those with the lowest CD4 counts.58

We calculate the CD4 stage progression rates, �6,2,C , using assumptions described by Johnson and59

Dorrington (2019). Taking the average time spent in each CD4 category from Table 3.1, we apply Equation60

3.1 to the Spectrum-estimated year-/sex-specific average age of PLHIV between 15-49:61

�6,2,C = �20.966(1 + :)(G−30)/10 , (2)

where �2 is the average annual rate of progression from category 2 to 2 + 1, 0.96 is the progression rate62

of women relative to men, and : = 0.18 is the proportionate increase in progression associated with a63

ten-year increase age. Following Table 3.1, we fix � = (3.16, 2.13, 3.20) to be the expected number of years64

spent in CD4 category without treatment for the three highest CD4 categories. The final category is65

terminal, so its expected duration is not defined. The age distribution of PLHIV from Spectrum is itself66

an estimate and therefore might be inaccurate or contain uncertainty, which is not considered here; the67

approach described above is a simple solution to account for limitation that the model does not explicitly68

represent age structure.69

To account for the shifting age distribution of PLHIV and gradual improvement of HIV patient outcomes70

without treatment in SSA, we calculate age-adjusted mortality rates based on the assumptions and results71

from EPP-ASM (Eaton et al. 2019). We use input mortality rates and predicted counts of PLHIV by age in72

each CD4 bin to find year-/age-/sex-/CD4-specific expected death counts. We aggregate the death and73

population counts to align them with the year-/sex-/CD4 groups used here and recalculate the mortality74

rates.75
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Each � term in Equation (1) is the net number of people ageing in or out of the 15-49 year old population.76

HIV prevalence varies systematically with age in sub-Saharan Africa, so we must consider the possibility77

that the distributions of people ageing in and out across compartment vary from those of the general78

population. For example, if the population of PLHIV is ageing, we would expect prevalence among79

people ageing out to increase over time.80

We use population data and national age-/sex-specific estimates of the share of people in each disease81

compartment from Spectrum to obtain regional estimates of the number of people turning 15 and 5082

years old by sex, �15
A,C ,6 and �50

A,C ,6 , respectively. The national-level estimates from Spectrum inherently83

weigh each region proportionately to its population, so if the regional distribution of individuals across84

compartment is correlated with population, the national-level disease status distributions will represent85

smaller regions poorly. We therefore apply region-specific adjustments to the estimated Spectrum86

distributions at each time point. Specifically, we adjust the odds from Spectrum of being in stage 2 of87

compartment � relative to being susceptible with the model’s current regional prediction. Taking people88

ageing in as an example, the adjusted odds of an individual being in CD4 bin 2 relative to not being89

infected with HIV are:90

Δ
15,�
C,6,2 =

�A,6,2(C)

(A,6(C)

�
15,Spec
6,2,C

(
15,Spec
6,C

, (3)

noting that the denominators have cancelled. Then, fixing >15,(
C,6 = 1.0, we solve for the proportion of91

people in each compartment:92

�15,�
C,6,2 =

Δ
15,�
C,6,2

1 +
∑

�∈� ,�

∑4
8=1 Δ

15,�
C ,6,8

(4)

Finally, we calculate the net numbers of people ageing in and out for a given compartment, � as93

��A,C,6,2 = �15,�
C,6,2�

15
A,C ,6 − �50,�

C,6,2�
50
A,C ,6 . (5)

This method accounts for the possibility that the distributions of people ageing into or out of the94

population across compartment vary from that of the general population.95

We calculate prevalence as96

�A,6(C) =

∑4
2=1[�A,6,2(C) + �A,6,2(C)]

(A,6(C) +
∑4
2=1[�A,6,2(C) + �A,6,2(C)]

(6)

and ART coverage as97
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A,6(C) =

∑4
2=1 �A,6,2(C)

∑4
2=1[�A,6,2(C) + �A,6,2(C)]

. (7)

With the compartmental model defined, we will define the models for incidence, ART initiation, and98

the initial state of the model, denoted �A,6(C), ∗
A,C ,6,2 , and ((A,6(0), �A,6(0), �A,6(0)), respectively, for all99

A ∈ {1, ..., '} and 6 ∈ {0, 1}.100

1.3.1 Generalised additive models for HIV transmission and ART initiation rates101

We assume that a subset of the dynamics governing the compartmental model (mortality, disease102

progression, etc.) are fixed and drawn from other data sources and models, but three key components103

(incidence, ART initiation rate, and the initial state) are inferred from data. Each of these quantities is104

represented by an underlying generalised additive model (Hastie and Tibshirani 1986).105

1.3.1.1 Model of HIV incidence We model incidence, �A,6(C), as a log-linear function of time-varying106

transmission rates, opposite-sex prevalence, and ART coverage. Specifically, we have:107

log�A,6,2(C) = log �2 + 6 · (# +  C) + log�A,C+

(�A,6∗ ,2(C) + (1 − $)�A,6∗ ,2(C))/#6,A .
(8)

We use the relative infectiousness ratios listed in Table 3.1 in Johnson and Dorrington (2019) to fix the108

values of �2 and set the following priors on the sex ratio of transmission parameters:109

#,  ∼ N(0, 5). (9)

In Wolock (2022), an alternative specification for this model that allowed for transmission across districts110

was considered. There was little empirical difference between models that included cross-district spatial111

transmission dynamics and those that did not. The model specification study performed in Chapter 4 of112

that thesis indicated slightly that the model without spatial transmission offered the best out-of-sample113

fit out of a set of candidate models.114

Mathematically, the incidence rate, �A,6(C), is only constrained to be greater than zero, but numerical115

simulation of the system of ODEs in Equation (1) is not well constrained and negative predictions can116

disrupt the inference procedure. Therefore, we calculate the HIV infection probability during a single117

time step of duration ℎ attributable to all disease stages combined by aggregating the stage-specific rates118

and finding the probability of infection:119

�A,6(C) = 1 − exp

[

−ℎ

4
∑

2=1

�A,6,2(C)

]

. (10)

We use this transformation to avoid numerical problems during the inference procedure; all reported120
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region-level incidence here are per person-year.121

1.3.1.1.1 Spatio-temporal HIV transmission rates The model allows the transmission rate of HIV to122

vary by time, region, sex, and transmitting CD4 category. The relative infectiousness by transmitting123

CD4 category is based on fixed assumptions, and the other dynamics are inferred. We model the124

log-transformed region-/time-specific HIV transmission rate, log�A,C , with a hierarchical linear model:125

log�A,C = �0 + �A + (��0 + ��A ) · C +
∑ �+1
8=1

��
8 ,A
)�
8
(C)

�0 ∼ N(0, 5)

�A ∼ N(0, ��)

��
0

∼ N(0, 5)

��A ∼ N(0, ��� )

��
8 ,A

∼ ARIMA��� ,��� (1, 3, 0)

�� , ��� , ��� ∼ N+(0, 1)

logit��� ∼ N(0,
√

1/0.15)

��1,A = 0.

(11)

where �0 is a shared intercept, �A is a regional intercept and ��0 and ��A are mean and region-specific126

slopes with respect to time. The remainder of the model for �A,C defines a spline model with coefficients127

distributed according to an autoregressive integrated moving average (ARIMA) model (Hyndman and128

Athanasopoulos 2018). In this model,  � is the number of knots, ��
8 ,A

is a region-specific coefficient for129

basis function 8 and )�
8

is the 8’th basis function.130

Returning to Equation (11), we specify that only one autoregressive term and no moving average terms131

may be included but do not specify the order of difference. All else equal, higher order differencing132

should result in a smoother curve. We assessed the choice of 3 in the model comparison study (Section133

1.5).134

The model of incidence contributes the following parameters to �% : a transmission rate sex log-ratio, #, a135

transmission rate intercept, �0, a set of regional intercepts, �A , a mean transmission rate slope with respect136

to time, ��0 , a set of regional slopes, ��A , and two standard deviations, ��A and ��� , which are outlined in137

Table 3.138

1.3.1.2 Model of ART initiation We use a similar log-linear regression approach to model region-139

/time-/sex-/substage-specific ART initiation rates (an outcome similarly not observed directly):140
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Supplemental Table 3: Parameters used in the model of HIV transmission rates. Indexed parameters are
estimated for all possible values of that index.

Param Size Description Prior

# 1 Log-incidence rate sex ratio N(0, 5)
 1 Log-incidence rate sex ratio slope N(0, 5)
�0 1 Log-transmission rate mean intercept N(0, 5)
�A ' Log-transmission rate region intercept N(0, ��)
�� 1 Log-transmission rate region intercept SD N+(0, 1)

��
0

1 Log-transmission rate mean slope N(0, 5)
��A ' Log-transmission rate mean regional slope N(0, ��� )
��� 1 Log-transmission rate region slope SD N+(0, 1)
��
8 ,A

'× �+1 Log-transmission rate regional spline coefficient ARIMA��� ,��� (1, 3, 0)

��� 1 Log-transmission rate region ARIMA SD N+(0, 1)

logit��� 1 Log-transmission rate region ARIMA autocorrelation SD N+(0,
√

1/0.15)

log ★A,C ,6,2 = �2,6 + 6 · " + ★
0
+ ★A + (�

★

0
+ �

★

A ) · C +
∑ +1
8=1

�
★

8 ,A
)★

8
(C)

★0 ∼ N(0, 5)

★A ∼ N(0, �★)

�
★

0 ∼ N(0, 5)

�
★

A ∼ N(0, �� )

�
★

8 ,A
∼ ARIMA�� ,�� (1, 2, 0)

�★ , �� , �� ∼ N+(0, 1)

logit�� ∼ N(0,
√

1/0.15)

�
★

1,A
= 0.

(12)

This model has region-specific log-linear models with respect to time with additional region-specific141

ARIMA error term. Here, �2,6 is a sex-/stage-specific rate of ART initiation, " is an inferred intercept142

among women, ★0 is a mean intercept, ★A is a regional intercept,   is a number of knots, �
★

8 ,A
is a regional143

spline coefficient, )8 is a spline basis function, and �★ , ��★ , and ��A are standard deviations. To prevent144

the autoregressive model from being rank deficient, we fix the first coefficient in the regional splines to145

be zero. In the results we present here, we set ) to be an order-two spline with annual knots, effectively146

linearly interpolating between inferred annual values.147

For all C before ART was scaled up in any given region, we fix )8(C) to be zero. The baseline ART initiation148

rate �2,6 is defined as ��2,6/�
�
1,1, the ratio of mortality in CD4 stage 2 relative to women in stage 1. This149

encodes an assumption that PLHIV at stage 2 initiate treatment in proportion to the expected mortality150

in 2. This model of ART initiation contributes the following parameters to �% : an intercept, ★0 , a set of151

region random effects, ★A , set of spline coefficient means, mean and region-specific slopes, �
★

0 and �
★

A , a152

set of regional spline coefficients, �
∗

8 ,A
, three standard deviations, �∗ , �� , and �� , and an autoregressive153

parameter �� , which are outlined in Table 4.154
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Supplemental Table 4: Parameters used in the model of ART initation. Indexed parameters are estimated
for all possible values of that index.

Param Size Description Prior

" 1 Log-ART initiation rate sex effect N(0, 5)
★

0
1 Log-ART initiation rate mean intercept N(0, 5)

★A ' Log-ART initiation rate regional intercept N(0, �★)
�★ 1 Log-ART initiation rate regional intercept SD N+(0, 1)

�
★

0 1 Log-ART initation rate mean slope N(0, 5)

�
★

A ' Log-ART initation rate regional slope N(0, �� )
�� 1 Log-transmission rate region slope SD N+(0, 1)

�
★

� ,A
'× +1 Log-ART initiation rate regional spline coefficient ARIMA�� ,�� (1, 2, 0)

�� 1 Log-ART initiation rate region ARIMA SD N+(0, 1)

logit�� 1 Log-ART initation rate region ARIMA autocorrelation SD N+(0,
√

1/0.15)

�0 1 Mean ANC bias N(0, 5)

1.3.1.3 Model of initial state Region-/sex-specific initial prevalence is modelled with a logit-linear155

model:156

logit �A,6(0) = �A + 6 · &

�A ∼ N(�0 , ��)

�0 ∼ N(0, 5)

�� ∼ N+(0, 1)

(13)

where �0 is cross-region logit-transformed mean prevalence at time 0, �A is a regional deviation from �0,157

& is an intercept for prevalence among women (recalling that 6 = 1 among women), and �� is a standard158

deviation for the random effects. We calculate & from Spectrum estimates as the log-ratio of female159

prevalence to male prevalence.160

To maintain consistency with other national-level estimates of prevalence, we put a prior on initial161

prevalence among men:162

�̂Nat ∼ N(�Nat , 0.005)

�̂Nat =
1

%Nat,0(0)

∑'
A=1

%A,0(0)

1+exp(−�A,0)
,

(14)

where %A,0(0) is initial male population in region A and %A,0(0)/(1 + exp(−�A,0)) is estimated male163

PLHIV in region A. This prior encourages the model to match external estimates of initial prevalence,164

without sacrificing subnational variation. The inverse logit-transformed mean of the random effects,165

1/(1 + exp(−�0)), cannot be compared directly to exogenous initial prevalence �Nat, because �Nat is166

implicitly population-weighted.167

We assume that C = 0 is before ART scale-up, so �A,6,2(0) = 0 in all cases. Making fixed assumptions168

about the distribution of PLHIV across disease substage without treatment, we calculate �A,6,2(0) and169

solve for (A,6,2(0):170
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Supplemental Table 5: Parameters used in the model of the initial state. Indexed parameters are estimated
for all possible values of that index.

Param Size Description Prior

�0 1 Initial mean prevalence N(0, 5)
�A ' Initial regional prevalence N(0, ��)
�� 1 Initial prevalence SD N+(0, 1)

�A,6,2(0) = 16,2 · �A,6(0) · %A,6(0)

(A,6(0) = %A,6(0) −
∑4
2=1(�A,6,2(0))

�A,6,2(0) = 0.

(15)

where 16,2 is the share of PLHIV of sex 6 in CD4 stage 2 at time zero derived from Spectrum model171

estimates. %A,6(0) is the population at time zero for sex 6 in region A, which is assumed to be a fixed172

known input.173

This model adds the following parameters to �% : a national mean, �0, regional deviations from the174

means, �A , and one standard deviation, ��, which are outlined in Table 5.175

1.4 Observation model176

1.4.1 Household surveys177

We assume that national household surveys are probability random samples within each region, so if B is178

a household survey, . B,HIV
A,C ,6 /) B,HIV

A,C ,6 , provides an unbiased estimate of true prevalence in demographic179

segment {A, C , 6} where . and ) are the design-weighted effective count and effective sample size,180

respectively. We therefore assume that . B,HIV
A,C ,6 is a sample from a binomial distribution with ) B,HIV

A,C ,6 trials181

each with a probability of �A,6(C):182

.B,HIV
A,C ,6 ∼ Binom() B,HIV

A,C ,6 , �A,6(C)). (16)

Defining a binomial distribution using the effective count and effective sample size is a computationally183

efficient way to approximate the effect of the complex multi-stage survey design (Chen, Wakefield,184

and Lumley 2014) and is increasingly common in recent HIV mapping exercises (Eaton et al. 2021;185

Dwyer-Lindgren et al. 2019).186

We make a similar assumption about survey-estimated ART coverage:187

.B,ART
A,C ,6 ∼ Binom() B,ART

A,C ,6 , A,6(C)). (17)

HIV recent infection assays (or “recency assays”) indicate whether an individual was infected in the188

recent past, so estimated incidence and prevalence must be combined to estimate the proportions that189
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are recent. We use the estimator from Kassanjee, McWalter, and Welte (2014) as modified by Eaton et al.190

(2021) to find this proportion:191

�A,6(C) =
�A,6(C) · (1 − �A,6(C)) · (Ω' − �') + �'�A,6(C)

�A,6(C)
, (18)

where Ω' is the mean duration of recent infection (fixed at 130/365), and �' is the proportion of positive192

recency assays that are false positives (fixed at 0). As before, we assume that each . B,Rec
A,C ,6 is a sample from193

a binomial distribution:194

.B,Rec
A,C ,6 ∼ Binom() B,Rec

A,C ,6 , �A,6(C)). (19)

Because the mean duration of recent infection and recency assay false positive rate are fixed, the195

observation models for survey data do not contribute any parameters to the model.196

1.4.2 ANC facility data197

HIV prevalence among ANC attendees is not representative of HIV prevalence among the general198

population, so we cannot estimate �A,1(C) with .B,HIV
A,C ,1 /) B,HIV

A,C ,1 . Instead, following Bao (2012), we estimate199

site-specific ANC prevalence as a function of general population prevalence and facility effects200

logit �BA,1(C) = logit �A,1(C) + �0 + �B + (&0 + &B) · C

�0 , &0 ∼ N(0, 5)

�B ∼ N(0, ��)

&B ∼ N(0, �&)

�� , �& ∼ N(0, 1),

(20)

where �B is a facility-specific random effect, �0 is a mean ANC offset, &0 is a mean slope with respect to201

time, &B is a site-specific slope, and �� and �& are standard deviations for the site-specific parameters.202

Bao (2012) do not include slopes with respect time in their ANC observation. Eaton et al. (2014) found203

that we cannot assume that the representativeness of ANC facilities is not changing.204

Eaton and Bao (2017) report that Gaussian approximations to standard binomial models do not offer205

adequate posterior predictive coverage when fit to HIV prevalence data from ANC facilities, so this work206

includes the option to use one of two possible likelihoods. The first is a standard binomial model207

.B,HIV
A,C ,1 ∼ Binom() B,HIV

A,C ,1 , �BA,1(C)), (21)

and the second is a beta-binomial model208
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Supplemental Table 6: Parameters used in the model of the initial state. Indexed parameters are estimated
for all possible values of that index.

Param Size Description Prior

�B ( Site-specific ANC bias N(0, ��)
�� 1 ANC bias SD N+(0, 1)
&0 1 Mean ANC slope N(0, 5)
&B ( Site-specific ANC bias slope N(0, �&)
)type[B] 2 Type-specific ANC beta-binomial overdispersion N(−1, 1)

�& 1 ANC bias slope SD N+(0, 1)

.B,HIV
A,C ,1 ∼ BetaBinom() B,HIV

A,C ,1 , �BA,1(C), )type[B])

logit)type[B] ∼ N(−1, 1)
(22)

where )type[B] ∈ (0, 1) is a parameter measuring the autocorrelation between each Bernoulli trial. In the209

beta-binomial case we estimate two separate values of ): one when B is an individual facility and one210

when B is an aggregate over multiple facilities. We evaluate the effect of the choice of ANC observation in211

the model specification study. This model contributes the following parameters to the model: coefficients212

for the observation model, �0, �B , &0, and &B , and hyperparameters, ��, �&, and )type[s], which are outlined213

in Table 6.214

1.4.3 ART programme data215

The final data source used by the model is programmatic ART patient count time series. We use �A,C to216

denote the total number of adults receiving ART in region A at the end of time C. The compartmental217

model produces estimates of the number of PLHIV living in A that are on treatment, �A(C), but these218

estimates are not directly comparable to the corresponding �A,C . While large surveys measure individuals219

in their regions of residence, ART programme data record individuals where they seek treatment.220

Because we fit directly to survey data and use population estimates defined by residency, we are221

implicitly modelling individuals in their regions-of-residence, and therefore need to adjust �A(C) for222

treatment-seeking dynamics before it can be compared directly to �A,C .223

Following Eaton et al. (2021), we model the number of PLHIV seeking treatment in region A at time C as224

�∗
A(C) =

∑

{ 9∼A}

� 9→A,C� 9(C), (23)

where { 9 ∼ A} is set of regions that are adjacent to A inclusive of A, � 9→A,C is the time-varying probability225

an individual residing in 9 will seek treatment in A, and � 9(C) is the number of PLHIV on ART who live226

in 9. Note that � 9(C) =
∑

6∈{0,1} � 9 ,6(C).227

We model the odds of moving from 9 to A relative to staying in A as228
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log
�A→9 ,C

�A→A,C
= log�A→9 ,C = < 9 + <0 + ��C

< 9 ∼ N(0, �2
<)

<0 ∼ N(−3, 1)

�� ∼ N(0, 5)

�< ∼ N+(0, 2),

(24)

where < 9 is a region-specific “mass” term, <0 is a mean mass with a prior that ensures that most people229

will stay in their home regions, and �� is a time-specific slope. Following the Naomi model, we place an230

informative prior on <0 that assumes a priori that the majority of people seek treatment in their region of231

residence. If < 9 and �� are both fixed to be zero and region A has one neighbour, then <0 = −3.0 implies232

that approximately 95% of individuals residing in A will seek treatment in A.233

We allow each � to vary with respect to time to account for national-level changes in ART programmes;234

across-the-board improvements in treatment provision could result in fewer patients needing to travel235

to receive adequate care and therefore, a negative value of ��. Naomi was designed to estimate recent236

trends, so it covers a much shorter time period and does not need to account for long-term changes in237

ART programmes.238

We use the softmax function to solve for �A→9 ,C with �A→9 ,C = 1.0:239

�A→9 ,C =
�A→9 ,C

1 +
∑

{:∼A}\A �A→:,C
. (25)

Then we find �A→A,C = 1 −
∑

{:∼A}\A �A→:,C .240

These data do not have a natural denominator, so we cannot treat them as independent binomial samples.241

Instead, we use a negative binomial model with variance that scales both linearly and quadratically with242

its mean (Lindén and Mäntyniemi 2011). Let243

� = �∗
A(C)

�2
= � + �1� + �2�2 ,

(26)

where �1 , �2 > 0. We can use � and �2 to find the typical negative binomial parameters: A = �2/(�2 − �)244

and ? = �/�2. Then we have245

�A,C ∼ NegBinom(A, ?). (27)

For a fixed value of �2, as �1 goes to zero, this distribution converges to a negative binomial with246

overdispersion �2. Conversely, for a fixed value of �1, as �2 goes to zero, it goes to a quasi-Poisson247

distribution. As both �1 and �2 go to zero, it returns to Poisson.248
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Supplemental Table 7: Parameters used in the ART patint count observation model Indexed parameters
are estimated for all possible values of that index.

Param Size Description Prior

<0 1 Mean ART attraction mass N(0, 5)
<A ' Regional ART attraction mass N(0, �<)
�< 1 Regional ART attraction mass SD N+(0, 1)
�� 1 ART attraction slope N(0, 5)
$ 1 Linear overdispersion term N+(0, 2)

� 1 Quadratic overdispersion term N+(0, 2)

Allowing the variance of �A,C to scale both linearly and quadratically with � allows this model to scale249

appropriately across regions of varying sizes. A one-unit change in �2 will result in a much larger250

change in variance in a high-population region than in a low-population region, even though we do251

not necessarily expect the measurement of ART patients to be quadratically higher variance in the252

high-population region.253

We set the following priors on �1 and �2:254

log �1 , log�2 ∼ N(0, 2) (28)

The observation model for ART patient counts contributes the following parameters to the full set of255

parameters: �1 and �2 from the quasi-negative binomial distribution, one mass, <A , per region, a mean256

mass, <0, a time coefficient, �C , and one variance �2
< , which are outlined in Table 7.257

1.5 Model selection methods258

Because incidence is not measured directly, it is not possible to directly cross-validate model results259

against withheld observations of incidence, the main outcome of interest. Cross-validation simulates260

how well a model generalises to new data, so we have designed a strategy focused on forecasting the261

data sources we expect to continue to acquire (Vollmer et al. 2021). To that end, we evaluated the262

model’s performance on Malawian data using a cross-validation strategy predicts on routinely reported263

indicators, represented in my model by ART programme data and facility-based ANC prevalence. We264

constructed cross-validation datasets by holding out all data after one of six forecasting horizons: the first265

of January in 2015, 2016, 2017, 2018, 2019, and 2020. We compared each model using out-of-sample root266

mean squared error (RMSE) with respect to observed point estimates and 50%, 80%, and 95% posterior267

predictive coverage separately for the two datasets (ANC facility data and ART programme data).268

1.5.1 Model configurations269

We tested every combination of choices for seven different design decisions, outlined in Table 8. First, we270

allowed the likelihood for the ANC facility data to be either binomial or beta-binomial. As described271

in Section 1.4.2, individual facility series shared one autocorrelation parameter and aggregate series272
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Supplemental Table 8: Model configuration variables tested in this chapter with descriptions of each
value. Unless otherwise specified, every component refers to the transmission rate model.

Variable Value Description

Binomial Binomial ANC observation model
ANC observation model

Beta-binomial Beta-binomial ANC observation model

1 One degree of ARIMA differencing
2 Two degrees of ARIMA differencingARIMA order
3 Three degrees of ARIMA differencing

Yes Exclude slope w.r.t. time
Include slope

No Include slope w.r.t. time

1 Knots at one-year intervals
Spline interval

5 Knots at five-year intervals

1 Piecewise constant design matrix
2 Piecewise linear design matrixSpline order
3 Order-three design matrix

Constant Constant w.r.t. time
Linear Linear w.r.t. timeTransm. rate model
Latent Include ARIMA component

Yes Include autoregressive term
Use AR

No Exclude autoregressive term

shared another under the beta-binomial model. Second, we tested the value of including a non-linear273

district-level temporal component in the transmission rate model by fitting Equation (11) with intercepts274

only, intercepts and linear slopes with respect to time, and intercepts, slopes, and latent components.275

Among the models with latent components for the HIV transmission rate, we tested the effects of276

excluding the linear slope with respect to time, the order of the spline basis functions (one, two, or three),277

the distance between knots in the spline design matrices (one year or five years), the order of ARIMA278

differencing, and, finally, whether to include an autoregressive term. All valid combinations of these279

choices resulted in 146 different models, which led to 876 models to fit when combined with the six280

forecasting horizons. Each of these models were fit using the approximate inference strategy described281

by Skaug and Fournier (2006) and implemented by Kristensen et al. (2016). In the main text, we present282

only results from the final, selected model specification.283

2 Model selection results284

We summarise the results of the model specification study here and refer readers to Chapter 3 of Wolock285

(2022) for a detailed investigation. This study offered a few clear conclusions. First, the beta-binomial286

model for ANC data offered distinctly better out-of-sample fit to both the ANC data and the ART287

programme data than the standard binomial model (Supplemental Figure 3). Second, restricting to only288

models that used a beta-binomial observation model for the ANC data, none of model configuration289

decisions from Supplemental Table 8 resulted in superior out-of-sample fit. Instead, we were obliged to290

use more subjective criteria to identify a final model. Supplemental Figure 4 shows that two configurations291

that included a linear term with respect to time in the transmission rate model resulted in decreasing sex292
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ratios of incidence, which conflicts with widely available evidence (Risher et al. 2021). In the end, we293

selected a transmission rate model with no linear term with respect to time, one degree of differencing,294

an order-two spline with five-year intervals between knots, and no autoregressive term.295
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Supplemental Figure 3: Scatter plots of log-transformed out-of-sample RMSE for model configuration
pairs that differ only in ANC observation model by dataset. The black line is equality. Points below the
line of equality indicate that the beta-binomial observation model was lower and vice versa.
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3 Fit in all districts296

Chitipa District
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Supplemental Figure 5: Model fit to HIV data sources in Chitipa District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities. 18



Karonga District
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Supplemental Figure 6: Model fit to HIV data sources in Karonga District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Likoma District
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Supplemental Figure 7: Model fit to HIV data sources in Likoma District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Mzimba District
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Supplemental Figure 8: Model fit to HIV data sources in Mzimba District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Nkhata Bay District
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Supplemental Figure 9: Model fit to HIV data sources in Nkhata Bay District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Rumphi District
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Supplemental Figure 10: Model fit to HIV data sources in Rumphi District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Dedza District
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Supplemental Figure 11: Model fit to HIV data sources in Dedza District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Dowa District
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Supplemental Figure 12: Model fit to HIV data sources in Dowa District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Kasungu District
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Supplemental Figure 13: Model fit to HIV data sources in Kasungu District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Lilongwe District
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Supplemental Figure 14: Model fit to HIV data sources in Lilongwe District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Mchinji District

0%

5%

10%

15%

2000 2005 2010 2015 2020

Prevalence

0.06

0.07

0.08

0.09

0.10

0.11

2000 2005 2010 2015 2020

Untreated transmission rate

0%

25%

50%

75%

100%

2000 2005 2010 2015 2020

ART Coverage

0%

20%

40%

60%

80%

2000 2005 2010 2015 2020

ART initiation among eligible PLHIV

Female Male

2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
0

4

8

12

16

In
ci

d
en

ce
 p

er
 1

,0
00

Sex Female Male

0%

10%

20%

30%

40%

50%

2000 2005 2010 2015 2020

Aggregate

Kapiri HC

Mchinji

ANC HIV prevalence

     0

 5,000

10,000

2000 2005 2010 2015 2020

ART patients

Supplemental Figure 15: Model fit to HIV data sources in Mchinji District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Nkhotakota District
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Supplemental Figure 16: Model fit to HIV data sources in Nkhotakota District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Ntcheu District
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Supplemental Figure 17: Model fit to HIV data sources in Ntcheu District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Ntchisi District
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Supplemental Figure 18: Model fit to HIV data sources in Ntchisi District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Salima District
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Supplemental Figure 19: Model fit to HIV data sources in Salima District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Balaka District
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Supplemental Figure 20: Model fit to HIV data sources in Balaka District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Blantyre District
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Supplemental Figure 21: Model fit to HIV data sources in Blantyre District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Chikwawa District
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Supplemental Figure 22: Model fit to HIV data sources in Chikwawa District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Chiradzulu District
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Supplemental Figure 23: Model fit to HIV data sources in Chiradzulu District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Machinga District
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Supplemental Figure 24: Model fit to HIV data sources in Machinga District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Mangochi District
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Supplemental Figure 25: Model fit to HIV data sources in Mangochi District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Mulanje District
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Supplemental Figure 26: Model fit to HIV data sources in Mulanje District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Mwanza District
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Supplemental Figure 27: Model fit to HIV data sources in Mwanza District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Neno District
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Supplemental Figure 28: Model fit to HIV data sources in Neno District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Nsanje District
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Supplemental Figure 29: Model fit to HIV data sources in Nsanje District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Phalombe District
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Supplemental Figure 30: Model fit to HIV data sources in Phalombe District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Thyolo District
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Supplemental Figure 31: Model fit to HIV data sources in Thyolo District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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Zomba District
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Supplemental Figure 32: Model fit to HIV data sources in Zomba District, 1995-2021. Estimated
prevalence, ART coverage, untreated transmission rates, annual ART initiation probabilities, ANC
prevalence, and ART patient counts in the Blantyre district in southern Malawi with household survey
data (HIV prevalence and ART coverage), HIV prevalence among pregnant women attending ANC
facilities, and the number of adults 15-49 receiving ART programmatic reporting data (points). Prevalence,
ART coverage, incidence rate, and ART patients reflect adults aged 15-49 years. Vertical dashed lines
indicate years of ART eligibility changes. Different colours on panel “ANC prevalence” indicate different
ANC facilities.
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4 Comparison to UNAIDS 2021 estimates (UNAIDS 2021)297
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Supplemental Figure 33: Comparison of estimated national-level annual prevalence, new infections, and
ART coverage between UNAIDS 2021 estimates (point ranges) and the model presented here (green
regions). Note that UNAIDS ART coverage is among all adults.
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