
A Quantitative Theory of the HIV Epidemic:
Education, Risky Sex and Asymmetric Learning∗

Christian Aleman-Pericon
New York University Abu Dhabi

Daniela Iorio
University of Bologna

Raül Santaeulàlia-Llopis
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Abstract

We explore learning about HIV infection odds from risky sex as a new mechanism
explaining the Sub-Saharan Africa HIV epidemic. Our novel empirical evidence reveals a
U-shaped relationship between education and being HIV positive across the epidemic, which
prompts the idea of asymmetric learning: more educated individuals potentially learn faster
and update their (latent) beliefs about infection odds more accurately than less educated
individuals, inducing earlier sexual behavioral change among the more educated. Our non-
stationary model incorporates three HIV epidemic stages, chronologically: a myopic stage
where agents are unaware of how risky sex causes infections, a learning stage where agents
update beliefs on infection odds, and an ART stage reflecting treatment introduction. An-
chored to the micro evidence— the U-shaped HIV-education gradient—we find that our
learning mechanism is powerful: a 5-year earlier learning reduces new AIDS deaths by al-
most 45%, and a 10-year earlier learning results in a 60% drop. Removing learning all
together reveals that under full information, i.e life expectancy asymmetries present only
through education, play a much smaller role than learning.
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1 Introduction

For decades, economists have emphasized the pivotal role of beliefs and deviations from rational
expectations in decision-making (Marcet and Nicolini (2005), Moll (2024)), also in the context
of health investments and preventive behaviors of infectious diseases, such as HIV, where viral
transmission is driven by human interactions (Kremer (1996)). Individual decisions to engage
in preventive measures are influenced by personal and aggregate risk perceptions and access to
treatment, which in turn contribute to aggregate outcomes, i.e. prevalence and overall transmis-
sion rate. For this reason, recently these elements have been incorporated into general equilibrium
models to better understand how policy-induced behavioral changes can mitigate the spread of
a virus (e.g., Chan et al. (2015), Greenwood et al. (2019) and Toxvaerd (2017) for HIV; Green-
wood et al. (2022), Azzimonti et al. (2020), and Boppart et al. (2022) for Covid-19). 1 While
these papers have been an important contribution at the intersection between epidemiology and
economics for ex-ante policy evaluation, they do not take into account that risk perceptions
and beliefs about negative health shocks evolve as new information about the epidemic becomes
available, and these changes may occur unevenly across different socio-economic groups.

We present the first model that quantitatively examines how learning influences the trajectory
of an epidemic over time across educational groups, demonstrating the significant impact earlier
learning could have had in mitigating its escalation. Specifically, we examine HIV, as it continues
to be one of the most urgent global health crises, with approximately 39.9 million people living
with the virus (UNAIDS 2024). In 2023, there were an estimated 1.3 million new HIV infections
globally, with the African region carrying the greatest burden, accounting for nearly half of
all new infections. Further, empirical studies document that individuals in Sub-Saharan Africa
(SSA) respond to shifts in subjective beliefs regarding HIV infection risks, influencing their sexual
behavior accordingly (e.g., Dupas (2011), Delavande and Kohler (2016)). In this setting, an
economic model is crucial for understanding the epidemic’s trajectory in SSA, where heterosexual
transmission is the dominant mode of infection, and to carry-out an ex-ante evaluation of policy
interventions that induce changes in sexual behavior dynamics (Behrman and Kohler, 2012).

Notably, our methodology has broader applications beyond HIV. It can be applied to analyze
the dynamic prevalence of other epidemics that are influenced by social interactions. Addition-
ally, in scenarios involving asymmetric learning, this approach could provide insights into the
development of socioeconomic health disparities across various contexts where learning plays an

1Further studies emphasize the importance on beliefs about individuals own infection state Anglewicz and
Kohler (2009), DePaula et al. (2014), Toxvaerd (2022). We do not include such beliefs in our analysis.
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important role in shaping health behaviors, such as smoking cessation, drug use, and vaccination
uptake.

Idea In this paper, we propose learning about the odds of HIV infection due to risky sexual
practices as a new mechanism to explain the evolution of the HIV epidemic in SSA. The concept is
straightforward. In the early years of the epidemic, individuals are simply myopic (unaware) of the
consequences that risky sexual behavior has on the probability of HIV infection and, consequently,
mortality risk. However, as the epidemic advances, individuals start learning about the modes of
infection, particularly how risky sexual behavior generates HIV infection. We argue that a natural
consequence of this learning is a potential shift in agents’ sexual behavior to minimize the risk of
infection. This, in turn, can shape the overall trajectory of the HIV epidemic. In particular, an
equilibrium sexual behavior response to learning (e.g., engaging in less risky sex) has the potential
to decelerate the epidemic. Further, if some individuals, like the more educated, learn faster, we
should observe different sexual behavioral responses and HIV prevalence across individuals over
the course of the epidemic. Of course, these responses potentially undergo another transformation
once antiretroviral drugs (ART) are introduced at later years of the epidemic.

Empirical Evidence To provide evidence of the proposed mechanism, we leverage within coun-
try variation in HIV status and sexual behavior across education groups over the course of the
epidemic. Specifically, operating on the premise that more educated individuals learn earlier about
risky sex as a mode of infection, it follows that the more educated should respond sooner by en-
gaging in less risky activities.2 We empirically investigate this proposition in two steps. First, as
HIV infection is the ultimate consequence of sexual behavior, our focus is on documenting the
behavior of the HIV-education gradient—the difference in the probability of being HIV positive
between more and less educated individuals—over the course of the epidemic. Second, we directly
examine the behavior of the risky sex-education gradient—the difference in engagement in risky
sex activities between more and less educated individuals—throughout the epidemic. Following
our rationale that sexual behavior change occurs earlier for the more educated than the less
educated, our hypothesis is that we should observe a decrease in the probability of being HIV
positive for the more educated relative to the less educated, and a contemporaneous decrease in
the engagement in risky sex by the more educated relative to the less educated over the course
of the epidemic.

2Education can also act as a shield against misinformation, a sadly common occurrence in SSA. A poignant
example is South Africa’s former president, Thabo Mbeki, who succeeded Nelson Mandela in 1999 and served
until 2008. He publicly insisted that HIV was not the cause of AIDS. Adding to this, when antiretroviral drugs
were developed, Mbeki’s Minister of Health, Manto Tshabalala-Msimang, encouraged those with the virus to
continue traditional remedies and adopt “a diet of lemons, garlic, beetroot, and olive oil.” She believed that the
new drugs were tailored for Western populations. Source: The Conversation.
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Our main finding is that the HIV-education gradient follows a stylized U-shape pattern
(positive-zero-positive) over the course of the epidemic. In the early years of the epidemic,
one additional year of education is associated with a 1.44 percentage point increase in the prob-
ability of being HIV-positive. These education disparities in HIV status gradually vanish (become
not significantly different from zero) as the epidemic reaches mid-years. At later years, it reverts
back to a positive education gradient in HIV, where one additional year of education results in a
0.78 percentage point increase in the probability of being HIV-positive. This U-shape pattern is
robust to a large set of individual controls and country and year fixed effects. We interpret our
methodology—the conditioning of the HIV-education gradient (a micro object) on the evolution
of the epidemic (a macro object)—and our results as one potential solution to the previous lack
of consensus regarding the HIV-education gradient (Beegle and de Walque, 2009).3

Further, we explore education disparities in risky sexual behavior, measured by the number of
extramarital partners. We find that the education disparities in risky sexual behavior closely mirrors
the U-shape pattern of the HIV-education gradient over the course of the epidemic. Overall,
these results highlight the potential role of education disparities in sexual behavior changes in
determining the evolution of the HIV-education gradient over the course of the epidemic. Lastly, if
the monetary costs of ART do not outweigh its benefits, such as increasing survival probabilities
and decreasing virus spread, the provision of ART treatment should theoretically lead to an
increase in risky sex practices Greenwood et al. (2019). In a scenario where the educated have
greater access to ART, the introduction of ART treatment might help explain the rebound of the
HIV-education gradient in later years of the epidemic. We empirically demonstrate this possibility
by showing that the HIV-education gradient decreases when we include ART controls for the
most advanced years of the epidemic.

Equilibrium Model with Asymmetric Learning We develop a nonstationary quantitative
model that endogenizes HIV infections through risky sex consumption (and production) exchanged
on a centralized market.4 Precisely, higher risky sex consumption increases the probability of
contracting HIV. In turn, HIV infection reduces life expectancy, productivity and life satisfaction
(enjoyment of utility flows). Our main theoretical contribution is the introduction of a new
mechanism that allows individuals to learn about their probability of infection due to risky sex

3While mixed evidence on the HIV-education gradient may arise from differences in methodology, sampling
strategies, and measures of education and HIV status, these factors may not entirely explain differing conclusions
in prior studies. For example, using data from rural areas of Manicaland province in eastern Zimbabwe, Gregson
et al. (2001) suggest that the relationship between education and HIV status could be dynamic and potentially
explained by differential exposure to risky sexual practices. Similarly, de Walque (2007) drew parallels in his
analysis of a cluster of villages in rural Uganda between 1989 and 2001. The findings in these prior micro studies
align with our results emerging from a more systematic cross-country analysis of the epidemic’s evolution.

4Recent work that puts learning at spot light include He and Kircher (2023)
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as time goes by. Individuals are heterogeneous in education, sex type (consumer or producer),
HIV status, and ART treatment status. Further, motivated by our empirical findings we allow for
asymmetric learning: more educated individuals potentially learn faster and update their latent
beliefs about infection odds more accurately than less educated individuals, inducing earlier sexual
behavioral change among the more educated. Our model incorporates these mechanisms through
three distinct stages of the HIV epidemic: a myopic stage where agents are unaware of how risky
sex causes infections; a learning stage where understanding how risky sex generates infections
leads to significant behavioral changes; and an ART stage reflecting the introduction of treatment
that extends life expectancy and mitigates productivity losses.

We anchor the theory to the evolution of the micro HIV-education gradient. Specifically,
our internal calibration successfully targets the empirical U-shape pattern of the HIV-education
gradient over the course of the epidemic. During the myopic stage, the HIV prevalence rises
along with the HIV-education gradient as the more educated engage in more risky sex because
they can afford it, as their income is higher. This happens because agents do not understand
the link between infections and risky sex consumption, therefore they do not adjust their risky
sexual behaviour. This trend continues until the learning stage starts. During the learning
stage, educated individuals learn about the negative effects of infection and reduce their risky
sexual behaviour. They do so faster than the less educated, which results in a decrease in the
HIV-education gradient eventually approximating zero. That is, asymmetric learning is key to
reproduce the decline of the gradient from early stages of the epidemic. Finally, the introduction
of ART’s brings the HIV-education gradient back to showing positive values. Since the educated
have better access to costly ART treatment, they now face lower risk per marginal unit of risky
sex consumed, thus triggering a rebound in the gradient.

What Explains the HIV-education gradient? We perform three counterfactual experiments
to quantify the factors influencing the HIV-education gradient. First, we find that equalizing
income between education groups reduces the HIV-education gradient by approximately 65% at
early stages of the epidemic, turning it negative during the latter learning and ART stages. That
is, income differences by education groups are relevant for the level of the HIV-education gradient.
Second, addressing learning differences by making everyone learn as fast as the educated substan-
tially decelerates the decline of the HIV-education gradient in the learning stage by approximately
50% leading to a less pronounced U-shape gradient overall. Additionally, making everyone learn
as slow as the less educated entirely reverts the decline in the HIV-education gradient. That is,
asymmetric learning is clearly the main driver of the decline the HIV-education gradient during
the learning stage. In the final experiment, equalizing ART coverage across education groups
reveals that coverage differences explain approximately 60% of the gradient rebound.
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Drivers of the HIV Epidemic and Policy Experiments We conduct a set of counterfactual
experiments with the aim of understanding the drivers of the HIV epidemic and inform policy.
The first policy experiment imposes an earlier start date for the learning stage. We find that if
learning would have started 5 years earlier the number of AIDS deaths would have reduced by
approximately 45%. Further, the initiation of the learning stage by 10 implies a 60% drop in
the numer of AIDS deaths. In the second policy experiment, we increase the share of educated,
such that it reaches 85% by 2030; this represents a significant improvement of the education
level of the population. In this case, we find that risky sex consumption experiences a boost, but
not enough for the prevalence to be too far from the benchmark scenario. In our third policy
experiment we simulate an earlier adoption of ART treatment. We find that if ART’s would have
been introduced as early as 1989 (16 years earlier than the actual year), the prevalence rate would
have been reduced by 40%. Our last experiment, consists of the introduction of pre-exposure
treatment (PrEP) to prevent further spread of the HIV virus. In our set up, PrEPs reduce the
probability of infection by a certain percentage. We find that if PrEPs reduce the probability of
infection by 30%, the prevalence would decrease by 33%.

External Validation Can our theory explain the epidemic heterogeneity across SSA countries?
To address this question we modify our benchmark calibration set for Malawi to cumulatively
include country-specific features of South Africa such as the specific education structure, the year
of arrival of ART and the ART coverage rates. After imposing these country-specific features of
South Africa, we find that our simulated path for prevalence rate overlaps with that observed for
South Africa which implies, for example, elevating the prevalence rate from approximately 10%
in benchmark Malawi to 16% in South Africa in year 2005.

The remainder of our paper is structured as follows. Section 2 documents the behavior of
the HIV-education and risky sex-education gradients over the epidemic. Section 3 introduces the
model endogenizing the entire HIV epidemic across myopic, learning, and ART stages. Section 4
covers the model calibration. Section 5 decomposes the sources of the HIV-education gradient.
Section 6 discusses the HIV epidemic drivers and provides policy experiments. Section 7 explores
the model’s ability to account for other country-specific epidemics. Section 8 concludes.

2 Empirical Evidence

Our empirical strategy focuses on examining the relationship between education and HIV status
over the course of the epidemic. We discuss our econometric specification that explicitly condi-
tions on the chronological evolution of the epidemic and discuss our results in Section 2.2. We
show that the education gradient is U-shaped.
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2.1 Data

The demographic and health surveys, DHS. The DHS are based on nationally representa-
tive samples and are available for a large set of SSA countries. Several aspects make DHS data
sets appealing for our exercise. Specifically, these data provide measures of individual HIV status,5

education and risky sexual behavior (e.g., number of extramarital relationships) in harmonized
manner across SSA countries. Further, since the appearance of the DHS, the WHO and UNAIDS
use DHS estimates as official HIV prevalence rates.6 We consider the full sample of SSA DHS
surveys for which individual HIV testing has been conducted and were available as of January
2023. We thus use a total of 61 DHS surveys corresponding to 30 SSA countries.7 Descriptive
statistics for the DHS sample are provided in Table 5.

Population-Based HIV Impact Assessment, PHIA A key feature of the PHIA is the inclu-
sion of biomarker data such as viral load and the presence of antiretroviral drugs, which allows
for precise measurement of progress toward epidemic control in the current state of the HIV
epidemic. The PHIA project conducted HIV impact assessment in SSA, but only since 2014. For
this reason, we cannot use this dataset alone, but it complements the DHS dataset, as it enlarges
substantially our pool of sample countries-years, especially in the latest years and to examine the
impact of ART. We include all PHIA surveys that were available as of January 2025, totaling 20
surveys for 14 countries between 2015 and 2022, increasing the sample by roughly one half. The
PHIA surveys are also nationally representative and provide harmonized measures of individual
HIV status, sociodemographic characteristics, and HIV-related behaviors (e.g. number of sexual
partners in the last 12 months, knowledge about HIV transmission). Descriptive statistics are
reported in Table 6 of the appendix.

We pool data from DHS and PHIA surveys to construct our full sample which consists of a
total of 1,023,687 individuals. For the core analysis we restrict our attention to HIV-tested adults
15-49 years old who reported their schooling achievement. The average HIV prevalence among
individuals between 15-59 years old is 7.17%. Approximately, 51.6% of the total population has
completed primary education and 36% live in urban areas. Our preferred choice for measuring
education is years of schooling.8 In our sample, the cross-country mean schooling years is 6.49,

5A large portion of the adult DHS respondents have been tested for HIV, the proportion of respondents who
did not take the HIV test is .318 in the original whole sample. However, we find that the association between the
likelihood of taking the HIV test and the educational attainment is virtually zero in the DHS.

6Before the DHS, the majority of HIV prevalence estimates came from antenatal clinics. Indeed, the DHS
dropped by approximately 20% the previous official estimates of HIV prevalence in SSA which were subject to
substantial selection driven by young women in antenatal clinics.

7See our Online Appendix A.I for more details.
8The reasoning for our choice—rather than using other socioeconomic status variables such as the DHS wealth

index—is that while wealth is influenced by subsequent negative health conditions (such as HIV), or other shocks
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a minimum of 1.84 and a maximum of 9.76. Regarding risky sexual behavior, we focus on (i) the
number of sex partners (i.e., the extensive margin) in the past 12 months other than spouses. In
our sample, the number of extramarital partners is on average 0.26. These figures are conditional
on being sexually active.

UNAIDS and World Bank data We track the evolution of the HIV epidemic in SSA using
country level prevalence rate time paths published by UNAIDS. UNAIDS provides estimates of
the HIV prevalence rates from 1980 until 2023 for all 30 countries in our sample.9 Finally, for
all our SSA sampled countries we use data on real output per capita, the agricultural share of
output and share of the infected population that is covered with ART treatment. We take these
data from the World Bank Development Indicators (WDI). We use these data in our empirical
analysis to control for country-specific aggregate stages of economic development.

2.2 Stylized Facts

In this section we examine how different education gradients in HIV and risky sexual behaviors
evolve over the course of the HIV epidemic. To capture these dynamics, we group the survey years
into four chronological intervals ≤ 2005, 2006–2010, 2011–2015, and > 2015. This discretization
ensures sufficient observations within each bin while preserving the chronological dynamics of the
epidemic. Table 8 summarizes the main characteristics of the discretized time variable.

2.2.1 The HIV-education gradient

We consider a linear probability model (LPM) where the HIV-Education gradient is allowed to
change over the chronological interval of the HIV epidemic (g):

yi,r,t,g = α0 +
γ0 +

∑
g>0

γg1g

 ei,r,t,g︸ ︷︷ ︸
Education × Chronological Interval

+β xi,r,t,g +ψ mr,t +θr1r +θt1t +εi,r,t,g, (1)

For individual i, in country r, at time t and chronological interval of the epidemic g. The outcomes
yi,r,t,g of interest are the individual’s HIV status, measures of risky sex behavior and knowledge
about HIV transmission. ei,r,t,g denote the educational attainment. 1g is an indicator function

that will potentially determine one’s health status in adulthood, educational attainment is not because, typically,
education is completed before individuals enter adulthood. However, we cannot entirely rule out the fact that
investments in education might respond to changes in life expectancy. Indeed, Fortson (2011) shows a significant
negative effect of HIV on investment in children in a model where agents explicitly consider mortality risk when
making human capital decisions.

9We use UNAIDS data available in 2021. The HIV prevalence levels from our DHS samples and the UNAIDS
counterparts are very similar. See also a detailed discussion of these data in Bongaarts et al. (2008).
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equal to one when the chronological interval of the HIV epidemic is g, zero otherwise. That is,
if the chronological interval of the epidemic is g = 1 then the intercept is α1 and the slope is γ1.
However, if g > 1, the associated intercept is (α1 + θg) and the slope is (γ1 + γg). Namely, γg is
the difference in the HIV-Education gradient between individuals that are in interval g and interval
1. Then, the HIV-Education gradient is γ1 + γg for each chronological interval g. The vector
xi,r,t,g includes individual characteristics such as age, gender and residential area. The vector
mr,t, includes measures of output per capita, aggregate HIV prevalence and share of agricultural
output to correct for the stage of economic development in which each country is in. We include
country-fixed effects θr and time-fixed effects θt. Our specifications are weighted least squares
regressions, where the weights a combination of the relative population size of each country with
the individual weights provided by the DHS and PHIA surveys. Alternative we could split our
sample by chronological intervals, then γg captures the gradient corresponding to that specific
interval. We pick this later specification as our benchmark since it does not assume β, ψ, θr and
θt to be constant across intervals.

We first consider a model where the dependent variable is the individual HIV status. Our
benchmark results are reported in Table 1, column 3. Figure 1 plots the benchmark estimates of
the HIV-Education gradient across chronological intervals of the epidemic.

From non-stationary benchmark specification (column 3, Table 1), we find that at Chron-
Interval 1 an additional schooling year raises the probability of being infected by γ1 = 1.44%.
That is, for individuals in an economy that is at early years of the epidemic the HIV-Education
gradient is significantly positive and remarkably high. Interestingly, as the HIV epidemic evolves,
the HIV-Education gradient rapidly declines. The educational disparities in HIV then vanish as
the epidemic reaches Chron-Interval 1, where we cannot reject the null that γ2 = 0.03% is
different from 0. As we move away from Chron-Interval 1, the HIV-Education gradient becomes
increasingly positive as the epidemic evolves with γ4 = 0.78% in Chron-Interval 4, respectively.
This way, the HIV-Education gradient bounces back reaching a significant gradient in Chron-
Interval 4 that is almost half the size of the gradient in Chron-Interval 1. Note that both the
initial decline of the HIV-Education gradient from Chron-Interval 1 to Chron-Interval 2 and its
posterior rebound from Chron-Interval 3 to Chron-Interval 4 are both significant. We conclude
that the HIV-Education gradient exhibits a positive-zero-positive U-shape pattern over the course
of the HIV epidemic.10

10The U-shape pattern of the HIV-Education gradient is robust to alterntive specifications (columns 4 to 5 in
Table 1). Similar results are attained if we consider stages of the epidemic as the location of a country-year HIV
prevalence on the support of a reference (stylized) HIV prevalence path (column 6 in Table 1 )
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Table 1: HIV Educ Gradient: Static and Dynamic specifications

Static Dynamic
Split Sample Full Sample Full Sample Split Sample

by Year Group Educ Interacted All Interacted by Stage
× Year Group × Year Group

(1) (2) (3) (4) (5) (6)
Educ 0.0222*** 0.0055***

(0.0004) (0.0004)

Educ in Chron.Bin 1 (Early) 0.0144*** 0.0161*** 0.0144***
(0.0018) (0.0012) (0.0013)

Educ in Chron.Bin 2 0.0003 -0.0138*** -0.0139***
(0.0014) (0.0014) (0.0016)

Educ in Chron.Bin 3 0.0011 -0.0133*** -0.0133***
(0.0008) (0.0014) (0.0016)

Educ in Chron.Bin 4 (Mature) 0.0078*** -0.0097*** -0.0065***
(0.0006) (0.0014) (0.0016)

Educ (in Stage 1) 0.0086***
(0.0011)

Educ × Stage 2 0.0015*
(0.0008)

Educ × Stage 3 0.0052***
(0.0010)

Educ × Stage 4 0.0082***
(0.0008)

Constant 0.0394*** -0.0589*** -0.0520*** 1.0372
(0.0003) (0.0094) (0.0095) (119.34)

Nobs 1,023,687 1,023,687 N.A. 1,023,687 1,023,687 N.A.
Controls No Yes Yes Yes Yes Yes
Country Year FE No-No Yes-Yes Yes-Yes Yes-Yes Yes-Yes Yes-Yes
Note: Chronological bins for sample-split are Year-Groups in Column 3 and Stages in Column 6.
Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

Controls: Age, Age Squared, Gender, Urban, Religion, Marital Status, Aggregate Agricultural Share, GPDpc, HIV Prevalence,

Aggregate ART Coverage, Survey (DHS or PHIA)
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Figure 1: HIV-Education and Risky Sex-Education Gradients across the HIV Epidemic

(a) HIV-Education Gradient (b) Risky Sex-Education Gradient

Notes: This graph plots the benchmark estimates of the HIV-Education gradient (Column 3 from Table 1) and
Partners-Education gradient (Column 2 from Table 9) using the full sample (with country and year FE).

The Risky Sex-Education Gradient We next study risky sexual behavior by considering as
independent variables: (i) the number of sex partners other than spouses (i.e., extramarital
partners) during past 12 months, i.e., the extensive margin of sexual behavior.11 We label the
Risky Sex-Education gradient as the Partners-Education gradient.

The results for the Partners-Education gradient are plotted in panel (b) of Figure 1; also
reported in the Online Appendix A.K. The Partners-Education gradient first decreases (between
aggregate intervals 1 and 2) and then increases (between aggregate intervals 2 and 4), this
dynamics are significant. The dynamics across chronological intervals of the epidemic show that
the evolution of the Partners-Education gradient is remarkably consistent with the pattern of the
HIV-Education gradient, potentially explaining both its decline and rebound.

Knowledge about HIV Transmission Respondents knowledge about the transmission mech-
anisms of HIV is measured by asking if the chances of getting HIV reduce by (1) having only one
sex partner, (2) always wearing a condom. We estimate the education gradients in these knowl-
edge variables. Our results are in the Online Appendix A.K. We see that overall more-educated
individuals understand better than the less educated that having fewer partners is a plausible
prevention strategy against HIV transmission. In terms of knowledge about the usefulness of
condoms, we find that more-educated are consistently better informed than the less-educated
women. The above evidence implies a positive effect of education on knowledge.

Antiretroviral Therapy (ART) Treatment is costly and prohibitive for a vast majority of SSA
households.12 In this context, if the more educated have more access to ART, then ART might

11For individuals who are single or do not cohabit, all sex partners are extramarital.
12For example, income per capita in Malawi is on average USD 250 in 2014, and the average income per capita

in SSA is USD 1638. We also expect more-educated individuals to have greater access to ART treatments for
several obvious reasons—they (i) are more likely to live in the city (e.g., in Malawi, anyone who has a university
degree is likely to live in the two largest cities, Lilongwe or Blantyre, where the ART drugs are available), (ii) have
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help explain the rebound in later years. The findings in the Online Appendix A.K point in this
direction. We estimate the HIV-Education gradient with and without regional ART controls
respectively, using only PHIA survey data, since PHIA has information of ART at the individual
level. We find that the HIV-Education gradient in recent years decreases with respect to its
counterpart. This suggests that the provision of ART partially accounts for the rebound in the
gradient.

3 The model

This is a perpetual youth economy with exogenous fertility rate f and endogenous mortality rates
that depend on individual, HIV status and ART treatment. There is a continuum of agents who
are heterogeneous in: education level e ∈ E which is permanent and exogenously given at the
beginning of life13 sex type, which is defined exogenously and permanently as either risky-sex
consumers (i) or risky-sex producers (−i) with {i,−i} ∈ I; HIV status h ∈ H = {−,+}, which is
endogenously determined through risky-sex choices; and whether the agent is under antiretroviral
treatment (ART) against HIV d ∈D= {−,+}, which follows a Markov process if HIV infected.14

Further, let Φ be the joint distribution of education, sex type, hiv status and ART treatment.

In this economy, HIV is endogenously transmitted through risky-sex choices: risky sex (either
consumed or produced) has an attached positive probability of HIV infection. In SSA this channel
remains the prevalent one for diffusion of HIV. quoting: sex workers are disproportionally affected
by HIV. In 2022, the relative risk of acquiring HIV was nine times higher for sex workers than
for people in the wider population globally, declining from 12 times higher in 2010. Further,
antiretroviral therapy coverage among sex workers is low. The endogenous risky sex choices
determine HIV status the next period, and hence, mortality rates. Risky-sex consumers and
producers meet in a centralized market to transact risky-sex services at the competitive price
p(Φ). Our modeling choice, using a centralized market for risky sex, is a compromise between
numerical tractability and our goal to explore the asymmetric learning mechanism about the odds
of infection that we put forward in a highly nonstationary framework.15

better transportation (do not have to walk several miles to refill prescriptions), or (iii) have access to someone in
a hospital who can help them gain priority status when necessary to obtain ART.

13We denote with primes the one-period-ahead variables, i.e. ε = εt and ε′ = εt+1 for period t.
14We focus on endogenizing the intensive margin of sex, excluding the endogenous decision of who becomes a

sex consumer or producer. Introducing significant endogenous heterogeneity within each group we find that some
sex consumers engage in negligible transactions, and some sex producers generate negligible amounts, resembling
corner solutions. The size of this population, exhibiting small sex transactions, is endogenous.

15Alternatively, the clearing could occur in a decentralized matching framework as in Greenwood et al. (2019).
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In particular, the aggregate economy is nonstationary, evolving across four stages of the HIV
epidemic, with s ∈ S = {0, 1, 2, 3}. In Stage 0, the economy exists in a stationary pre-HIV
epidemic era without HIV. In Stage 1, the HIV epidemic begins, but agents are myopic, unaware
of the epidemic. In Stage 2, agents begin to learn the sexual nature of the HIV infection process,
and the speed of learning differs by education group. Finally, in Stage 3, antiretroviral drugs
(ART) are introduced. The economy transitions over time through these four stages of the HIV
epidemic via a sequence of unexpected shocks: the pre-HIV era (Stage 0) concludes with the
exogenous arrival of patient zero, marking the first period of the myopic stage (Stage 1); the
myopic stage concludes when agents begin to recognize the epidemic and start learning about
the infection process, defining the first period of the learning stage (Stage 2); and the exogenous
arrival of ART treatment marks the beginning of the ART stage (Stage 3), during which agents
continue learning.

Let us cast the household problem recursively separately by stage of the epidemic from Sections
3.1 to 3.4. We define the model equilibrium for the entire economy across all the stages of the
HIV epidemic in Section 3.5 and provide a pseudo solution algorithm in Section 3.6

3.1 The Pre-HIV Era [Stage 0]

In the pre-HIV era, there is no HIV. During this stage, at any given period t, agents with education
level, e, solve the following problem depending on their sex type, i.

Risky-sex consumers problem. Risky-sex consumers choose consumption c ∈ R+ and the
amount of risky sex x ∈ R+ to solve the following dynamic program:

V (e, i,Φ) = max
c≥0,x≥0

χu(c, x;ω) + βγV (e, i,Φ′) (2)

subject to

c+ p(Φ)x = zy(e) (3)

where loss of utility due to death ω (an isolated constant) and the discount factor β are common
across all agents and stages. The derived utility flow from c and x is captured through the contin-
uous, concave and differentiable instantaneous felicity function u(c, x). We choose consumption
as numeraire and the relative price of risky sex is denoted by p(Φ). Prices are determined in
competitive equilibrium in the sex market, and agents are price takers. Market income is the
product of a permanent component y(e) that depends on the level of education.
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We separately highlight three parameters that at later stages can depend on HIV status:
the preference shifter parameter χ, the survival rate γ and a permanent income component z.
Accordingly, in the pre-HIV era we set χ, γ and z equal across all agents, including both risky-sex
consumers and producers.16 Plugging the isolated consumption from the budget constraint (3)
into the objective function (2), agents face the following intratemporal condition:

FOC(x) : χuc(c, x;ω)(−p(Φ))︸ ︷︷ ︸
MC(x)

+χux(c, x;ω)︸ ︷︷ ︸
MB(x)

= 0 (4)

weighing the benefit of enjoying higher risky-sex against the cost of consuming less goods.

Risky-sex producers problem. Sex-producer households choose consumption c ∈ R+ and the
fraction of time devoted to sex production l ∈ [0, 1] to solve the problem:

V (e,−i,Φ) = max
c≥0,1≥l≥0

χu(c;ω) + βγV (e,−i,Φ′) (5)

subject to

c = z[p(Φ)lα + y(e)(1 − l)] (6)

Sex-producers derive utility from the consumption good, but not from risky sex. One unit of
labor is inelastically supplied and l denotes the fraction of labor allocated to the production of
risky sex and the remaining labor (1 − l) is allocated to the production of goods. The production
of sex uses time l as input following a decreasing returns technology x = lα with α ∈ (0, 1), and
is valued at the competitive price p(Φ). The decreasing returns bound risky sex production.

Plugging the isolated consumption from the budget constraint (6) into the objective function
(5), agents face the following intratemporal condition:

FOC(l) : χuc(c;ω)z

p(Φ)αlα−1︸ ︷︷ ︸
MB(l)

− y(e)︸ ︷︷ ︸
MC(l)

 = 0 (7)

weighing the time allocated to production of sex and goods by equating the marginal (revenue)
product across technologies. For a given price p(Φ), the marginal product of sex is decreasing in
l, whereas that of the goods is linear, which allows for interior solutions for suitable prices. At
any point in time in the pre-HIV era, the economy is summarized by the joint distribution Φ of

16In particular, χ and z are equal to one, and γ is the survival rate before the pre-HIV era.
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individual states e, i. The aggregate state variable evolves according to:

Φ′ = H(Φ) (8)

where the function H : M → M is the aggregate law of motion, mapping distributions to
distributions. That is, H summarizes how the joint distribution of individual states evolves from
one period to the next. 17

[Stage 0 Equilibrium] Definition of the Pre-HIV Stationary Recursive Competitive Equilibrium

The Pre-HIV Stationary RCE is a value function V : Z → R, policy functions c : Z → R,
x : Z → R, and l : Z → R, price p, and a measure Φ ∈ M such that:

1. Given p the policy functions c(e, i) and x(e, i) solve the risky-sex consumers problem
(2)-(3) and c(e,−i) and l(e,−i) solve the risky-sex producers problem (5)-(6).

2. The riksy-sex markets clear,

∑
e,i

x(e, i) =
∑
e,−i

x(e,−i),

and the consumption market clears by Walras law.

3. The stationary probability distribution,

Φ = H(Φ)

is induced by the equilibrium policy functions.

17Precisely, define the transition function Q : Z × B(Z) → [0, 1] by:

Q((e, i)(E, I)) = γ ∀ (e, i, s) ∈ Z and (E, I) ∈ B(Z)

where Z consists of all n-tuples of E×I×E and B(Z) is the set of Borel sets on Z, in particular (E, I) ∈ B(Z). Let
P be a probability measure on B(Z), then P : B(Z) → [0, 1]. Then the evolution of the population distribution
is,

Φ′(E, I) = F (Φ)(E, I) =
∑
e,i,s

Q((e, i, s)(E, I) + fΦ((e, i, s′)(E, I)) (9)

which is the fraction of people with education E and sex type I as measured by Φ, that transit to (E, I) as
measured by Q. The last term in equation (9) accounts for the new born. Population of each group increases
according to respective fertility rate f .
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Notice that value function, policy functions, and the price of risky sex are no longer indexed
by measures Φ because all equilibrium conditions must be satisfied for the stationary measure
Φ. The last requirement states that the measure Φ reproduces itself: starting with a measure of
education and sex type today generates the same measure tomorrow.

3.2 The Myopic Onset of the HIV Epidemic [Stage 1]

The HIV epidemics starts in this stage as an unexpected shock to the pre-HIV era at some period
T0 +1, where T0 reflects the last period of the pre-HIV era. From then on, agents can be healthy
or HIV infected h ∈ H = {−,+}. We assume agents at this stage are myopic about the epidemic.
In particular, agents are unaware of the fact that HIV infection is occurring through the amount
of risky sex x (either consumed or produced). Specifically, the unconditional probability that an
HIV negative agent is infected with HIV next period is given by the transmission function:

λ(x, ρ, ϕ+) = ϕ+︸︷︷︸
Meeting Prob.

ex

ex + ρe−x
,︸ ︷︷ ︸

Conditional Transmission

(10)

which depends on the probability of meeting an HIV infected individual in the sex market, i.e.
the current prevalence rate ϕ+ ∈ [0, 1], the amount of individual risky sex x that is endogenously
chosen, and a parameter ρ ∈ [0,∞) that governs the mapping from the amount of individual
risky sex to the probability of HIV infection.18 The lower is ρ the higher is the probability of HIV
infection per amount of sex transactioned; see Figure 2.19,20

Although agents are unaware of the nature of HIV infection (10), at every period, agents
observe higher average mortality rates (γ), lower average labor market and sex production pro-
ductivity (z) and a lower overall ability to enjoy utility flows (χ). Since agents do no know that
these changes in γ, z and χ are due to HIV, at every period, the economy makes the mistake of
taking these observations as unexpected one-time aggregate permanent shocks in mortality rates,
productivity and preferences. We model this as a sequence of permanent unexpected aggregate
shocks in γ, z and χ. That is, at every period, agents notice a change between γt and γt−1,

18The conditional component in (10) is analogous to that in Bethencourt and Ŕıos-Rull (2009) modeling effort.
19Note that we need to initiate the epidemic with some ϕ+

t=0 > 0. The value for ϕ+
t=0 is exogenous, meaning

that it is not directly linked to the risky sex practices between humans, which is the main mechanism of HIV spread
in this model. The calibration of the initial prevalence is described in Section 4. We conduct some robustness on
this assumption by setting the probability of infection equal to λρ(x), that is, the aggregate rate of HIV infection
in the economy does not explicitly affect the infection probability. Our main results remained unchanged.

20Alternatively instead of the meeting probability, we have the density (simply the total number) of individuals
that are HIV positive which brings a different dimension for cross-country (or space) heterogeneity.
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Figure 2: Objective Probability of Infection, λ(x, ρ, ϕ+)

Notes: Here we plot λ(x, ρ, ϕ+), i.e. the probability that an HIV negative agent is infected with HIV next period
as a function of the amount of individual risky sex x, the probability of meeting and HIV+ individual in the sex
market, and a parameter ρ that governs the mapping from the amount of individual risky sex to the probability
of HIV infection as described in equation (10). For this illustration we set the HIV prevalence rate to ϕ+ = 1.2.

between zt and zt−1, between χt and χt−1 and agents assume that γ̃τ = γt, z̃τ = zt, and χ̃τ = χt

for all τ ≥ t.

In reality, however, this is not the case because the average survival rates, productivity and
felicity depend on the actual distribution of HIV status across the population which is endogenous
to risky sex. In particular, the true distribution of the population evolves according toϕ−

t+1

ϕ+
t+1

 =
γ(−) 0

0 γ(+)


︸ ︷︷ ︸

Survival Matrix

1 − λ(xt, ρ, ϕ
+
t ) 0

λ(xt, ρ, ϕ
+
t ) 1


︸ ︷︷ ︸

Infection Matrix

1 + f f

0 1


︸ ︷︷ ︸
Fertility Matrix

ϕ−
t

ϕ+
t

 (11)

where ϕ+
t and ϕ−

t are the measures of HIV infected and HIV non-infected populations, γ(+)
and γ(−) are survival rates for HIV infected and HIV non-infected populations, respectively, the
odds of HIV infection λ(xt, ρ, ϕ

+
t ) are defined by (10), and f is the fertility rate for the aggregate

economy, which is independent of HIV status and all newborns are not infected with HIV.21 Then,
note that we can develop (11) to find that tomorrow’s aggregate population is:

ϕt+1 = ϕ−
t+1 + ϕ+

t+1 (12)

21That is, in our benchmark model, we assume away mother-to-child transmission which represents less than
5% of total HIV infections in Sub-Saharan Africa. This can be easily modified by allowing some HIV positive
agents to bear HIV positive children replacing the top right element of the fertility matrix in (11) with (1 + fm)
and the bottom right element with fm where m indicates the proportion of newborn that are HIV +.
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where the measure of HIV negative population is ϕ−
t+1 = γ(−)(1−λ(xt, ρ, ϕ

+
t ))[(1+f)ϕ−

t +fϕ+
t ]

and the measure of HIV positive population is ϕ+
t+1 = γ(+)

(
λ(xt, ρ, ϕ

+
t )[(1 + f)ϕ−

t + fϕ+
t ] + ϕ+

t

)
.

In this manner, the actual evolution of the population in (11) defines the mortality rates

γ̃t = ϕt+1

(1 + f)ϕt

(13)

Our agents take the time changes in γ̃t as unexpected permanent shocks to mortality during this
myopic stage of the epidemic. Further, in the same vein, agents myopically update every period
their idiosyncratic productivity and ability to enjoy utility, respectively, z̃t and χ̃t. These updates
actually follow idiosyncratic changes in HIV status, i.e.

z̃t = z(h) and χ̃t = χ(h) (14)

Again, our agents are unaware of the rationale behind the changes in z̃t and χ̃t—that is, they are
not aware that their HIV status has changed—and they take the new productivity and preference
shifters as unexpected permanent shocks. Given the myopic updates for γ, z and χ in (13)
and (14), we are now ready to formulate the risky-sex consumer and producer problems in this
stage. Importantly, since γ̃t, z̃t and χ̃t get actually updated every period, the formulation of the
households problem and the definition of equilibrium for this myopic stage needs to reflect this
phenomenon which will take the form of unexpected permanent shocks: (γ̃, z̃, χ̃).

Risky-sex consumer problem. At every period t, our looking forward risky-sex consumers
choose ct and xt taking(γ̃, z̃, χ̃). as permanently given to solve:

Vt(e, i,Φ) = max
ct≥0,xt≥0

χ̃u(ct, xt;ω) + βγ̃Vt+1(e, i,Φ′) (15)

subject to

ct + pt(Φ)xt = z̃y(e) (16)

Then, plugging the isolated consumption from the budget constraint (16) into the objective
function (15), agents face an intratemporal condition for x identical to that of (4). This highlights
the main characteristic of the myopic stage by which agents do not internalize the evolution of
the HIV (11) unaware that their sexual behavior affects their chances of survival γ, their future
productivity z and their future ability to enjoy utility flows χ.
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Risky sex-producer problem. At every period t, our looking forward risky-sex producers choose
ct and lt taking (γ̃, z̃, χ̃) as permanently given to solve:

Vt(e,−i,Φ) = max
ct≥0,1≥lt≥0

χ̃u(ct;ω) + βγ̃Vt+1(e,−i,Φ′) (17)

subject to

ct = z̃ [(pt(Φ)lαt + y(e)(1 − lt))] (18)

Then, agents face an intratemporal condition for l identical that of (7).

For both the risky-sex consumer and producer problems, the value functions, policy functions,
and the price function are indexed by t. The sequential formulation of the recursive problem is
necessary to address unexpected changes in survival rates γ, productivity shifter z, and preference
shifter χ. Specifically, in each period, agents myopically observe an unexpected change in γ̃, z̃,
and χ̃, which follows the updating formulas in (13) and (14). Agents are myopic in that they
assume that these unexpected changes in the environment are permanent. That is, agents assume
that the survival rates, productivity shifter, and preference shifter updated at period τ = t will
remain constant in future periods: γ̃τ = γ̃ ∀τ > t, z̃τ = z̃ ∀τ > t and χ̃τ = χ̃ ∀τ > t.
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[Stage 1 Equilibrium] Definition of the Myopic Nonstationary Recursive Competitive Equilibrium

Given a Pre-HIV stationary joint distribution, ΦT0(s = 0) (i.e. Φ(s = 0) for all t < T0),
and a sequence of unexpected changes in mortality rates {γ̃t}∞

t≥T0 , productivity shifters
{z̃t}∞

t≥T0 and preference shifters {χ̃t}∞
t≥T0 , constructed from the updates in (13) and (14),

myopically assuming that the changes occuring at τ = t are permenant, i.e. γ̃τ = γ̃t = γ̃,
z̃τ = z̃t = z̃ and χ̃τ = χ̃t = χ̃ for all τ > t ≥ T0, a nonstationary RCE is a sequence
of individual household functions {Vτ , cτ , xτ , lτ : Z ×M → M}∞

τ≥t≥T0 , prices {pτ }∞
τ≥t≥T0 ,

and measures {Φτ }∞
τ≥t≥T0 such that, ∀τ ≥ t ≥ T0:

1. Given p, the policy functions cτ (e, i) and xτ (e, i) for risky-sex consumers and cτ (e, i)
and lτ (e, i) for risky-sex producers solve their respective problems (15)-(16) and
(17)-(18).

2. All markets clear.

∑
e,i

xτ (e, i) =
∑
e,−i

xτ (e,−i),

The sex markets clear and the consumption market clears by Walras law.

3. The aggregate law of motion is,

Φt+1 = Ht(Φt)

where Φ is the joint distribution of (e, i) is induced by the equilibrium policy functions.

4. The true distribution of the HIV population, which is used to construct the sequences
{γ̃t}∞

t=0, {z̃t}∞
t=0 and {χ̃t}∞

t=0, endogenously evolves according to (11).

Remark Since at each period τ = t, a new triplet (γ̃, z̃, χ̃) emerges, agents solve for an entirely
new transition (from τ = t onward) toward the new steady state associated to the updated
triplet (γ̃, z̃, χ̃). Within the myopic stage, the equilibrium path collects the value functions,
policy functions, and the price function associated solely with the current period in which a new
triplet (γ̃, z̃, χ̃) emerges, i.e. τ = t. Note that this still requires solving for the entire transition
at each period t after the permanent shock occurs.

Finally, the sequence of myopic updates does not run ad infinitum because at some period
T1 (last period of the myopic stage), the economy unexpectedly moves to a new stage of the
epidemic where agents initiate the learning about the sexual nature of the mode of HIV infection.
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3.3 Learning the HIV Epidemic [Stage 2]

Agents become unexpectedly aware of their own HIV status and that of the rest of the population
entering this stage at period T1 + 1, where T1 represents the last period of the myopic stage.22

However, agents are not fully aware about the the process of HIV infection. Specifically, agents
know that risky sex translates into HIV infections (following (10)), but they are not fully aware
of that mapping insofar they do not accurately know the true value of ρ in (10) and, hence, they
do not know how risky sex actually maps onto HIV infections.

We allow for agents to learn about ρ through Bayesian updates with some noise. We allow
for the speed in which agents learn about the actual odds of infection to potentially differ across
education groups. Specifically, each educational group e ∈ E has a prior belief about the dis-
tribution of λ(x, ρ), denoted by the probability density function Pe(λ(x, ρ)). We assume that
the initial accuracy in which individuals know the odds of infection is the same across education
groups, Pe(λ(x, ρ̃o)) ∼ N(λ(x, ρ̃o), σ2

ε) with Pe=1(λ(x, ρ̃o)) = Pe=0(λ(x, ρ̃o)), which follows
from the fact that both groups were completely unaware of ρ in the previous stage. From then
onward, agents receive a signal λ(x, ρ̃) per period. This signal contains information about the
actual probability of infection plus some noise ϵt that is normally distributed with zero mean and
a variance σ2

ϵ (e) that depends on education. Explicitly:

λ(x, ρ̃) = λ(x, ρ) + ϵ, (19)

where the signal follows the following covariance stationary process:

ϵt = vt + 1e=0ut (20)

with v ∼ N(0, σ2
v) and u ∼ N(0, σ2

u). The dummy 1e=0 equals one if an agent belongs to the
less educated group, and zero otherwise. That is, if σ2

u = 0, then the signal is equally noisy across
education groups. Whereas if σ2

u > 0 then the signal is noisier for the less educated group than
for the more educated group.

Every period t agents update their beliefs P(λ(x, ρ(e)) given the information up to t − 1
according to Bayes rule:

P(λ(x, ρ(e))) = P(λ(x, ρ)|λ(x, ρ̃(e))) = P(λ(x, ρ̃(e))|λ(x, ρ))P(λ(x, ρ))
P(λ(x, ρ̃(e))) (21)

22We assume agents are able to know their own HIV status and others’, as in Greenwood et al. (2019).
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where the Bayesian updates will converge faster to the actual odds of HIV infection for the more
educated individuals if σ2

u > 0.23

In particular, the believed transition probabilities to a new HIV status h′ given the amount of
risky sex x, the believed ρ̃, the prevalence rate ϕ+, and the current HIV status h is,

q(h′|xt, ρ̃(e), ϕ+, h) =


q(+|xt, ρ̃(e), ϕ+,−) = λ(x, ρ̃(e), ϕ+)
q(−|xt, ρ̃(e), ϕ+,−) = 1 − λ(x, ρ̃(e), ϕ+)
q(+|xt, ρ̃(e), ϕ+,+) = 1
q(−|xt, ρ̃(e), ϕ+,+) = 0

 (22)

That is, the perceived probability of getting infected with HIV is λ(x, ρ̃(e), ϕ+), which differs
by education groups. We further assume that once infected, always infected (q(+|.,+) = 1)
and that there is no ability to revert a positive HIV status (q(−|.,+) = 0).24. Finally, although
individuals make their economic decisions based on their believed probabilities of infection (22),
the true evolution of the distribution of the population is given by (11)—as in the myopic stage.

Risky-sex consumer problem. Risky-sex consumers choose c, and x to solve:

Vt(e, i, h,Φ) = max
ct≥0,xt≥0

χ(h)u(ct, xt;ω) (23)

+ β
∑
h′|h

[γ(h′)q(h′|xt, ρ̃(e), ϕ+, h)Vt+1(e, i, h′,Φ′)]

subject to,

ct + pt(Φ)xt = z(h)y(e) (24)

Then, consumers choose risky sex according to (assuming HIV negative status):

FOC(x) : χ(h)uc(ct, xt;ω)(−pt(Φ))︸ ︷︷ ︸
MC(x)

+χ(h)ux(ct, xt;ω)︸ ︷︷ ︸
MB(x)

+ βλx(xt, ρ̃(e), ϕ+,−)(γ(+)V +
t+1 − γ(−)V −

t+1)︸ ︷︷ ︸
MC′(x)

= 0 (25)

where the intratemporal marginal benefits of risky sex (higher utility flow from these services)
and costs (lower utility flow fom lower consumption of goods) are analogous to those in previous

23We assume normality of the prior belief to simplify the calculations, however this can be adapted to mimic
more complex formulations.

24We relax this assumptions later on in our quantitative experiments in Section 5.
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stages of the epidemic, but now HIV negative consumers take into account that higher risky-
sex further implies higher odds of getting infected (λx(.) > 0) by as much as their beliefs of ρ̃
state, and hence less chances of survival to the next period. This is reflected in an additional
intertemporal (future) cost of consuming risky-sex today captured by the last term in (25) where
note that we have explicitly substituted out q(h′|xt, ρ̃(e), ϕ+, h) following (22). V +

t+1 and V −
t+1 are

the agent’s future value functions associated with being, respectively, HIV positive tomorrow or
HIV negative tomorrow. Note that for agents that are currently HIV positive, the intertemporal
term drops from (25) as their sexual behavior does not further impact survival rates.

Risky sex-producer problem. Sex producers choose c and l, to solve:

Vt(e,−i, h,Φ) = max
ct≥0,1≥lt≥0

χ(h)u(ct;ω) (26)

+ β
∑
h′|h

[γ(h′)q(h′|xt, ρ̃(e), ϕ+, h)Vt+1(e,−i, h′,Φ′)]

subject to,

ct = z(h)[pt(Φ)lαt + y(e)(1 − lt)], (27)

Then, producers choose across production technologies as follows,

FOC(l) : χ(h)uc(ct;ω)

pt(Φ)αz(h)lα−1
t︸ ︷︷ ︸

MB(l)

− y(e)︸ ︷︷ ︸
MC(l)


+ βλl(xt, ρ̃(e), ϕ+,−)(γ(+)V +

t+1 − γ(−)V −
t+1)︸ ︷︷ ︸

MC′(l)

= 0 (28)

where λl = λx
∂x
∂l

. The intratemporal tradeoff between producing risky sex versus consumption
goods is analogous to that in previous stages of the epidemic, but now HIV negative producers
take into account that the production of risky-sex implies higher odds of getting infected (note
that λl(.) > 0 with x = lα) and hence less chances of survival to the next period. This is
reflected in an additional intertemporal (future) cost of producing risky-sex today captured by
the last term in (28).
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[Stage 2 Equilibrium] Definition of the Learning Nonstationary Recursive Competitive Equilibrium

Given a Stage 1 joint distribution ΦT1(s = 1), and a sequence of beliefs {ρ̃(e)}∞
t≥T1 by

education group, a nonstastionary RCE is a sequence of individual household functions
{Vt, ct, xt, lt : Z × M → M}∞

t≥T1 , prices {pt}∞
t≥T1 , and measures {Φt}∞

t≥T1 such that,
∀t ≥ T1:

1. Given p the policy functions ct(e, i, h) and xt(e, i, h) solve the risky sex-consumer
problem (23)-(24) and ct(e,−i, h) and lt(e,−i, h) solve the risky sex-producer prob-
lem (26)-(27).

2. All markets clear.

∑
e,i,h

xt(e, i, h) =
∑

e,−i,h

xt(e,−i, h),

The sex markets clear and the consumption market clears by Walras law.

3. The aggregate law of motion is,

Φt+1 = Ht(Φt)

where Φ is the joint distribution of (e, i, h) is induced by the equilibrium policy
functions.

4. The true distribution of the HIV population endogenously evolves according to (11).

5. The beliefs of on the odds of infection by education group evolve according to Bayes
rule (21) and signals arrive according to (19) and (20).

Remark. The stationary Stage 2 equilibrium is the limiting case of the nonstationary RCE
defined above in which beliefs of both education groups have converged to the actual odds of
infection and the cross-sectional distribution Φ does not change over time. In that case, we can
drop all time subscripts.

3.4 The Era of ART [Stage 3]

ART drugs arrive unexpectedly to the economy at period T2 + 1, where T2 represents the last
period of the prior stage (learning without ART). In this stage, agents keep learning about the
process of infection λ(x, ρ̃(e)) according to (21).
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ART treatment is provided stochastically to the infected population, with the educated in-
dividuals having a higher probability to receive treatment ηt(e = 1) > ηt(e = 0) at all t.25

This means that ART treatment is a new state variable d ∈ D = {+,−} that keeps track of
the portion of the infected population receiving treatment (+) versus not (−). The aggregate
proportion of the population that receives drugs at each t is deterministic and represented by
the monotonically increasing sequence {ηt}∞

t=0, where 0 ≤ ηt ≤ η̃ ∀t with limt→∞ ηt = η̃ and
η̃ ∈ (0, 1]. Further, we assume that ART drugs partly (or entirely) revert the negative effects of
HIV on mortality and productivity. Only those who are infected can receive treatment.26 In addi-
tion, ART affect the average probability of infection by decreasing the viral load and, hence, the
infectiousness of those infected. In our formulation this would be translated into a proportional
increase of ρ with respect to the coverage rate. Let ϕh,d

t be the measure of the population with
HIV status h and ART treatment status d. Then the true distribution of the population evolves
as follows:ϕ
−,−
t+1

ϕ+,+
t+1

ϕ+,−
t+1

 =

γ(−,−) 0 0
0 γ(+,+) 0
0 0 γ(+,−)


︸ ︷︷ ︸

Survival Matrix

 1 − λ(xt, ρ(e), ϕ+
t ) 0 0

ηt(e)λ(xt, ρ(e), ϕ+
t ) ηt(e) ηt(e)

(1 − ηt(e))λ(xt, ρ(e), ϕ+
t ) 1 − ηt(e) 1 − ηt(e)


︸ ︷︷ ︸

Infection and Treatment Matrix

1 + f f f

0 1 0
0 0 1


︸ ︷︷ ︸

Fertility Matrix

ϕ
−,−
t

ϕ+,+
t

ϕ+,−
t



(29)

where γ(h, d) denotes the survival rate for individuals with HIV status h and ART treatment
status d. Then, (29) replaces the law of motion of the population in prior stages (11). Let us
now write the nonstationary recursive problem and then explain it.

Risky-sex consumer household problem. Risky-sex consumers choose c, and x to solve:

Vt(e, i, h, d,Φ) = max
ct≥0,xt≥0

χ(h, d)u(ct, xt;ω) (30)

+ β
∑

h′|h d′|d
[γ(h′, d′)ηt(d′|e)q(h′|xt, ρ̃(e), ϕ+, h)Vt+1(e, i, h′, d′,Φ′) ]

subject to,

ct + pt(Φ)xt = z(h, d)y(e) (31)

25The current data does not provide treatment composition by educational groups therefore we approximate
these probabilities by ηt,e=1 = (1 + ι)ηt and ηt,e=0 = (1 − ι)ηt, where ηt is the aggregate coverage rate observed
in the data at t, with ι controlling the odds of treatment with respect to the aggregate by education group.

26The Joint United Nations Programme on HIV/AIDS (UNAIDS) supplies ART coverage data only for that
portion of the population that was infected and received treatment.
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Then, consumers choose risky sex according to (assuming HIV negative status):

FOC(x) : χ(h, d)uc(ct, xt;ω)(−pt(Φ))︸ ︷︷ ︸
MC(x)

+χ(h, d)ux(ct, xt;ω)︸ ︷︷ ︸
MB(x)

(32)

+ β
∑

h′|h,d′|d
λx(xt, ρ̃(e), ϕ+,−)(γ(+,−)(1 − η(+|e))V +

t+1 + γ(+,+)η(+|e)V +
t+1 − γ(−)V −

t+1)︸ ︷︷ ︸
MC′(x)

= 0

Thus, the intertemporal margin here implies that risky-sex consumers take into account that risky
sex affects their HIV infection and hence future mortality rates and, at the same time, take into
account that there is a probability of ART treatment that partly reverts the effects of HIV.

Risky sex-producer household problem. Sex producers choose c and l to solve:

Vt(e,−i, h, d,Φ) = max
ct≥0,0≤lt≤1

χ(h, d)u(ct;ω) (33)

+ β
∑

h′|h d′|d
[γ(h′, d′)ηt(d′|e)q(h′|xt, ρ̃(e), ϕ+, h)Vt+1(e,−i, h′, d′,Φ′) ]

subject to,

ct = z(h, d)[pt(Φ)lαt + y(e)(1 − lt)], (34)

Then, producers choose risky sex according to (assuming HIV negative status):

FOC(l) : χ(h, d)uc(ct;ω)

pt(Φ)αz(h)lα−1
t︸ ︷︷ ︸

MB(l)

− y(e)s︸ ︷︷ ︸
MC(l)

 (35)

+ β
∑

h′|h,d′|d
λl(xt, ρ̃(e), ϕ+,−)(γ(+,−)(1 − η(+|e))V +

t+1 + γ(+,+)η(+|e)V +
t+1 − γ(−)V −

t+1)︸ ︷︷ ︸
MC′(l)

= 0

where λl = λx
∂x
∂l

.

We assume that ART fully revert the effects of HIV on mortality rates and productivity then
γ(h, d) = γ(+,+) = γ(−) whereas γ(h, d) = γ(+,−) = γ(+), and z(h, d) = z(+,+) = z(−)
whereas z(h, d) = z(+,−) = z(+). At the same time, we assume that ART do not alter the
ability to enjoy consumption and risky sex.
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[Stage 3 Equilibrium] Definition of the ART Nonstationary Recursive Competitive Equilibrium

Given a Stage 2 distribution ΦT2(s = 2) and a sequence of beliefs {ρ̃(e)}∞
t≥T2 by education

group and a deterministic sequence for the treated proportion of the population {ηt(e)}∞
t=0

by education, a competitive equilibrium is a sequence of individual household functions
{Vt, ct, xt, lt : Z × M → M}∞

t≥T2 , prices {pt}∞
t≥T2 , and a sequence of measures {Φt}∞

t≥T2

such that, ∀t ≥ T2:

1. Given p the policy functions ct(e, i, h, d) and xt(e, i, s, h, d) solve the risky-sex con-
sumers problem (30)-(31) and ct(e,−i, h, d) and lt(e,−i, s, h, d) solve the risky-sex
producer problem (33)-(34).

2. All markets clear.

∑
e,i,h,d

xt(e, i, h, d) =
∑

e,−i,h,d

xt(e,−i, h, d),

The sex markets clear and the consumption market clears by Walras law.

3. The aggregate law of motion is,

Φt+1 = Ht(Φt)

where Φ is the joint distribution of (e, i, h, d) is induced by the equilibrium policy
functions.

4. The true distribution of the HIV population endogenously evolves according to (29).

Remark. The Stage 3 stationary RCE is the limiting case of the nonstationary RCE in which
the cross-sectional distribution Φ does not change over time. In that case, we can drop all time
subscripts.

3.5 Model Equilibrium

Here we define the fully-fledged model equilibrium across all the stages of the epidemic.
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Definition of Model Equilibrium:

The model equilibrium consists of the collection of equilibria across stages of the epidemic:

(1) the pre-HIV stationary equilibrium up to period T0 (Stage 0);

(2) the myopic nonstationary equilibrium between T0 and T1 (Stage 1);

(3) the learning nonstationary equilibrium between T1 and T2 (Stage 2);

(4) and ART nonstationary equilibrium between T2 and T3 (Stage 3), where at T3 the
economy has completed converged to the ART stationary equilibrium.

The transition across stages occurs exogenously at periods T0, T1 and T2.

3.6 Pseudo-Algorithm to Solve the Model

Given the model parameters, including the timing of the unexpected transitions across stages of
the epidemic (i.e. T0, T1 and T2), the following algorithm solves the model (Online Appendix
A.L):

1. Find the stationary RCE for the Pre- HIV Era (Stage 0).

2. After the unexpected arrival of T0 and until the unexpected arrival of T1, solve the myopic
nonstationary RCE for t ∈ [T0 + 1, T1] (Stage 1). Remember that at every period of
this stage, i.e. t ∈ [T0 + 1, T1], an unexpected shocks to mortality γ̃, productivity z̃ and
felicity χ̃ arrives and agents take them as permanent. Thus, for every period, we need
to solve both the new stationary RCE associated with the new triplet (γ̃, z̃, χ̃) and the
corresponding nonstationary RCE that captures the equilibrium transition from the current
period (when the permanent shock occurs) to the period when the economy reaches the
stationary RCE (we compute this transition backwards). Note that we are only interested
in the first value function of each of those transitions, because every next period a new set
unexpected permanent shocks (γ̃, z̃, χ̃) occur.

3. After the unexpected arrival of T1 and until the unexpected arrival of T2, solve the learning
nonstationary RCE for t ∈ [T1+1, T2] (Stage 2). Starting with a set of common prior beliefs
ρ̃0, simulate a series of sequentially updated beliefs by education group until both converge
to the actual ρ. Solve the stationary RCE using ρ, and then solve the transition backwards
using the simulated series for beliefs {ρt(e)}T

t=T0 . Where T is an arbitrary large number
representing the time needed to converge to the stationary RCE. Note that if T2 ≤ T ,
then the arrival of ART ends Stage 2.
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4. After the unexpected arrival of T2, solve the ART nonstationary RCE for t ∈ [T2 + 1, T3]
(Stage 3). This stage ends when it reaches stationary RCE at some period T3. Thus, we
proceed to compute this stationary RCE analogously to Stage 2 (recall that agents keep
learning in Stage 3) and solve the transition backwards for a given monotonically increasing
sequence of coverage levels {ηt(e)}T

t=T2+1 by education between T3 and T2.

4 Calibration Strategy

Our benchmark calibration largely focuses on a specific country, Malawi, for which a large set of
moments is readily available.27 Our strategy to pin down the model parameters includes exter-
nally calibrated parameters and an internal calibration of some parameters through the simulated
moments method (SMM). We highlight that our internal calibration strategy is anchored to
the micro evidence as we explicitly target in our SMM estimation the U-shape evolution of the
HIV-education gradient across stages of the epidemic that we documented in Section 2.

The parameters β, ω, α, ξ, γ−, γ+, f, ye=0/ye=1, z+, ϑe=1,i, ϑe=1,−i, ϑe=0,i, ρ̃o and ϕ+
t=0 are ex-

ternally calibrated to observable data analogs for or values that are commonly used in the litera-
ture. The rest of the parameters T1 − T0, ρ, ϑe=0,−i, σ

2
ϵ (e), χ+ and ι are internally calibrated to

match several targeted moments in the data through a simulated methods of moments (SMM)
procedure.28 This involves solving the model many times to minimize the distance between the
model generated moments and the data counterparts.

We find that the parameters governing the risk infection probability ρ, the time to reach the
stage in which agents learn, at T1 +1 and the proportion of sex producers in the economy ϑe=0,−i

are relevant to match features of the HIV prevalence across education groups at the peak of the
epidemic. The speed of learning across education groups σ2

ϵ,e=1, σ
2
ϵ,e=0, as well as the preference

shock χ+, are relevant to pin down some features of the stage of the epidemic where agents
learn. Finally, treatment coverage by education ι and a new value of ρ associated with ART,
become relevent after the introduction of ART in the last stage of the epidemic.

Note that some parameters are common across stages of the epidemic, and some others are
not. Table 2 summarizes the calibration of all the parameters of the model. We now discuss our
calibration strategy in detail by epidemic stage.

27In our final Section we discuss the ability of the model to generate alternative country-specific epidemics.
28Specifically, let the targeted moments be M(θ) = [m − m̂(θ)] where m is a vector of observed moments

and m̂(θ) is the vector of model generated moments given parametrization θ. Then, we construct the objective
function minθ M(θ)TWM(θ), where the weighting matrix W is the diagonal matrix. We choose the same
number of moments as of parameters.
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Stage 0: Pre-HIV Era. We calibrate β to 0.98 for all stages, this reflects a discount rate of
2% of the economy. The relative coefficient of risk aversion ξ is set to 3 as to reflect a high risk
averse country like Malawi. Survival rates γ = 97.7% for the pre-epidemic stage are calibrated
in such a a way that the individuals have an average life expectancy of 64 years; agents enter
the model when they are 18 years old. We set fertility rates f = 4% as per the WDI in Malawi,
2016. Additionally, we set the loss of utility due to death, ω, to a large negative number but with
no apparent effect because the decreasing returns to sex production put a bound to how much
HIV affects mortality.

Labor income is normalized to one for educated individuals, i.e., ye=1 = 1, and set ye=0 =
.6452 following a 55% educational premium for someone who has completed secondary education
according to the National Statistical Office of Malawi. Since there is no HIV in at this point,
labor and sex productivity z and preference parameter χ are equal to one. We set α such that
the proportion of sex income in the aggregate economy is 7%;29 implying a share of sex income
for sex producers of 12%.

We set the proportion of educated to be 13%30 as observed in the DHS surveys for Malawi;
we classify as educated those with completed primary education, this anchors the estimation of
the model-generated HIV-education gradient. To see this, notice that the individuals who did
not complete primary education average 3.35 schooling years, and those with at least primary
education average 8.32 schooling years. We use use this difference in schooling years across
education for the estimation of the HIV-education gradient with the model-generated data.

We assume that all sex producers are non educated (ϑe=1,−i = 0). This is reasonable either
because prostitutes are less educated or because teenagers that engage in sexual activity are
less likely to finish school (Dupas, 2011). This implies that all educated individuals are sex
consumers. Consequently, we need to choose the proportion of sex producers in the economy
(ϑe=0,−i), which in turn delivers the proportion of sex consumers among the uneducated people
(ϑe=0,i). We choose this proportion to match the HIV prevalence rate at the peak of the epidemic
in the next epidemic stage, as we discuss next. Finally, we set the initial prevalence ϕ+

t=T0 to 0.5%,
which is directly linked with the calibration of the duration of the next stage T1 −T0 + 1 because
the larger is ϕ+

t=T0 , the less periods are needed to reach the peak.

Stage 1: Myopic Onset of the HIV Epidemic. At this stage the ability of infected individuals
to produce both sex and the consumption good at a given scale z is reduced by 65%. We choose
the value of z+ such that the proportion of sex income among sex producers at the peak is the

29In Indonesia, Malaysia, the Philippines and Thailand, estimates of the sex sector (prostitution) range from
between 2% and 14% of the Gross Domestic Product (Sulaimon et al., 2018).

30 This is the sum of the proportion of educated consumers plus educated producers ϑe=1,i + ϑe=1,−i = 0.13.
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Table 2: List of parameters

Description Parameter Perceived True Stage
Myopic Learning ART Value Dependent

Discount factor β 0.98 0.98 No
Utility loss to death ω −∞ −∞ No
Labor share of sex income α 0.01 0.01 No
Risk aversion ξ 3.00 3.00 No
Survival rate healthy (%) γ(−) γ̃ 97.7 97.7 97.7 Yes
Survival rate infected (%) γ(+) γ̃ 90.0 90.0 90.0 Yes
Survival rate infected but treated (%) γd+(+) - - 97.0 97.0 Yes
Preference parameter healthy χ(−) χ̃ 1.0 1.0 1.0 Yes
Preference parameter infected χ(+) χ̃ 230 230 230 Yes
Preference parameter infected but treated χd+(+) - - 230 230 Yes
Fertility rate (%) f 4.0 4.0 No
Understanding of epidemic e = 1 ρe=1 - ρ̃e=1 ρ̃e=1 ρ Yes
Understanding of epidemic e = 0 ρe=0 - ρ̃e=0 ρ̃e=0 ρ Yes
Education premium (%) ye=0/ye=1 45.0 45.0 No
Productivity if infected (%) z(+) z̃ 65.0 65.0 65.0 Yes
Productivity if treated (%) zd+(+) - - 100.0 100.0 Yes
Initial proportion of type e = 1, i ϑe=1,i 13.0 13.0 No
Initial proportion of type e = 1,−i ϑe=1,−i 0.0 0.0 No
Initial proportion of type e = 0, i ϑe=0,i 57.6 57.6 No
Initial proportion of type e = 0,−i ϑe=0,−i 29.4 29.4 No
Variance of the signal’s noise ϵ for e = 1 σ2

ϵ,e=1 - 7.9 7.9 - No
Variance of the signal’s noise ϵ for e = 0 σ2

ϵ,e=0 - 84 84 - No
Initial mean of prior Pe=1(λ(x; ρ̃o(e = 1))) ρ̃o - 15700 - - No
Initial mean of prior Pe=0(λ(x; ρ̃o(e = 0))) ρ̃o - 15700 - - No
Odds of treatment parameter ι - - 0.074 - No
Initial Prevalence (%) ϕ+

t=T0
0.5 - - 0.5 No

Duration of Myopic Stage (s=1) (Years) T1 − T0 + 1 ∞ - - 17 No
Duration of Learning Stage (s=2) (Years) T2 − T1 + 1 - ∞ - 16 No

Notes: This Table shows the externally and internally calibrated values of the parameters of the model. Im-
portantly, note that ρ = 19 for the myopic and learning stages, however once ART are introduced the overall
infectiousness decreases; this translates into an increase to ρ = 44 for the ART stage.

same as in the pre-HIV stage. Additionally the survival probability of someone who is infected
with HIV decreases to γ+ = 90%, which translates to a life expectancy of 11 years after infection;
a typical estimate without ART treatment.

There are three additional parameters to calibrate. The first parameter carries from the pre-
vious stage, which is the proportion of sex producers in the economy ϑe=0,−i. The second is a
parameter, ρ, that governs the true rate of infection as a function of risky sex, λ(x, ρ). The third
is the time until the epidemic reaches the learning stage T1−T0+1. We choose these three param-
eters such that we match the HIV prevalence by education group at the peak of the epidemic as
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Table 3: Internal Calibration: (SMM) Targeted Moments

Moment Data Model
HIV-Education gradient at the peak (1999) 0.0099 0.0144
HIV-Education gradient, end of learning stage (year before ART) (2005) -0.0005 0.0011
HIV-Education gradient, during ART stage (2018) 0.0046 0.0078
Prevalence at the peak (1999) 14.6% 14.1%
Prevalence, end of learning stage (year before ART) (2005) 12.2% 13.1%
Prevalence, during ART stage (2018) 9.2% 9.4%
Time to reach the peak (in years) 29 28
Time from peak to ART arrival (in years) 6 6

Notes: These are the set of targeted moments in the SMM loop for the internally calibrated parameters. The
calendar years are specific to Malawi.

well as the number of years needed to reach the peak.31 Once we have the proportion of individ-
uals that are producers in the economy ϑe=0,−i, we use the joint distribution of education groups
and sex types (producers vs. consumers) at the pre-HIV stage (ϑe=1,i, ϑe=1,−i, ϑe=0,i, ϑe=0,−i) to
feed the economy at each and every period (and stage) with a fertility that maintains these pro-
portions at birth. We finally need to choose the preference shock χ+. This parameter is chosen
in the next stage to match the HIV education gradient just before the introduction of ART.

Stage 2: Learning. In this stage agents are aware of the existence of HIV, but their knowledge
of the odds infection from risky-sex sex λ(x, ρ) is imperfect. They learn about ρ through Bayesian
updates. The speed at which agents learn about the true risk of infection depends on two factors.
First, the noise of the updating signal σ2

ϵ (e) which differs across education groups. Second, how
far their initial prior of the infection probability ρ̃o is from the true value ρ. This initial prior belief
is common across education groups.32 The initial common prior belief ρ̃o is set to an arbitrary
high number following from the fact that agents were myopic in the previous stage and their
initial belief of the risk of infection through sex λ̃o = λ(x, ρ̃o) is approximately zero. Further, we
choose the σ2

ϵ (e) by education group and the magnitude of the preference shock χ+ that carries
from the previous stage such that we match the HIV-education gradient (i.e., HIV prevalence by
education group) and the average time that it takes to transit from the peak of the HIV epidemic
to the end of the learning stage. Finally we select the duration of this stage (i.e. T2 − T1 + 1)
such that T2 + 1 = 2005 which is the year in when ART were introduced in Malawi.

Stage 3: The Era of ART. In this stage, the HIV/AIDS effects disappear from the budget
constraint of those who are treated, therefore they now have the same survival rate as if healthy.

31The first HIV positive patient in Malawi was detected in 1985. In 1986 the government of Malawi started
implementing preventive measures against the spread of the virus Mwale (2002). After calibration, the agents in
our model become aware of the existence of the virus in year T1 + 1 = 1989. In section 6 we explore alternative
scenarios in which the population starts learning about the virus earlier in the epidemic.

32We tried a version having a common noise for the signal updates σ2
ε and different initial prior beliefs ρ̃o(e),

however this set up did not guarantee different convergence times across education groups.
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Figure 3: Model Fit: HIV-Education Gradient and HIV Prevalence

(a) HIV-Education Gradient (b) HIV Prevalence, Malawi

Notes: Panel (a) shows the model-generated education gradient against the data counterpart that we document
in Section 2 across stages of the epidemic. Panel (b) compares the HIV prevalence generated by the model and
the counterpart data (model) from UNAIDS for Malawi. Data source: UNAIDS estimates 2019.

To inform the model about the evolution across time of the proportion of the infected population
receiving ART treatment, we use aggregate treatment data from Malawi starting in 2005 until
2018.33 We calibrate the parameter governing the share of educated and non educated individuals
receiving ART’s ι as to match the HIV gradient of this stage. In addition, the introduction of
ART treatment reduces the overall degree of infectiousness in the economy, this translates into
a reduction of the true infection rate conditional on sex consumption λ(x, ρ) (i.e an increase in
ρ). We calibrate the new value of ρ as to match Malawi’s average prevalence rate in 2018.

4.1 Model Fit

The benchmark calibration matches the HIV-Education gradient very well, see Table 3 and panel
(a) in Figure 3. The model also captures the HIV prevalence rate at the peak, end of learning
stage (year before ART) and during the ART stage; see Table 3. The model time to reach the
peak of HIV prevalence and time from peak to ART arrival is also consistent with the data,
see Table 3. Indeed, the entire time path of the HIV prevalence in the model fits well its data
counterpart (as reported by UNAIDS), see panel (b) of Figure 3. The model’s prevalence’s is
always within the UNAIDS 95% confidence interval.

Additionally, the model performs remarkably well mimicking other moments relevant for the
HIV epidemic that are not targetd. Specifically, the average HIV incidence at the peak is 1.66%,

33Recent DHS data does not provide micro level information to distinguish if ART treatment is higher among
educated individuals, therefore we are unable to compute any gradient related to ART treatment.
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Figure 4: Non Targeted Moments and Latent Beliefs

(a) New infections (b) New Deaths (c) Risky Sex (d) Latent Beliefs

Notes: Panels (a) and (b) show the evolution of the new infections and new deaths respectively in our benchmark
model and in the data. Regarding with panels (a) and (b) note that the ’observed’ data refers to the UNAIDS
model-generated data for the HIV epidemic. Panel (c) shows the model evolution of risky sex across education
groups. Panel (d) shows the latent beliefs on the odds of infection due to risky sex by education group.

close to 1.60% that is reported in by the UNAIDS for the population between 14-49 years in
Malawi; panel (a), Figure 4. The model generates slightly larger AIDS deaths than those reported
by UNAIDS, e.g. overstating the peak of deaths by approximately 9%; panel (b), Figure 4.

Further, we have explicitly modelled the direct link between risky sexual behaviour and the
probability of infection across education groups through λ(x, ρ), as to capture the parallel evo-
lution between the HIV-education gradient and disparities in risky sexual behaviour by education
that is found the data, therefore the model is able to generate a risky sex-education gradient that
is consistent with the U-shaped pattern of the HIV education gradient and the U-shape of risky
sex-education gradient in the data; see panel (c) in Figure 4. Finally, the latent beliefs that we
uncover regarding the odds of infection due to risky sex imply that agents tend to be optimistic
in that the belief in ρ̃ is such that ρ̃ < ρ—implying that the expect less infections per unit of
risky sex than that actual amount of infections. However, learning occurs in a manner that ρ is
approximated from below and hence agents become less optimistic over time; see panel (d) in
Figure 4. In addition, for the educated sample we find that ρ̃ overshoots ρ in later stages of the
epidemic. This phenomenon, ρ̃ > ρ in which ρ̃ approaches ρ from above resembles the pessimistic
scenario described in Delavande and Kohler (2016) in which after information campaigns on HIV
transmission risk, which in our setting could be interpreted as ρ̃ approaches ρ from above, there
is an increase in risky sex (see panel (c) for the same period).

Last, it is worth mentioning that even though we do not target it, for lack of direct measure-
ment of ART coverage at the individual leve in DHS data, we find that the obtained relative cover-
age of the more educated compared to those less educated turns out to be (ηt,e=1−ηt,e=0)/ηt,e=0 =
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15.98%, which is close to that reported in Lulseged et al. (2022) from PHIA survey data;34 which
is the value of the likelihood that the educated achieve viral suppression relative to the less
educated in Malawi 2015-2016.

4.2 SMM Identification at Work: How Parameters Affect Targeted Moments

Here, we explicitly show how some of the internally calibrated model parameters are identified
through SMM in order to match targeted moments. To this end, Figure 5 displays a set of contour-
maps showing how some of the moments of interest are shaped by different parameters. In each
panel, the red contour line represents the target that is to be matched.35 For example, panels
(a) and (b) show that the HIV education gradient at the peak is more sensitive to variations
of the initial proportion of less educated risky-sex consumers ϑ−i,e=0, whereas the parameter
governing the infection rates ρ has a larger impact on the prevalence’s at the peak. Further, in
panels (c) and (d) we see that both the standard deviation of the signal’s noise for less-educated
σ2

ϵ,e=0 and the preference parameter χ, play a role in determining the HIV education gradient.
However, Panel (d) shows that the time to reach the prevalence at the bottom is mostly sensitive
to the preference parameter χ. Finally, panels (e) and (f) show that the HIV education gradient
responds strongly to changes in the coverage differences by education ι(e) and that the level of
the prevalence moves along with the new value of the infection rate parameter ρ.

34This value is computed using the PHIA survey data (Population-Based HIV impact assessment) for Malawi
2015-2016. Lulseged et al. (2022) find that individuals with secondary education and above were 8.2% more likely
to have achieved viral suppression compared to their less educated counterparts.

35The parameter range where the target moments are found is ex-ante unknown, however based on intuition
it is possible to guess the range until a visible intersection of two jointly identified moments (red lines) appears.
To the extent possible, we use the intersection between the red lines as the initial guess for the SMM estimation,
this considerable speeds up the estimation.
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Figure 5: SMM Identification at Work: Parameters and Targeted Moments

(a) HIV-Education Gradient, at the peak (1999) (b) Prevalence, at the peak (1999)

(c) HIV-Education Gradient, year before ART (2005) (d) Years from Peak to ART Arrival

(e) HIV-Education Gradient, ART stage (2018) (f) Prevalence, ART stage (2018)

Notes: Panel (a) and (b) show, respectively, the sensitivity of the HIV-Education Gradient at the peak and the
prevalence at the peak with respect to the infection parameter ρ and the initial proportion of sex producers
ϑ−i,e=0. Panels (c) and (d) show, respectively, the sensitivity of the HIV-Education Gradient at the end of the
learning stage (year before ART arrivals, 2005) with respect to the preference parameter χ and the variance of
the signal for less educated individuals σ2

ϵ (e = 0). Finally panels (e) and (f) show, respectively, the sensitivity
of the HIV-education gradient and prevalence during the ART stage (at year 2018) with respect to the coverage
difference parameter ι and the new value of ρ updatd by the presence of ART.

35



5 What Explains the Evolution of the HIV-Education Gradient?

Here we assess the determinants of the HIV-education gradient over the course of the epidemic.
To do so, we separately remove education differences in income (Section 5.1), ability to learn
about the odds of infection (Section 5.2), and access to ART treatment (Section 5.3).

5.1 Removing income differences between education groups

For this experiment we exogenously set ye=0/ye=1 = 1 by increasing ye=0 to one. This increases
the consumption of risky sex for the less educated throughout the HIV epidemic.36 As consequence
the HIV-education gradient falls below the benchmark gradient; see panel (a) in Figure 6 and
column (1) in Table 4. There is a level change in the gradient throughout. Specifically, during the
myopic and learning stage the gradient is approximately 65% lower than the benchmark gradient.

Moreover, during the learning stage the gradient turns significantly negative reflecting the
fact that the only differences left across education groups are the learning speeds. During the
ART stage the HIV gradient remains negative and lower than the benchmark, however the gap
decreases over time. This occurs because during this stage there are not only learning differences
across education groups but also a higher treatment coverage for the educated ones.

We conclude that income differences across education groups is an important driver of the
level of the HIV education gradient. However, the U-shape pattern of the gradient remains largely
unaltered after the removal of the income differences across education groups.

5.2 Removing learning differences between education groups

We explore two different ways of removing learning differences between the educated and the
less-educated ones. First, we let the less-educated individuals learn at the same (fast) speed as
their more-educated counterparts: we set σ2

ϵ,e=0 = σ2
ϵ,e=1 = 7.9. Second, we make the more-

educated individuals learn at the same (slow) speed as their less-educated counterparts: we set
σ2

ϵ,e=1 = σ2
ϵ,e=0 = 84. The results of this experiment are in panel (b) of Figure 6.

If the less-educated learn as fast as the educated ones, we find that 52% of the decline in
HIV Education gradient is explained by the information differences; see columns (2a) of Table
4. Moreover the gradient does not turn negative and the effect of fewer information differences
carries on to the ART stage, where the the gradient remains high and relatively constant. On the
contrary, if the more-educated learn at the same slow rate as the less educated ones, the gradient

36We would find the opposite effects, had we chosen to decrease ye=1 to the level of the less educated instead.
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Figure 6: What Explains the Evolution of the HIV-Education Gradient?

(a) Removing income (b) Removing learning (c) Removing ART access
differences differences differences

Notes: In all panels, the vertical axis refers to the HIV-Education gradient. We report the benchmark evolution
of the HIV gradient in all panels (solid red line). Panel (a) removes income differences across education groups,
raising the income of the less educated to be identical to the income of the more educated; see the discussion
in Section 5.1. Panel (b) removes learning differences in two ways by forcing the less educated learn as fast
as the more educated and, alternatively, by forcing the more educated learn as slow as the less educated; see
the discussion in Section 5.2. Panel (c) removes the ART access differences across education groups; see the
discussion in Section 5.3.

increases instead of increasing; see columns (2b) of Table 4. The gradient keeps increasing, to
reach a peak at 0.08, to then revert back to 0.07. In this experiment agents learn so slow that
the maturity of the epidemic is delayed, the peak of the epidemic occurs two years later. Hence,
it is clear that the asymmetric learning is essential for explaining the decline of the HIV-education
gradient. Further, the strong effect also carries out to the ART stage, where the gradient slowly
decreases on average 25% to then remain high with a slight rebound after 2025.

5.3 Removing coverage access differences between education groups

This experiment involves setting ι = 0. Specifically, the educated ones get lower chances of
treatment whereas the less educated get higher chances of treatment compared the benchmark.
By setting ι = 0 both groups will have the same chance of treatment. Our results are in Column 3
of Table 4 and panel (c) of Figure 6. Lower coverage for the educated reduces the HIV-education
gradient significantly; it reduces it so much that the gradient remains negative even after 20
years of rebound. This happens because the risky sex consumption of the educated decreases,
whereas risky sex of the less educated increases. Education differences in coverage explains on
average 60% of the rebound of the HIV-education gradient, making ART coverage crucial for
explaining the HIV education gradient rebound. Notice that the slope of the gradient is positive
even after eliminating coverage differences, this is because the average probability of getting
treatment increases over time for all. Thus, increasing ART coverage explains the rest of the of
HIV education gradient rebound.
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Table 4: Determinants of the Evolution of the HIV-Education Gradient
Counterfactual Experiments

(1) (2a) (2b) (3)

Moment Benchmark No Income Fast Slow
ι = 0

differences Learning Learning
HIV-Education gradient, end of myopic stage (1989) 0.0595 0.0221 0.0595 0.0595 0.0595
HIV-Education gradient, at the peak (1999) 0.0112 -0.0185 0.0527 0.0796 0.0112
HIV-Education gradient, end of learning stage (2005) -0.0015 -0.0201 0.0310 0.0720 -0.0015
HIV-Education gradient, during ART stage (2018) 0.0047 -0.0053 0.0246 0.0531 -0.0027
Prevalence, at the peak (1999) 14.1% 16.1% 10.9% 16.8% 14.1%
Prevalence, end of learning stage (2005) 13.1% 15.0% 7.1% 16.4% 13.1%
Prevalence, during ART stage (2018) 9.4% 11.2% 5.4% 12.2% 9.8%
Time to reach the peak (in years) 28 29 21 30 28
Time from peak to ART arrival (in years) 6 5 13 4 6

Notes: This table shows the results of the counterfactual experiments outlined in Section 5. The first column
lists the moments that were targeted in our benchmark calibration.

6 Drivers of the HIV Epidemic and Policy Experiments

In this section we explore a set counterfactual experiments designed to understand the main
drivers of the HIV epidemic that can guide policy. We ask ourselves how would have the HIV
epidemic evolved in the following cases: Earlier learning about the odds of infection (Section 6.1);
Improving the education level of the population (Section 6.3); Earlier and universal adoption of
ART (Section 6.4); HIV prevention through Pre-exposure prophylaxis (PrEP) (Section 6.5).

We keep tract of the evolution of the HIV epidemic looking at three endogenous outcomes
generated by our quantitative model: evolution of the (1) HIV prevalence, (2) number of new
HIV infections (incidence) and (3) the flow of new deaths caused by the HIV virus. We then
compare the counterfactual results of the above cases with our benchmark calibration.

6.1 Earlier Learning about the Odds of Infection

In Figure 8 panels (a1)-(a3) we show how the epidemic would have evolved had the learning
stage started 5 years earlier and 10 years earlier than in the benchmark calibration. This implies
that both educated and less educated start adjusting their risky sexual behaviour earlier and by
a marginally larger amount with every additional year since they have more time to learn and get
close to learning about their true individual probability of infection. Because of earlier learning
we expect lower risky sex consumption thus an epidemic of a lower magnitude. Panels (a1)-(a3)
show precisely that. Panel (a1) shows that the prevalence peak is lower the earlier the learning
starts. If learning would have started 10 years earlier, the prevalence at the peak would have
reduced by approximately by 60% and 45% if the learning started 5 years earlier. Whats more,
earlier learning also accelerates the maturity of the epidemic, shifting the peak of the epidemic
to the left. Combined, these effects translate into a significant reduction of overall number of
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Figure 7: Removing the learning channel

(a) HIV Prevalence (b) HIV education gradient (c) HIV education gradient zoom

infections. Furthermore, the peak number of new infections and deaths due to HIV also reduce
in a similar magnitude. The effect of earlier learning carries out on the ART stage, but with
slightly lower magnitudes for infections and deaths: new infections and new deaths reduce by
50% in case of the learning starting 10 years earlier; see panels (a2) and (a3), respectively. These
counterfactual exercise shows that learning is a very important driver of the epidemic, having the
possibility of reducing the prevalence, incidence and deaths by far more than half.

6.2 Removing Learning all together, the full information case

In Figure 7 panels (a1)-(a3) we show how the epidemic would have evolved if we shut down the
learning channel completely. Under the benchmark calibration, the full information case would
imply a very mild epidemic. In this scenario the only asymmetry left between infected educated
and less educated is due to lower life expectancy. Notice that this channel implies a U shape
education gradient as well, however not as pronounced as the data. This exercise confirms the
importance of the learning mechanism in quantitatively accounting for the magnitude of the HIV
education gradient.

6.3 Improving the Education Level

In 2000 the UN set out a series of time-bound targets with a deadline of 2015, that were
aimed to reduce extreme poverty around the globe. These targets were known as the Millennium
Development Goals (MDGs) and were succeeded by what we currently know as the UN Sustainable
Development Goals (SDGs) to be achieved by 2030. In our experiment we explore the possibility
of having 85% (the current level attained by South Africa) of the population with secondary
education by 2030.37 We do this by gradually increasing the proportion of educated new born
individuals over time {ϑe=1,i,t}∞

t=2000 such that limt→∞ ϑe=1,i,t = 85% For this target to be reached
37The education composition for South Africa was chosen as a more realistic alternative to fully achieving

primary education attainment as per the SDG’s, that is limt→∞ ϑe=1,i,t > 85%. However, we explored by setting
the limit to 90% and the main conclusions remained unaltered.
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Figure 8: Drivers of the HIV Epidemic and Policy Experiments

(a) Earlier Learning about the Odds of Infection

(a1) Prevalence (a2) New Infections (a3) New Deaths

(b) Improving the Education Level

(b1) Prevalence (b2) New Infections (b3) New Deaths

(c) Earlier Adoption of ART

(c1) Prevalence (c2) New Infections (c3) New Deaths

(d) Preventing HIV with PrEP

(d1) Prevalence (d2) New Infections (d3) New Deaths

Notes: This Figure compares our benchmark results with the effects of four counterfactual experiments: earlier
learning in panel (a); improving education in panel (b); earlier adoption of ART’s in panel (c); preventing HIV
with PrEP in panel (d). We show the prevalence rates (left column), new infections (center column) and new
deaths (right column).
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by 2030, education growth must start in 2000 but we also explore an alternative scenario where
the starting point is 2018 instead, in this case the goal is achieved by 2048. In our model more
education is associated with higher overall income, faster learning, and higher ART coverage.

Figure 8 panels (b1)-(b3) show the results of these experiments. We see that increasing the
education of the population would have translated into a higher prevalence, initially this is the
result of an income effect that is partially mitigated by the fact that the educated adjust their risky
sexual behaviour faster than the less educated. This is reflected in the fact that the prevalence at
peak did not increase as much. However the prevalence after the introduction of ART’s is 35%
higher than the benchmark. This is because educated individuals go back to increasing their risky
sex consumption given the reduction of the negative effects of HIV following the introduction of
ART’s. Similar effects can be seen when looking at new infections, and new deaths. Incidence
increases 5 times during the ART stage and new deaths increase by 66%.

6.4 Earlier Adoption of ART

For this exercise we show how the epidemic would have evolved if ART universal coverage were
attained by 2019. For this to happen, AR’s should have been introduced in 1999, i.e. at the peak
of the epidemic, (6 years earlier than in the benchmark case). The results are shown in Figure 8
panels (c1) to (c3), where we see only a slight reduction in the prevalence rate. Earlier adoption
of ART has improved the situation of the less educated but increased risky sex consumption of the
educated, this as long as universal coverage is not reached. This is reflected in the the significant
reduction of new infections and deaths following the early adoption of ART. Notice that after
universal coverage is attained in 2019, infections stop decreasing but deaths keep going down,
because at that point agents do not need to worry about getting HIV infected. If ART were
introduced 16 years earlier, i.e. in 1989 together with the start of the learning stage, universal
coverage would have been attained by 2009. In this case, the peak prevalence reduces by almost
40%, incidence and deaths by more than 70%. As of now, among people living with HIV, the
percent on antiretroviral therapy is about 77%: about 30.7 million people were accessing ART,
but still short of the 34 million target for 2025 (UNAIDS, 2024).

6.5 Preventing HIV with Pre-exposure prophylaxis (PrEP)

Pre-exposure prophylaxis (PrEP) is taken on a daily basis by HIV-negative people as protection
from HIV infection. Evidence shows that PrEP reduces the chances of HIV infection to near-
zero (99% effectiveness) when taken consistently and correctly.38 PrEP is not widely available

38Source: Avert Info.
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in Malawi, although a clinical trial among HIV-positive pregnant adolescents and young women
(ages 16-24) and an implementation study for at-risk adults and adolescents are underway. Then,
we construct an experiment where we analyze the evolution of the epidemic as if PrEP was
implemented nationwide starting in 201839, with coverage gradually increasing and reaching full
coverage by 2040; we further assume PrEP is administered at no costs and that there is no
differences on PrEP take-up by education. In the model, PrEP implies a higher value of ρ for
those taking the drug, we calibrate this value such that the current average probability of infection
is reduced by 99%. Moreover, we ask ourselves: What if PrEP would only reduce the infection
probability by 30%, 50% and 70%? Would it still be worth scaling up its use?

Panels (d1) to (d3) of Figure 8 show that in all four cases the prevalence levels reduce
considerably as well as incidence and the numbers of deaths. Even with PrEP being the least
effective, 30%, we see that the prevalence decreases on average 33% and incidence by 30%.

7 External Validation

Can our theory explain epidemic heterogeneity across SSA countries? To address this question, we
modify our benchmark calibration set for Malawi to cumulatively include country-specific features
of South Africa, as shown in panel (a) of Figure 9. First, we incorporate the specific education
structure of South Africa (long-dashed light blue line) into our benchmark model calibrated to
Malawi (solid light blue line). In 1985, 33% of the South African population had finished primary
school; by 2018, this figure increased to 85% of the population (WDI), higher than that of
Malawi. Higher education implies higher prevalence rates. Second, we introduce the year of
ART introduction in South Africa (2004), leading to a substantial increase in HIV prevalence
in the ART era (short-dashed light blue line), rising from 14% in a scenario without ART in
2019 to 17% in a scenario with ART. Finally, we incorporate the country-specific rollout of ART
coverage in South Africa, reaching 59% in 2018—compared to 70% coverage in Malawi the same
year—which implies a slightly lower prevalence rate in the ART era (solid dark blue line).

After integrating education structure, ART arrival date, and ART coverage rates for South
Africa, the model prevalence aligns with the observed path. This alignment implies, for example,
an increase in the prevalence rate for 2005 from approximately 10% in the benchmark Malawi
to 16% in South Africa; panel (b), Figure 9. The patterns of new infections and deaths also
resemble those of South Africa; panels (c) and (d), Figure 9, respectively.

39This involves the introduction of a new state variable: those who are healthy can now be taking PrEP. We
introduce transitions to PrEP in the same spirit as previously done with ART’s.
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Figure 9: Characterizing the HIV Epidemic in South Africa (SA)

(a) From Malawi to SA (b) Prevalence, SA (c) New Infections, SA (d) New Deaths, SA

Notes: The starting year of the epidemic in Malawi was normalized to that of South Africa: 1986. In panels (b),
(c) and (d), the data refers to the UNAIDS model-generated data for the HIV epidemic.

8 Conclusion

To our knowledge, this is the first epidemiological-economic model that quantitatively evaluates
the role of asymmetric learning in shaping an epidemic trajectory over time and across different
educational groups. We focus on HIV in SSA, which accounts for about half of the global
HIV prevalence (39.9 ML worldwide and 20.8 ML in East and Southern Africa, UNAIDS 2024).
We propose a novel mechanism involving learning about odds of HIV infection due to risky
sex as the epidemic evolved. Our empirical analysis uncovers a U-shaped relationship between
education and positive HIV status across the evolution of the epidemic, which is mirrored by a
similar relationship between education and risky sex. In this context, we formalize the idea of
asymmetric learning by which more educated individuals may learn faster and refine their beliefs
about infection odds more accurately than their less educated counterparts, leading to earlier
changes in sexual behavior among the educated. These empirical insights are integrated into a
nonstationary quantitative theory that encompasses three stages of the HIV epidemic—myopic,
learning, and ART. Anchored in micro evidence, particularly the replication of the HIV-education
gradient throughout the epidemic for which the asymmetric learning across education groups is
essential, our study reveals a large quantitative role for the learning mechanism in explaining
the aggregate evolution of the HIV epidemic. Our findings underscore the substantial impact
that earlier learning could have had in slowing the epidemic’s progression overall and across
groups. Notably, with minor modifications to how we model interactions, our framework could be
adapted to analyze the dynamic spread of other epidemics where viral transmission is influenced
by social interactions and learning. Moreover, in cases of asymmetric learning, this approach could
contribute to quantify the development of socioeconomic health disparities in various contexts
where learning significantly shapes health behaviors and endogenous exposures to health shocks.
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Bethencourt, C. and Ŕıos-Rull, J.-V. (2009). On the Living Arrangements of Elderly Widows.
International Economic Review, 50(3):773–801.

Bongaarts, J., Buettner, T., Heilig, G., and Pelletier, F. (2008). Has the HIV Epidemic Peaked?
Population and Development Review, 34(2):199–224.

Boppart, T., Harmenberg, K., Hassler, J., Krusell, P., and Olsson, J. (2022). Integrated epi-econ
assessment: quantitative theory. Technical report, Working paper.

Chan, T. Y., Hamilton, B. H., and Papageorge, N. W. (2015). Health, Risky Behaviour and
the Value of Medical Innovation for Infectious Disease. The Review of Economic Studies,
83(4):1465–1510.

de Walque, D. (2007). How Does the Impact of an HIV/AIDS Information Campaign Vary with
Educational Attainment? Evidence from Rural Uganda. Journal of Development Economics,
84(2):686–714.

Delavande, A. and Kohler, H.-P. (2016). HIV/AIDS-related Expectations and Risky Behavior in
Malawi. Review of Economic Studies, 83(1):118–164.

Demographic and Health Surveys (DHS) Program (2007). Spousal agreement and disagreement
in sub-saharan africa: A dhs analytical study. Dhs analytical studies no. 11, U.S. Government
Publishing Office.

DePaula, A., Shapira, G., and Todd, P. E. (2014). How Beliefs About Hiv Status Affect Risky
Behaviors: Evidence From Malawi. Journal of Applied Econometrics, 29(6):944–964.

44



Dupas, P. (2011). Do Teenagers Respond to HIV Risk Information? Evidence from a Field
Experiment in Kenya. American Economic Journal: Applied Economics, 3(1):1–34.

Fortson, J. G. (2011). Mortality Risk and Human Capital Investment: The Impact of HIV/AIDS
in Sub-Saharan Africa. Review of Economics and Statistics, 93(1):1–15.

Greenwood, J., Guner, N., and Kopecky, K. A. (2022). The Downward Spiral. Working Paper
29764, National Bureau of Economic Research.

Greenwood, J., Kircher, P., Santos, C., and Tertilt, M. (2019). An Equilibrium Model of the
African HIV/AIDS Epidemic. Econometrica, 87(4):1081–1113.

Gregson, S., Waddell, H., and Chandiwana, S. (2001). School Education and HIV Control in
Sub-Saharan Africa: From Discord to Armony. Journal of International Development, 13:467–
485.

He, Q. and Kircher, P. (2023). Updating about yourself by learning about the market: The
dynamics of beliefs and expectations in job search. Working Paper 31940, National Bureau of
Economic Research.

Kremer, M. (1996). Integrating behavioral choice into epidemiological models of aids. The
Quarterly Journal of Economics, 111(2):549–573.

Lulseged, S., Melaku, Z. n. H., West, C., Gelibo, T., Belete, W., Tefera, F., Farahani, M.,
Demissie, M., Teferi, W., Abdella, S., Birhanu, S., and CE, R. (2022). Progress Towards Con-
trolling the HIV Epidemic in Urban Ethiopia: Findings from the 2017-2018 Ethiopia Population-
Based HIV Impact Assessment Survey. PLoSOne.

Marcet, A. and Nicolini, J. P. (2005). Money and Prices in Models of Bounded Rationality in
High Inflation Economies. Review of Economic Dynamics, 8(2):452–479.

Moll, B. (2024). The trouble with rational expectations in heterogeneous agent models: A
challenge for macroeconomics. Technical report, Working paper.

Mwale, B. (2002). HIV /AIDS in Malawi. Malawi medical journal, 14(2):2–3.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3346002/.

Sulaimon, M. D., Muhammad, A. A., and Shofoyeke, O. (2018). Possible Health and Growth Im-
plications of Prostitution in Nigeria: A Theoretical Perspective. MPRA Paper 88402, University
Library of Munich, Germany.

Toxvaerd, F. (2017). On the dynamics of beliefs and risky sexual behavior. Working paper.

45



Toxvaerd, F. (2022). Silent Spreaders: Behavior and Equilibrium Under Asymptomatic Infection.
CEPR Discussion Papers 17553, C.E.P.R. Discussion Papers.

46



Appendix

A.I Data appendix

List of countries in DHS
Angola-AO (2015) Burkina Faso-BU (2003, 2010), Burundi-BN (2010, 2016), Cameroon-CM (2004,
2011, 2018), Chad-TD (2014), Côte d’Ivoire-CI (2011), Democratic Republic of Congo-CD (2007, 2013),
Ethiopia-ET (2005, 2011, 2016), Gabon-GA (2012, 2019), Gambia-GM (2013), Ghana-GH (2003, 2014),
Guinea-GN (2005, 2012, 2018), Kenya-KE (2003, 2008), Liberia-LB (2006, 2013), Lesotho-LS (2004,
2009, 2014), Malawi-MW (2004, 2010, 2015), Mali-ML (2006, 2012), Mozambique-MZ (2009, 2015),
Namibia-NM (2013), Niger-NI (2006, 2012), Rwanda-RW (2005, 2010, 2014), Senegal-SN (2010, 2017),
Sierra Leone-SL (2008, 2013, 2019), South Africa-ZA (2016), Eswatini-SZ (2006), Tanzania-TZ (2003,
2007, 2011), Togo-TG (2013), Uganda-UG (2011), Zambia-ZM (2007, 2013, 2018) and Zimbabwe-ZW
(2005, 2010, 2015). A total of 61 surveys for 30 countries.

List of countries in PHIA
Cameroon-CM (2017), Côte d’Ivoire-CI (2017), Ethiopia-ET (2017), Kenya-KE (2018), Lesotho-LS
(2016, 2020), Malawi-MW (2015, 2020), Mozambique-MZ (2021), Namibia-NM (2017), Rwanda-RW
(2018), Eswatini-SZ (2016, 2021), Tanzania-TZ (2016, 2022), Uganda-UG (2016, 2020), Zambia-ZM
(2016) and Zimbabwe-ZW (2015, 2020). A total of 20 surveys for 14 countries. PHIA and DHS overlap
on Malawi 2015 and Zimbabwe 2015.

Survey questions about number of extramarital sexual partners
The standard DHS “Multiple Sexual Partners” module asks Apart from your (husband/wife/partner),
have you had sexual intercourse with any other person in the last 12 months? In the last 12 months,
with how many other partners have you had sexual intercourse?. PHIA surveys ask In total, with how
many different people have you had sex in the last 12 months? We subtract 1 to this variable if the
individual reports to be married, making sure there are no negative numbers of extramarital partners.
40

Survey questions about knowledge of HIV transmission
Regarding knowledge about HIV transmission respondents answer the following question: Can people
reduce their chance of getting HIV by having just one uninfected sex partner who has no other sex part-
ners?. Phia asks Can the risk of HIV transmission be reduced by having sex with only one uninfected
partner who has no other partners?

40We do not adjust for polygamy or polygyny in PHIA, alternatively we report robustness of our benchmark
results using only DHS data, and results hold, see Table 10 and Table 11. DHS surveys in sub-Saharan Africa
1999-2004 report a median percentage of polygynous couples of 16.15 percent Demographic and Health Surveys
(DHS) Program (2007).
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A.I.1 Descriptive statistics

A.J Cross Country Sample Characteristics

Table 5: Sample characteristics across DHS surveys

Overall (N=685,900) Mean Min Max
% HIV Positive unweighted 4.84 0.51 26.19
% HIV Positive weighted 5.00 0.36 25.92
% with at least 1 year of schooling 79.00 29.46 97.95
Years of Schooling (N=506,772) 5.47 1.84 9.76
Years of Schooling (if positive) 7.61 5.16 10.02
Age 28.28 27.04 29.71
% Urban 34.79 13.74 69.74
% Female 56.78 52.49 62.58
Marital status (N=672,602)
% Never married 35.16 19.78 65.70
% Married 49.13 8.95 76.94
% Living together 5.74 0.09 52.15
% Widowed 1.93 0.61 5.86
% Divorced 2.29 0.29 5.09
% Not living together 2.84 0.16 8.79
Religion (N=629,355)
% Christian 67.29 0.55 98.72
% Muslim 28.14 0.00 98.79
% Other 1.92 0.00 13.49
% None 2.63 0.00 15.22
% Ever had sex (N=683,095) 81.40 67.63 92.45
No. Extramarital Partners (N=681,521) 0.25 0.02 0.69
% Condom use (N=488,991) 13.09 1.69 51.91
% HIV Knowledge (N=710,781) 86.95 74.02 96.06

Notes: Average HIV prevalence’s are computed using DHS weights combined with country year
population weights. The rest of characteristics are population weighted. Time series estimates
for population by country are taken from the World Bank Development indicators. Our sample
is based on repeated cross-sections for 30 SSA countries for a total of 61 DHS surveys.
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Table 6: Sample characteristics across PHIA surveys

Overall (N=337,787) Mean Min Max
% HIV Positive unweighted 6.34 2.16 28.29
% with at least 1 year of schooling 87.17 57.09 98.78
Years of Schooling 7.51 4.40 9.51
Years of Schooling (if positive) 8.60 6.58 10.98
Age 28.67 27.06 32.05
% Urban 48.45 18.03 100.00
% Female 58.46 51.15 62.31
Marital status (N=337,302)
% Never married 34.87 27.56 61.96
% Married 42.62 8.88 59.70
% Living together 11.64 0.40 47.65
% Widowed 2.09 0.90 5.58
% Divorced 4.16 0.44 8.57
% Not living together 4.59 1.88 9.82
Religion (N=161,244)
% Christian 78.80 66.08 92.51
% Muslim 18.10 0.00 25.12
% Other 2.40 0.66 9.76
% None 0.68 0.00 4.96
% Ever had sex (N=334,917) 84.74 71.97 96.74
No. Extramarital Partners (N=276,684) 0.19 0.05 0.37
% Condom use (N=272,379) 12.74 6.79 53.52
% HIV Knowledge (N=79,038) 79.81 76.33 89.11

Notes: Average HIV prevalence’s are computed proportional PHIA weights combined with country
year population weights. The rest of characteristics are population weighted. Our sample is based
on repeated cross-sections for 14 SSA countries for a total of 20 PHIA surveys.
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Table 7: HIV Prevalence, Risky Sex and HIV Knowledge by groups

Category Prevalence (%) No. Extram. Partners HIV Knowledge (%)
Pop share (%) Mean Pop share (%) Mean Pop share (%) Mean

Overall (N=1,023,687) 100.00 7.17 93.60 0.26 69.43 88,64
Age N= 1,157,495 N= 1,055,553 N= 757,351

15-49 88.44 7.17 90.77 0.26 93.85 88.64
<15 2.40 1.13 0.00 N.A. 0.00 N.A.
>49 9.16 10.89 9.23 0.11 6.15 85.70

Sex N= 1,023,687 N= 958,205 N= 710,781
Male 43.11 5.20 42.80 0.41 43.47 89.81
Female 56.89 8.67 57.20 0.14 56.53 87.74

Marital Status N= 1,009,904 N=947,065 N=700,510
Married 56.03 7.40 58.88 0.12 58.50 89.02
Never Married 35.81 3.70 32.65 0.45 34.12 87.98
Div, Wid, Other 8.16 20.98 8.48 0.44 7.38 87.76

Area of Living N=1,023,687 N=958,205 N=710,781
Rural 63.98 6.42 64.08 0.21 63.35 87.92
Urban 36.02 8.51 35.92 0.34 36.65 89.87
Years of Education N= 1,023,687 N= 958,205 N= 710,781

0 (No education) 20.98 3.69 21.81 0.12 22.90 86.19
0-6 48.38 5.44 49.43 0.18 50.30 86.79
>6 51.62 8.79 50.57 0.33 49.70 90.51

Religion N=790,599 N= 762,632 N=633,338
Christian 70.40 7.84 70.11 0.27 70.54 89.54
Muslim 24.26 2.15 24.56 0.18 24.62 88.11
Other 2.21 8.00 2.18 0.25 1.97 88.35
None 3.13 9.55 3.16 0.41 3.22 86.88

Has ever had sex N= 1,018,012 N= 957,619 N=710,003
Yes 83.02 8.38 86.73 0.29 83.60 89.07
No 16.98 1.26 13.27 0.00 16.40 86.50

Notes: Computed means are unweighted, all values except those for age are computed from a sample of people
between 15 and 49 years old.
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A.J.1 A discretization

The follwing table summarizes the main characteristics of the discretized time variable.

Table 8: Discretized Time

Groups of Year
Interval ≤2005 [2006, 2010] [2011, 2015] >2015
No. Obs 93,288 168,815 330,513 431,071
Av.Year 2004.07 2008.29 2012.98 2017.95
Std.Year 0.88 1.65 1.50 1.84
Total No. Surveys 11 17 24 27
No. DHS Surveys 11 17 23 9
No. PHIA Surveys 0 0 1 18
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A.K The HIV-Education Gradient: Detailed Results and Robustness

This appendix collects tables containing results related to our main specification.

A.K.1 Main results: HIV Partners Education Gradient controlling for Knowledge of
HIV transmission mechanisms

Table 9: Partners Education Gradient: Static and Dynamic controlling for Knowledge.

Knowledge Subsample Controlling for Knowledge
Static Dynamic Dynamic Static Dynamic

By Year Group By Year Group By Year Group
(1) (2) (3) (4) (5)

Educ 0.0610*** 0.0507***
(0.0016) (0.0019)

Educ in Year Group 1 0.0760*** 0.0666*** 0.0687***
(0.0065) (0.0068) (0.0068)

Educ in Year Group 2 0.0355*** 0.0253*** 0.0252***
(0.0035) (0.0037) (0.0037)

Educ in Year Group 3 0.0664*** 0.0542*** 0.0544***
(0.0026) (0.0027) (0.0028)

Educ in Year Group 4 0.0796*** 0.0717*** 0.0712***
(0.0026) (0.0039) (0.0039)

Knowledge -0.0046*
(0.0026)

Knowledge in Year Group 1 -0.0547***
(0.0088)

Knowledge in Year Group 2 0.0032
(0.0051)

Knowledge in Year Group 3 -0.0046
(0.0036)

Knowledge in Year Group 4 0.0209***
(0.0062)

Constant -0.4514*** -0.3847***
(0.0315) (0.0375)

Nobs 958,056 N.A. N.A. 698,146 N.A.
Controls Yes Yes Yes Yes Yes
Country Year FE Yes-Yes Yes-Yes Yes-Yes Yes-Yes Yes-Yes
Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

Controls: Age, Age Squared, Gender, Urban, Religion, Marital Status, Aggregate Agricultural Share, GPDpc, HIV Prevalence,

Aggregate ART Coverage, Survey (DHS or PHIA)
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A.K.2 Robustness

The tables below show results using data only from DHS.

Table 10: HIV Educ Gradient, DHS sample: Static and Dynamic specifications

Static Dynamic
Split Sample Full Sample Full Sample Split Sample

by Year Group Educ Interacted All Interacted by Stage
× Year Group × Year Group

(1) (2) (3) (4) (5) (6)
Educ 0.0226*** 0.0056***

(0.0005) (0.0006)

Educ × Year Group 1 0.0144*** 0.0158*** 0.0144***
(0.0018) (0.0014) (0.0016)

Educ × Year Group 2 0.0003 -0.0138*** -0.0139***
(0.0014) (0.0017) (0.0019)

Educ × Year Group 3 0.0011 -0.0133*** -0.0133***
(0.0008) (0.0017) (0.0019)

Educ × Year Group 4 0.0078*** -0.0087*** -0.0065***
(0.0011) (0.0017) (0.0019)

Educ × Stage 1 0.0087***
(0.0013)

Educ × Stage 2 0.0015*
(0.0009)

Educ × Stage 3 0.0052***
(0.0011)

Educ × Stage 4 0.0090***
(0.0014)

Constant 0.0391*** -0.0541*** -0.0476*** -0.0707
(0.0005) (0.01116) (0.0117) (0.0282)

Nobs 685,900 685,900 N.A. 685,900 685,900 N.A.
Controls No Yes Yes Yes Yes Yes
Country Year FE No-No Yes-Yes Yes-Yes Yes-Yes Yes-Yes Yes-Yes
Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

Controls: Age, Age Squared, Gender, Urban, Religion, Marital Status, Aggregate Agricultural Share, GPDpc, HIV Prevalence,

Aggregate ART Coverage
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Table 11: Partners Education Gradient, DHS sample: Static and Dynamic controlling for Knowl-
edge.

Controlling for Knowledge
Static Dynamic Static Dynamic

Split Sample Split Sample
by Year Group by Year Group

(1) (2) (3) (4)
Educ 0.0625*** 0.0507***

(0.0019) (0.0020)

Educ × Year Group 1 0.0760*** 0.0687***
(0.0065) (0.0068)

Educ × Year Group 2 0.0355*** 0.0252***
(0.0035) (0.0037)

Educ × Year Group 3 0.0664*** 0.0544***
(0.0027) (0.0028)

Educ × Year Group 4 0.0860*** 0.0712***
(0.0045) (0.0047)

Knowledge -0.0046*
(0.0028)

Knowledge × Year Group 1 -0.0547***
(0.0088)

Knowledge × Year Group 2 0.0032
(0.0059)

Knowledge × Year Group 3 -0.0046
(0.0037)

Knowledge × Year Group 4 0.0209***
(0.0075)

Constant -0.4641*** -0.3820***
(0.0371) (0.0393)

Nobs 681,372 N.A. 630,123 N.A.
Controls Yes Yes Yes Yes
Country Year FE Yes-Yes Yes-Yes Yes-Yes Yes-Yes
Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

Controls: Age, Age Squared, Gender, Urban, Religion, Marital Status, Aggregate Agricultural Share, GPDpc, HIV Prevalence,

Aggregate ART Coverage
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A.L Solution Algorithm

Computing the recursive stationary equilibrium for Stage 0 (Pre-epidemic Stage)

Algorithm No.1 : Computation of the recursive stationary equilibrium of the Pre-Epidemic
stage:

Step 1: Make initial guesses of price p.

Step 2: Compute the agents decision rules.

Step 3: Compute the stationary distribution of the population across states (follow Algorithm
No.2).

Step 4: Compute aggregate sex demand and aggregate sex supply. Check the aggregate consis-
tency conditions.

Step 5: If conditions are not met, update p and return to Step 2.

Keep in mind that Algorithm No.1 is general enough so that it can also be applied to compute the
stationary equilibrium of any stage of the HIV epidemic. In the absence of continuous state variables,
the decision rules are reduced to single values conditional on the different states

Algorithm No.2 : Computation of the invariant distribution of the population:

Step 1: Make an initial guess for the (discrete) density function ϕ0(e, i) over the state space41

Step 2: For all e ∈ E and i ∈ I compute the following expression:

ϕt+1(e, i) =
∑
e,i

γϕt(e, i) + ψϕt(e, i) (A.L.36)

Step 3: If |ϕt+1 − ϕt| is close to zero stop, otherwise set ϕt = ϕt+1 and return to Step 2.

Computing the Non-stationary equilibrium for Stage 1 (Myopic Stage)

Algorithm No.3 : Computation of the solution of the Myopic stage:
We are after a sequence of {Φ}T1

T0
(s = 1) where at each period τ ∈ {T0 + 1, ..., T1}, agents get a

permanent unexpected shock to γ̃, z̃ and χ̃ following (13) and (14). T1 being the period in which Stage
2 quick’s in. To get each of the elements of the sequence we need to solve for an entire transition.

41We choose the uniform distribution as the initial values of the distribution. The algorithm should converge
regardless of the choice of the initial distribution.
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Step 0: Set τ = T0 + 1,

Step 1: Following (13) and (14) compute new values for γ̃τ , z̃τ and χ̃τ (Remember agents believe
these values will be permanent).

Step 2: Compute the recursive stationary equilibrium of the Myopic stage associated with the
new γ̃τ , z̃τ and χ̃τ .

Step 3: Choose a very large number of transition periods (T − τ).

Step 4: Compute the equilibrium transition dynamics from the stationary equilibrium from Step
2 to the equilibrium in period τ . We compute this going backwards.

Step 5: Stop if τ = T1

Step 6: Replace τ = τ + 1 and go back to Step 1.

Computing the Non-stationary equilibrium for Stage 2 (Learning Stage)

Algorithm No.4 : Computation of the solution of the Maturity Stage:
We are after a sequence of {Φ}∞

T1
(s = 2) that goes from the last period in Stage 1 (Myopic Stage)

(τ = T1) to the recursive stationary equilibrium of Stage 2 of the epidemic (Learning Stage).

Step 1: Choose a large number of transition periods (T − T1)

Step 2: Simulate a sequence of ρ̃e by education group, following (21).

Step 3: Compute the recursive stationary equilibrium of Stage 2 of the epidemic. This stationary
equilibrium is associated with limt→∞ ρ̃e,t = ρ. That is, in the stationary equilibrium both
education groups have completed learning of the true probability HIV infection risk as a function
of sex.

Step 4: Guess a time path for the prices {pt}T
T1

.

Step 5: Compute the equilibrium policy (and value) functions iterating backwards in time, t =
T − 1, ..., T1.

Step 6: Simulate the evolution of the population distribution from t = T1 to t = T with the help
of the optimal policy functions and the initial distribution ΦT1(g = 1).

Step 7: Compare the simulated distribution at T with the stationary distribution function from
Step 3. If they are not the same try increasing the horizon T and go back to Step 2.

Step 8: Compute the time path of excess demand for sex. If markets don’t clear along the path,
then update {pt}T

T1
return to step 5.
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Computing the Non-stationary equilibrium for Stage 3 (ARV Stage)

Algorithm No.5 : Computation of the solution of the ARV Stage:
After T2 periods in Stage 2 (Learning Stage), ARV’s are introduced unexpectedly. We are after a
sequence of {Φ}∞

T2
(s = 3) that go from period T2 of Stage 2 to the recursive stationary equilibrium of

Stage 3 of the epidemic (ARV Stage).

Step 1: Choose a large number of transition periods (T − T2)

Step 2: Compute the recursive stationary equilibrium of Stage 3 of the epidemic. This stationary
equilibrium is associated with limt→∞ η̂t = η̃ = 1. That is, there is full coverage for all HIV
infected individuals.

Step 3: Guess a time path for the prices {pt}T
T2

.

Step 4: Given the sequences for ARV coverage by education group {η̂t}T
T2

, compute the equilibrium
policy (and value) functions iterating backwards in time, t = T − 1, ..., T2.

Step 5: Simulate the evolution of the population distribution from t = T2 to t = T with the help
of the optimal policy functions and the initial distribution ΦT2(g = 2).

Step 6: Compare the simulated distribution at T with the stationary distribution function from
Step 2. If they are not the same try increasing the horizon T and go back to Step 3.

Step 7: Compute the time path of excess demand for sex. If markets don’t clear along the path,
then update {pt}T

T2
return to Step 4.
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