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Abstract

This paper quantifies the macroeconomic consequences of malaria eradication us-

ing a structural model in which individuals adjust fertility and educational invest-

ment in response to disease through the quantity–quality tradeoff. The model is dis-

ciplined by empirical evidence from an anti-malaria campaign in Tanzania. Eradi-

cation raises GDP per capita substantially, nearly five times larger than prior esti-

mates. Gains arise because healthier children acquire more human capital per year

of schooling, and parents increase investment per child by reducing fertility. The

results imply a potentially large role for childhood disease in cross-country income

differences and support accelerating the deployment of malaria vaccines.
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1. Introduction

Despite substantial investments in preventive technologies and treatment, malaria re-

mains a leading cause of child mortality and a barrier to human capital accumulation

in sub-Saharan Africa. In 2020 alone, malaria claimed more than 600,000 lives, dis-

proportionately among African children under five years old (World Health Organiza-

tion, 2021). Even for surviving children, malaria infection can lead to lasting cognitive

impairments, increased school absenteeism, and reduced classroom attention, all of

which worsen learning outcomes. This raises an important question: How large are the

potential income gains from eradicating malaria? Answering this question is crucial for

evaluating the returns to health investments in developing countries and understand-

ing the sources of cross-country income differences.

To accurately quantify the potential income gain, it is essential to understand how indi-

viduals respond to improved health. Since malaria adversely affects children’s learning

outcomes, eradicating malaria would directly influence parental decisions about edu-

cational investments, as healthier children learn more effectively in school. Changes

in population size, also an important factor in determining per-capita income, depend

on fertility responses to disease environment. Ignoring these behavioral adjustments

can substantially bias estimates of the economic impact of health improvements. Pre-

vious macroeconomic studies relying on an accounting framework (Shastry and Weil,

2003; Weil, 2007; Bloom, Canning, Kotschy, Prettner, and Schünemann, 2024) typically

overlook these endogenous behavioral responses.

This paper provides a quantitative general equilibrium framework to evaluate the macroe-

conomic gains from malaria eradication, explicitly accounting for how individuals re-

spond to improved health. The model incorporates behavioral adjustments such as fer-

tility decisions and investments in children’s human capital. Aggregate outcomes, such

as population size and educational attainment, are generated in equilibrium through

aggregating individual responses. I find that eradicating malaria alone would increase

per-capita income by 9.5%, roughly five times larger than estimates reported in previ-

ous studies. The model also suggests that failing to account for individual responses

and general equilibrium effects significantly underestimates the economic benefits of

health interventions, such as vaccination against malaria.

To this end, I build a general equilibrium, heterogeneous-agent, overlapping gener-

ations model featuring endogenous fertility, parental investment in children’s human

capital, and malaria. Malaria is introduced as an idiosyncratic childhood health shock
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characterized by two key dimensions: mortality, reflecting deaths caused by malaria,

and morbidity, representing cognitive impairment that dampens human capital accu-

mulation. Unlike previous macroeconomic studies that used years of schooling as a

sole measure of human capital, the model has a richer concept of human capital be-

yond just years of schooling. The epidemiological literature highlights that malaria neg-

atively affects human capital not merely through reduced years of schooling, but also

through cognitive impairments and reduced classroom attention. Reflecting this fact,

the concept of human capital in the model incorporates both years of schooling and the

amount of human capital acquired per year of schooling, referred to as the quality of

human capital in Manuelli and Seshadri (2014). Thus, eradicating malaria enhances hu-

man capital accumulation not only by increasing schooling years but also by improving

learning capacity per year spent in school. The model also features intergenerational

dynamics, capturing that healthier children subsequently adjust their fertility and in-

vest more in their own children’s education (Daruich, 2026).

A key feature of the model is the interaction of childhood disease with parental deci-

sions through a quantity-quality tradeoff (Barro and Becker, 1989). Suppose the risk of

malaria is reduced, which is represented by lower mortality and morbidity in the model.

This generates two opposing effects. On the one hand, reduced child mortality lowers

the cost of child quantity, encouraging parents to have more children. Given limited

household resources, this increase in fertility implies lower educational investment per

child. On the other hand, higher returns to education due to reduced morbidity lower

the cost of child quality, incentivizing parents to have fewer children and concentrate

more educational investment in each child. While it is not ex-ante obvious which effect

dominates, these competing mechanisms can be summarized by two sufficient statis-

tics that can be empirically estimated: fertility and education elasticities with respect to

malaria prevalence.

I validate the model’s main behavioral mechanism using the empirical evidence from a

large-scale antimalaria campaign in sub-Saharan Africa, the Roll Back Malaria (RBM)

campaign (Kuecken, Thuilliez, Valfort et al., 2021). Initiated in 2003, the RBM cam-

paign significantly reduced malaria prevalence by aggressively distributing preventive

technologies against malaria, such as insecticide-treated bednets. The campaign suc-

cessfully reduced the probability of infant mortality (1 p.p.). In response to that, women

who were exposed to the program reduced the annual probability of birth (by 0.4 p.p.),

and children exposed to the program experienced increased educational attainment by

0.4 years. I feed the empirically observed declines in malaria-related mortality and mor-
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bidity during the RBM period into the model calibrated to Tanzania, and then compare

the model’s predicted changes in fertility and schooling to the corresponding empirical

estimates. The simulated predictions from the model are well aligned with the reduced-

form evidence.

Using the calibrated model, I then quantify the aggregate gains from malaria eradica-

tion. Recent scientific advancements have yielded two malaria vaccines that are up

to 75% effective at preventing malaria infections among children under five, and the

WHO has initiated partial rollouts in selected countries. Motivated by these develop-

ments, I compute the economic impact of a nationwide vaccination policy, assuming

this reported vaccine efficacy (75%), on fertility, educational attainment, and per-capita

income. The first exercise examines short-run effects, focusing on immediate, one-

generational impacts reflecting direct benefits to vaccinated children. The second exer-

cise evaluates the long-run consequences, accounting for intergenerational dynamics

and long-run wage adjustments. Conceptually, this second exercise is more akin to an

accounting exercise, providing a benchmark for the quantitative importance of child-

hood disease in explaining cross-country income differences. To this end, the long-run

analysis also reports outcomes assuming a hypothetical 100% vaccine efficacy, to gauge

the full potential benefit of complete malaria eradication.

The results show a sizable increase in per-capita income in both the short and long run,

much larger than estimates from previous studies. In the short run, the model predicts

a per-capita income gain of 6.9% within one generation. This income gain is primarily

driven by improved childhood human capital accumulation, particularly through larger

human capital acquired per year of schooling. The model suggests that the changes in

the quantity of education are not the primary source of income gain. Instead, improved

learning capacity alone accounts for 70% of the total income increase. This finding

aligns well with the conclusions of macro-development literature, which emphasizes

low schooling quality, rather than shorter schooling years, as the primary cause of low

human capital in developing countries (Hanushek and Woessmann, 2008; Schoellman,

2012). The decomposition exercise also highlights the quantitative importance of the

quantity-quality tradeoff. When malaria risk is reduced, parents respond by lowering

fertility and increasing investment in their children’s human capital. Shutting down this

fertility adjustment channel reduces the income gain by half, to 3.09%.

While the short-run analysis is informative on gauging the immediate impacts of erad-

ication, the long-run exercise sheds light on how heavy the burden of malaria is in ex-

plaining the income differences between high- and low-income countries. The model
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predicts that complete eradication of malaria in the long run would increase per-capita

income by 9.5% as intergenerational dynamics amplify the initial gains. These per-

capita income gains are around five times larger than estimates reported in Ashraf,

Lester, and Weil (2008). Even assuming the currently available vaccine with 75% ef-

ficacy generates substantial long-run benefits, increasing per-capita income by 6.7%.

Decomposing the effects into mortality and morbidity components, the model reveals

that the reduction in morbidity, rather than mortality, is the key driver of income gains.

Reducing mortality alone—without alleviating malaria’s adverse effects on learning ca-

pacity—leads per-capita income to decline by 0.4% due to higher population pressure.

This finding aligns with Acemoglu and Johnson (2007), which documents that historical

increases in life expectancy only raised population without boosting per-capita income.

I conclude by conducting a cost-benefit analysis of the vaccination policy, comparing

model-implied income gains to estimated vaccination costs from the epidemiological

literature. The model indicates that annual costs of vaccination program can be fully re-

covered through increased income. Given that the recently developed malaria vaccine

has demonstrated 75% efficacy, these results strongly support the cost-effectiveness of

mass vaccination. Vaccine rollout has been delayed due to financial challenges, primar-

ily because malaria-endemic countries lack the fiscal capacity to independently finance

deployment.12 The findings of this paper suggest that delaying vaccine rollout not only

costs lives but also postpones the realization of substantial macroeconomic benefits.

Related Literature This paper contributes to a vast literature examining the relation-

ship between health, human capital, and cross-country income differences (Caselli,

2005; Schoellman, 2012, 2016). As Lagakos and Schoellman (2026) points out, evidence

on the role of health in explaining cross-country income differences remains limited,

and the existing development accounting estimates typically attribute to health a pos-

itive but modest share of cross-country income gaps. For instance, Shastry and Weil

(2003) and Weil (2007) find modest impacts of eliminating health disparities on nar-

rowing income gaps across countries, and Acemoglu and Johnson (2007) finds little ev-

idence that improved health during the 1940s raised per-capita income in subsequent

years. For malaria, Ashraf et al. (2008) argues that eradication in Zambia would raise

only about 2% in GDP per capita. This paper advances the literature in two ways. First,

I provide new quantitative results suggesting that eliminating childhood diseases in the
1The vaccine rollout heavily relies on foreign aid. Organizations such as Gavi, the WHO, and the U.S.

President’s Malaria Initiative have played central roles in financing malaria vaccine distribution.
2Duncombe, Elabd, and Sandefur (2024) estimates that, at the current funding pace, universal vaccina-

tion coverage for children under three will not be achieved until around 2035, resulting in approximately
2.5 million preventable child deaths in the meantime.
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developing world can substantially narrow cross-country gaps in output per capita. Sec-

ond, I provide a fully micro-founded structural model that explicitly incorporates indi-

viduals’ behavioral responses to diseases, allowing aggregate outcomes to arise endoge-

nously from optimizing behavior. While this paper focuses on malaria, the framework

can easily be generalized to incorporate other childhood diseases. Previous studies

typically abstract from these endogenous behavioral responses and instead extrapolate

micro-level estimates through an aggregate production function; while this accounting

approach is useful, ignoring behavioral adjustments can bias aggregate predictions.3

This paper also builds on a growing body of research in macroeconomic development

that uses structural models to understand the general equilibrium effects of develop-

ment policies, by combining the model with reduced-form empirical estimates (Buera,

Kaboski, and Townsend, 2023; Todd and Wolpin, 2023). In this vein, the quantitative

exercises of this paper are related to those of Brooks and Donovan (2020), which use

the reduced-form evidence on the effects of rural bridge building to discipline the gen-

eral equilibrium model of transportation infrastructure. Similarly, Buera, Kaboski, and

Shin (2021) replicates the difference-in-differences estimates from microfinance ini-

tiatives within a general equilibrium model to investigate general equilibrium effects.

Other studies using this approach have investigated power outages and firm productiv-

ity (Fried and Lagakos, 2022), managerial delegation (Akcigit, Alp, and Peters, 2021),

publicly funded secondary education (Fujimoto, Lagakos, and Vanvuren, 2025), and

rural-urban migration (Lagakos, Mobarak, and Waugh, 2023). This paper is the first to

extend this methodology to study the macroeconomic effects of health improvement.

Lastly, the theoretical framework for the quantity-quality tradeoff in this paper is related

to those in Kalemli-Ozcan, Ryder, and Weil (2000); Kalemli-Ozcan (2003); Soares (2005);

Doepke (2005) and Aaronson, Lange, and Mazumder (2014), all of which focused on the

role of mortality decline or improved schooling opportunity in human capital invest-

ment and fertility. I advance this literature by disciplining the quantitative magnitude

of the quantity-quality tradeoff using reduced-form evidence from the RBM campaign.

The quantitative model of this paper is also related to those in Zhou (2025) and Daruich

(2026), who study the long-run effects of education subsidy and family policies, re-

spectively, using a general equilibrium, heterogeneous-agent overlapping generations

model. However, none of these previous studies considers diseases as a factor disrupt-

ing childhood human capital accumulation, which the model suggests to be quantita-

tively important.
3For example, Ashraf et al. (2008) assumes that population growth rates revert exogenously to pre-

eradication levels following malaria eradication.
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2. Model

This section introduces a quantitative overlapping-generations model designed to study

the macroeconomic consequences of childhood disease through endogenous fertility

and parental investments in children’s human capital. Parents value their children’s hu-

man capital out of altruism (Barro and Becker, 1989)4. I incorporate malaria as an exoge-

nous health shock affecting children by increasing mortality risk and lowering returns to

education.5 Parents choose fertility and children’s educational attainment, where these

decisions are affected by children’s health status. Additionally, motivated by evidence

from Khanna (2023), I model workers with different education levels as imperfect sub-

stitutes, such that increasing the supply of educated workers depresses their relative

wages. Section 2.4 introduces a simplified version of the model to highlight the core

mechanisms.

2.1. Environment

Demographics and Environment Time is discrete, and each model period represents

six years. The economy consists of L distinct locations/regions, each characterized by

a different malaria prevalence. The population share of location ℓ ∈ 1, 2, . . . , L is de-

noted by pℓ. This regional heterogeneity in malaria prevalence is introduced primarily to

match observed spatial variations in malaria prevalence, which will later be exploited in

parameter estimation. The economy is populated by overlapping generations of house-

holds, each living for 11 periods (66 years), consistent with life expectancy in Tanzania,

the setting used for calibration. Figure 1 illustrates the lifecycle and family structure. An

individual’s age is denoted by j ∈ 0, 1, . . . , 12.

Each household consists of a parent and their cohabiting children, if any. Children live

with their parents and make no decisions until age 18, when they leave home and be-

come independent adults with zero initial assets. Throughout adulthood, individuals

make consumption and savings decisions. Borrowing is not permitted, but individuals

4A similar framework is adopted in Manuelli and Seshadri (2009) and Roys and Seshadri (2017).
5Other macro-development models have studied the interaction between human behavior and dis-

ease spread. For example, Greenwood, Kircher, Santos, and Tertilt (2019) and Alemán, Iorio, and San-
taeulàlia-Llopis (2024) introduce models of the HIV epidemic in which sexual behavior endogenously
influences disease transmission. In contrast, malaria is transmitted by mosquitoes, leaving less scope for
human behavior to influence its spread.
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Figure 1: Life cycle, family structure, and stages of life

may accumulate savings at an exogenous interest rate r.6 At age 24, individuals decide

how many children to have and become parents, conditional on having children.

Parents choose their children’s educational attainment by deciding whether to send

them to school. Schooling decisions occur in two stages: primary school at age six and

secondary school at age twelve. Children’s initial human capital upon reaching adult-

hood thus directly depends on parental investment choices. Once children become in-

dependent adults, there is no further interaction between parents and children, and the

children’s human capital remains fixed throughout adulthood. Individuals retire at age

60 and consume all of their remaining assets until death at age 66, which is chosen to

match the average life expectancy in many sub-Saharan African countries.

There are five exogenous sources of heterogeneity in the model. The first is a standard

idiosyncratic, uninsurable labor productivity shock vt, which introduces heterogeneity

in earnings for working-age adults. I assume this shock is i.i.d. and log-normally dis-

tributed each period:

log vt
iid∼ N(0, σv).

The second is the fertility taste ϕ, which captures variations in fertility behavior not ex-

plained by the model’s mechanisms. I assume that ϕ follows a standard Gumbel distri-

bution with scale parameter θ. Third, children are born with heterogeneous learning

ability zk, which is imperfectly correlated with parental ability. Fourth, children face a

health shock that determines whether they contract malaria. This shock is drawn once

in early childhood (at age six) and reduces the returns from schooling in subsequent

6I abstract from domestic capital markets since many countries relevant to the model are small open
economies with limited financial market development. I also omit endogenous labor supply and retire-
ment decisions due to high labor participation rates and short retirement periods typical in developing
countries.
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periods of childhood, and the likelihood of the health shock depends on the location

where the child is born, the last dimension of heterogeneity. Below, I illustrate in detail

how learning ability and health shocks are drawn and how they interact with parental

education decisions.

Learning Ability Children’s learning ability is stochastic but partially inherited from

their parents. Specifically, learning ability within a household follows an AR(1) process:

log zk = ρz log zp + εz,

where zk and zp denote the learning abilities of children and parents, respectively, and εz

is an idiosyncratic i.i.d. shock. Parents observe their children’s learning ability at age six,

before deciding whether to send them to primary school. Learning ability remains con-

stant throughout an individual’s lifetime and is identical among siblings. Following the

literature on early-childhood human capital accumulation (Cunha and Heckman, 2007;

Lee and Seshadri, 2019), I interpret learning ability as an inherited capability capturing

intergenerational persistence not explained by economic behavior.

Malaria in Early Childhood In addition to learning ability, children draw an idiosyn-

cratic health shock at age six.7 The health shock has two dimensions: mortality and

morbidity. Mortality risk is equivalent to child mortality (death under age five), while

morbidity reflects malaria’s detrimental effects on human capital accumulation through

cognitive impairment and comorbidities. Mortality risk is characterized by a survival

probability; specifically, the probability that an age-six child born in location ℓ survives

to the next period is denoted by χd
ℓ . This mortality risk encompasses deaths from all

causes, not only malaria. Since the analysis focuses on reductions in mortality specifi-

cally due to malaria, I introduce the parameter µ, which represents the fraction of child

mortality attributable to malaria: the child mortality rate due to malaria is µ× χd
ℓ .

Morbidity risk is represented by a proportional reduction in learning ability, reflecting

that malaria infection worsens learning outcomes during and after bouts of illness (Fer-

nando, Rodrigo, and Rajapakse, 2010; Chen, Clarke, Gosling, Hamainza, Killeen, Magill,

O’Meara, Price, and Riley, 2016). Specifically, the morbidity shock is denoted by m:

m =

1 w/ probability 1− χm
ℓ

m w/ probability χm
ℓ

7The assumption that the health shock is realized at age six captures that parents learn their children’s
health status by the time they enter primary school.
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where ℓ denotes the location and m < 1 indicates the reduced learning ability of a child

hit by the adverse morbidity shock, and the status of a healthy child is normalized to

one. The probability of experiencing the negative morbidity shock is denoted by χm
ℓ . I

discuss how reduced learning ability affects children’s human capital accumulation in

the following subsection.

Since malaria is modeled as an exogenous shock, the model does not explicitly include

parents’ endogenous preventive measures against their children’s malaria infection, such

as purchasing bednets. Numerous studies document that more educated parents en-

gage in greater preventive behavior, thereby lowering their children’s malaria risk. To

reflect this preventive behavior of educated parents, I assume that children of parents

who received secondary education experience reductions in malaria-caused mortality

and morbidity probabilities by a factor of 1 − ξ. This formulation parsimoniously cap-

tures how parental education mitigates malaria risks.8

Schooling and Human Capital After observing their children’s learning ability zk and

the realized health shock m, parents decide whether to send their six-year-old chil-

dren to primary school, and subsequently, their twelve-year-old children to secondary

school. Schooling deterministically increases human capital as follows:

hk =


mzkηSηP if attend secondary school

mzkηP if attend primary school

1 if no schooling

where ηs is the deterministic increase in human capital from school s ∈ {P, S}. As the

expression shows, children’s human capital in adulthood depends jointly on their learn-

ing ability, disease status, and parental schooling investments. Schooling decisions are

sequential: if parents choose not to send their child to primary school, the child loses

the opportunity to attend secondary school in the subsequent period.

Sending children to school is costly, and these costs consist of two components. The

first is the monetary cost, which includes tuition, uniforms, and supplies such as text-

books. These are represented in the model by per-child schooling fees pP and pS for

primary and secondary schools, respectively, which enter the household budget con-

straint. The second component is the opportunity cost of schooling, which arises from

8To the best of my knowledge, Gollin and Zimmermann (2007) is the only paper that develops a
macroeconomic model of parents’ endogenous preventive behaviors against malaria. However, their fo-
cus is primarily on the adoption and efficacy of the preventive technology, rather than on the macroeco-
nomic impacts of eradication.
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forgone labor income when secondary-school-age children attend school rather than

work, as children of that age are closer to entering the labor force. Parents must give up a

period of child’s work, and thus income, in order to send them to secondary school. This

opportunity cost introduces parents a tradeoff between children’s future human capital

and current household income. It also implies that the effect of reducing malaria on

secondary school enrollment is not straightforward, as healthier children are not only

better students but also potentially more productive workers (Bau, Rotemberg, Shah,

and Steinberg, 2024).

Production and Aggregation A representative firm operates competitively in the labor

market, producing a single consumption good using skilled (secondary education com-

pleted) and unskilled (below secondary education) labor inputs. The following CES ag-

gregator represents the production function:

Y = A
[
(HU +HP )

λ−1
λ + (HS)

λ−1
λ

] λ
λ−1

, λ ∈ (0,∞)

where Hs denotes aggregate efficiency units for the schooling groups U (uneducated), P

(primary-completed), and S (secondary-completed), and λ is the elasticity of substitu-

tion between skilled and unskilled labor. Equilibrium wages per efficiency unit for each

skill group are:

wU = A
[
(HU +HP )

λ−1
λ + (HS)

λ−1
λ

] 1
λ−1

(HU +HP )
− 1

λ

wS = A
[
(HU +HP )

λ−1
λ + (HS)

λ−1
λ

] 1
λ−1

H
− 1

λ
S

Given wages wU and wS are defined per efficiency unit, the labor income of an individual

with skill level s, human capital h, and idiosyncratic productivity shock v is:

y(h, v, s) = hvws.

2.2. Household’s Decision Problems

The model’s individual’s adulthood can be broadly divided into three stages: periods

when they live without children, periods when they live with their children, and periods

when they become alone again after their children become independent. Individuals

solve a consumption-savings optimization problem throughout their lifetime. The util-
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ity function for consumption is given as:

u(c) =
c1−γ

1− γ

When living with children, they also make educational investment decisions. In this

subsection, I outline the individual’s optimization problem for each period of life. Bor-

rowing constraints apply in all periods (a′ ≥ 0). Throughout this section, child-specific

variables are denoted by subscript k, and future variables by primes.

Age 18 (j = 3): Independence Individuals leave their parents and form new households

at age 18 with zero initial assets. Their state variables are human capital h, schooling

level s determined during childhood, and learning ability z. Although learning abil-

ity does not directly affect their earnings, it is a state variable because their children’s

learning abilities will depend on it. An individual’s income is determined by their hu-

man capital h, skill-specific wage rate ws, and an idiosyncratic income shock v drawn

at the beginning of the period. Since individuals do not yet have children at this stage,

they solve a standard consumption-savings problem:

V3(a, s, h, v) = max
c,a′

u(c) + βE
[
V4 (a

′, s, h, v′)

]
subject to

c+ a′ ≤ wshv + (1 + r)a

(1)

where r is the period interest rate.

Age 24 (j = 4): Fertility At this stage, individuals choose how many children to have,

and those who choose to have children become parents. Fertility decisions are discrete;

individuals choose the number of children n, where n ∈ {0, 1, 2, · · · , N̄}, by choosing the

number n∗ that provides the highest level of utility:

V4 = max{V 0
4 + ϕ0, V

1
4 + ϕ1, · · · , V N̄

4 + ϕN̄}

where V n
4 represents the value of having n number of children. For each number of

children n, I also introduce a taste shock ϕn, which is drawn i.i.d. from a Gumbel distri-
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bution with variance σn. The value of having n children can be expressed as follows:

V n
4 (a, s, h, z, v) = max

c,a′
u(c) + βE

[
V5 (a

′, s, h, v′, z′k,m
′, n′)

]
subject to

c+ a′ ≤ wshv(1− t(n)) + (1 + r)a

t(n) = 1− eωn

(2)

Raising children is costly in terms of time. Specifically, t(n) represents parental time

devoted to child-rearing, reducing income available for consumption and savings. The

total time cost increases with n and h, reflecting that forgone work hours are more costly

for high-income households than low-income ones. Lastly, note that the expectation is

taken over the number of surviving children n′ in the next period, as the mortality risk

is realized at the beginning of the next period (n′ ≤ n).

Age 30 (j = 5): Ability, Health Shock and Primary Education At the beginning of this

period, parents observe their children’s learning ability zk, the realization of the malaria

morbidity shock m, and an idiosyncratic income shock v.910 Additionally, the mortality

shock is realized at the start of the period, determining the number of surviving children

n. Specifically, the probability that exactly n out of N children survive is:

f(n;N) =

(
N

n

)
(χd

ℓ )
N−n(1− χd

ℓ )
n

Parents then decide whether or not to send their surviving children to primary school

(e = 1 for schooling, e = 0 otherwise). If children attend school, a per-child primary

schooling fee pP is deducted from the household budget constraint. Children who do

not attend school receive no education, leaving their human capital at the initial level.

In contrast, if children attend school, their human capital in the next period increases

according to the schooling efficiency parameter ηP , augmented by their learning ability

zk and the morbidity shock m. With n surviving children, a parent’s value at this stage

9Malaria primarily affects children under age five, so the timing assumption is equivalent to parents
observing their children’s malaria infection up to age six, upon which they base schooling decisions.

10A considerable body of literature documents that parents in malaria-endemic countries are well
aware of the causes, symptoms, and consequences of malaria. See Tarimo, Lwihula, Minjas, and Bygbjerg
(2000) and Montgomery, Mwengee, Kong’ong’o, and Pool (2006) for studies conducted in Tanzania. In a
survey conducted in the Democratic Republic of the Congo, all participants recognized that malaria has
adverse effects on the health of schoolchildren, including anemia, school absenteeism, convulsions, and
poor school performance (Matangila, Fraeyman, Kambulu, Mpanya, da Luz, Lutumba, Van Geertruyden,
and Bastiaens, 2017).
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can be expressed as follows:

V5(a, s, h, v, zk,m, n) = max
c,a′,e∈{0,1}

u(c) + βE
[
V6 (a

′, s, h, v′, s′k, h
′
k, zk,m, n)

]
subject to

c+ a′ + enpP ≤ wshv(1− t(n)) + (1 + r)a

h′
k = ehkηP zkm+ (1− e)hk

(3)

Age 36 (j = 6): Secondary Education, Preferences over Child Quantity and Quality

Parents who sent their children to primary school in the previous period now decide

whether to continue sending them to secondary school. Due to the sequential nature

of schooling, parents who did not send their children to primary school do not have the

option to send them to secondary school (e = 0 for them). The value of parents with

secondary school-age children is:

V6(a, s, h, v, sk, hk, zk,m, n) = max
c,a′,e∈{0,1}

u(c) + βE
[
V7 (a

′, s, h, v′)

]
+ βb(n)ν(hk)

subject to

c+ a′ + npSe ≤ wshv(1− t(n)) + nwUhkv(1− e) + (1 + r)a

h′
k = ehkηSzkm+ (1− e)hk

(4)

The term nwskhkν(1 − e) in the budget constraint represents the opportunity cost of

schooling in the form of lost labor income. If children do not attend school (e = 0), they

work as low-skill workers and the earnings contribute to the household budget.

The last term in the value function represents parental altruistic preferences over child

quantity and quality. I model altruism as in Barro and Becker (1989), where parents di-

rectly value the human capital their children will possess as adults (hk) through function

ν(·), weighted by the discounting function b(n).11 I assume the utility for child quality

has the following functional form: ν(x) = x1−γ

1−γ
.

Age 42 to 66 (j = 7 − 11): After Children’s Independence At the beginning of period 7,

children become independent and leave their parents. After this point, there is no fur-

ther interaction between parents and children, and parents solve a simple consumption-

savings problem. The value function for working-age individuals after the child-rearing

11This approach to modeling altruism significantly reduces the computational burden. Earlier versions
of the paper featured a full dynastic altruism structure and yielded similar quantitative results. Daruich
and Kozlowski (2020) and Zhou (2025) also develop quantitative models with endogenous fertility, where
altruism is introduced in a similar way.
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stage is identical to (1) until age 60, when individuals retire and use their assets to fi-

nance consumption.

2.3. Competitive Equilibrium and Balanced Growth Path

In this economy, population growth is endogenous due to endogenous fertility. There-

fore, I focus on a balanced growth path, defined as an equilibrium where the aggregate

population growth rate and the distribution of households’ states remain constant over

time. Appendix B contains the formal definition of the recursive competitive equilib-

rium and balanced growth path.

2.4. Illustration: Impact of Malaria on Schooling and Fertility

The quantitative model features rich interactions between fertility, children’s human

capital, and malaria, captured by the quantity-quality tradeoff. This section presents a

simplified version of the model that illustrates the core mechanism. Consider a model

with continuous fertility choice, in which parents choose the number of children, de-

noted by b. Each birth is associated with a time cost of p, representing the fraction of

forgone wages due to child-rearing. Given a survival probability of 1 − χd, the number

of surviving children n is (1− χd)b.

Parents can invest in the education of their surviving children through educational spend-

ing e. A child’s income is proportional to the level of human capital they possess, and

the education provided by parents is converted into the child’s human capital by a con-

cave, increasing function h(e). As in the quantitative model, parents have incentives to

provide education for their children because they derive utility from their children’s hu-

man capital in addition to their own consumption. The returns to education depend on

whether the child contracts malaria. With probability χm, the child contracts malaria,

and the amount of human capital accumulated is penalized by parameter m, where

m < 1 represents the detrimental effects of malaria on children’s human capital accu-

mulation as in the quantitative model. The parents’ utility can be described as follows:

V (a, h) = max
c,e,b

u(c) + βb(n)ν(hk)

subject to

n = (1− χd)b

c+ en = wh(1− pb)

hk = (1− χm)h(e) + χmmh(e)



15

The simplified model provides useful intuition on how a reduction in malaria risk af-

fects parents’ fertility and educational investment, which carry over to the quantitative

model. In the model, malaria eradication is represented by reductions in both mortal-

ity risk (lower χd) and morbidity risk (lower χm). Throughout this subsection, I assume

w = 10, λ = 0.5, γ = 0.5, and τ = 0.2. The detrimental effect of malaria, m, is set to 0.5,

and the functional form used for h(e) is
√
e. Figure 2 plots the optimal fertility levels for

varying degrees of mortality and morbidity probabilities. The square dot denotes the

baseline calibration, where the mortality rate (χd) is set to 0.2 and the morbidity rate

(χm) is set to 0.7. The horizontal dotted line indicates a reduction in morbidity risk from

its baseline value, while the vertical dotted line indicates a reduction in mortality risk.

Figure 2: Optimal Fertility Conditional on Malaria Prevalence
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Figure 2 illustrates how fertility decisions respond to reductions in malaria risk. First,

the vertical arrow indicates that lower mortality induces parents to have more children.

The intuition behind this result is straightforward: since parents care about surviving

children, reduced mortality lowers the effective cost of producing a surviving child. Be-

cause children are a normal good, this leads to higher fertility, as illustrated in the figure.

Lower morbidity risk, however, has an offsetting effect. A reduced probability of con-

tracting malaria implies higher returns to educational investment, as children acquire

more human capital for a given level of parental investment. These higher returns en-
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courage parents to reduce fertility and invest more in each child’s education, resulting

in lower fertility overall.

Figure 3a plots optimal educational investment for varying degrees of malaria preva-

lence. The educational investment response to changes in malaria prevalence is the

mirror image of the fertility response shown previously. When the mortality rate de-

clines, educational investment decreases; when the morbidity rate declines, educational

investment rises. This occurs because child quantity and quality are substitutes within

the household budget constraint. For instance, when parents decide to have more chil-

dren, they allocate resources away from potential investments in education.

The main insight from the simplified model is that the extent to which fertility and edu-

cational investment respond to reduced malaria prevalence depends on the severity of

malaria’s adverse impact on human capital accumulation, captured by the parameterm.

Figure 3b again plots optimal educational investment, but now assumes a lower severity

of malaria’s impact (m = 0.9) compared to the baseline (m = 0.5). Qualitatively, the re-

sponses to reductions in malaria prevalence remain consistent with the previous analy-

sis: parents increase(decrease) educational investment in response to reduced morbid-

ity(mortality) risk. However, the magnitude of these responses is significantly reduced.

Intuitively, if contracting malaria has minimal negative consequences for children’s hu-

man capital, then reducing malaria risk also has minimal effects on parental invest-

ment decisions. Thus, when the human capital penalty from malaria is small (high m),

changes in morbidity risk have little influence on educational investment choices.

The simple model highlights how malaria eradication affects fertility and educational

investment through the quantity-quality tradeoff. In the quantitative model, I set m to

a reasonable value based on existing evidence on the human capital costs of malaria,

and then let the model generate fertility and schooling responses to changes in malaria

risk. Section 3 evaluates whether these model-implied responses are consistent with

reduced-form evidence from the RBM campaign.
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Figure 3: Optimal Educational Investment Conditional on Malaria Prevalence
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(a) Optimal education, malaria highly detrimental (m = 0.5)
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(b) Optimal education, malaria less detrimental (m = 0.9)
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3. Parameterization

This section describes the parameterization of the quantitative model used to assess the

macroeconomic consequences of malaria eradication. The model is parameterized to

Tanzanian economy in 2002. Calibrating the model to a single economy ensures inter-

nal consistency because the target moments are drawn from a common demographic

and institutional environment. Additionally, there are several reasons why Tanzania in

the early 2000 is a suitable time and space for calibration. First, Tanzania is a repre-

sentative economy whose fertility rate, malaria prevalence, and income level are close

to the sub-Saharan African average. Figure A.4 and Table A.2 show that Tanzania is

broadly representative of high-malaria countries in sub-Saharan Africa in terms of fer-

tility, malaria prevalence, and GDP per capita.

Second, the choice of 2002 as the baseline year reflects the validation strategy. The

model is validated by replicating the Roll Back Malaria (RBM) campaign, a large-scale

antimalaria initiative launched in the early 2000s, by comparing the model’s predicted

responses of fertility and children’s educational attainment to their empirical counter-

parts. Since the RBM campaign began in 2003, a pre-RBM period provides the appro-

priate baseline from which to introduce the observed reductions in malaria mortality

and morbidity into the model. Tanzania is particularly well suited for this exercise, as it

was among the earliest and most successful RBM recipients. Figures A.1 and A.2 show a

sharp decline in malaria prevalence following the introduction of the campaign. Section

3.3 describes the RBM intervention and the empirical evidence in more detail.

The parameterization proceeds in three steps. First, a subset of parameters is taken from

the existing literature. Second, the remaining parameters are calibrated to match key

aggregate moments for Tanzania, using microdata when available and estimates from

the literature otherwise. Third, I validate the model by comparing the model-implied

fertility and schooling responses to the RBM intervention to the corresponding empiri-

cal estimates. These RBM responses are not targeted in calibration and are used only to

assess whether the model generates quantitatively plausible behavior.

3.1. Exogenously Chosen Parameters

Table 1 summarizes the set of parameters that are chosen exogenously. These param-

eters fall into two categories. The first includes parameters that are standard in the

macroeconomic literature. The second comprises malaria-related parameters. These

parameters are either drawn from epidemiological and health studies or calculated from

the data.
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Table 1: Exogenously Chosen Parameters

Parameters Description Value Source

A.Economic Parameters

β Annual discount rate 0.96 Standard value
r Annual interest rate 1.02 Deposit interest rate
N̄ Max number of children 6 DHS 1999
γ Inverse of IES 0.5 See text
λ Substitutability b/w skills 6 Bils et al. (2022)

B. Parameters Related to Malaria

Parameters Common across Locations

L Number of locations 4 Epidemiological literature
ξ Educ. disparity in malaria risk 0.62 Ogbo et al. (2019)
µ Share of malaria-caused death 0.17 See text
m Severity of malaria morbidity shock 0.85 See text

Location(ℓ)-specific parameters Malaria prevalence (PfPR)
<20% 20-50% 50-75% >75%

χd
ℓ Under-five Mortality rate 0.097 0.137 0.128 0.156 DHS 1999

χm
ℓ Prob. catching malaria 0.132 0.325 0.580 0.765 Malaria Atlas Project
pℓ Population share 0.313 0.443 0.216 0.028 2002 Census

Standard Parameters Panel A of Table 1 presents the standard parameters. The dis-

count factor is set to 0.966, a conventional value from the macroeconomic literature,

adjusted to account for each model period corresponding to six years. The annual gross

interest rate is 1.02, reflecting the low levels of financial access and household savings

rates typical in low-income economies (Donovan, 2021). The maximum number of chil-

dren an individual can choose in the model is set at N̄ = 6, corresponding to a maximum

of 12 children per household (since each parent in the model represents a household of

two parents). This cap is chosen based on data from the 2002 Tanzania Census, which

shows that 95% of households have fewer than 12 children.

It is worth elaborating briefly on the role of the parameter γ, which represents the in-

verse of the intertemporal elasticity of substitution (IES). While commonly interpreted

in the macroeconomic literature as governing trade-offs between current and future

consumption, in this life-cycle model with intergenerational linkages, γ also captures

the degree of intergenerational elasticity of substitution. Specifically, it influences how

parents value their children’s utility relative to their own. A higher value of γ implies that

parents’ marginal utility of consumption decreases faster as they become wealthier, in-

creasing the relative value of children. A value of γ less than one ensures that the utility

function is positive everywhere, meaning that parents always derive positive utility from
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having children, and implicitly assign zero utility to childlessness or losing a child.12 I

set γ equal to 0.5.

The elasticity of substitution between skilled and unskilled workers, λ, determines how

much an increase in the supply of educated workers depresses their relative wages in

general equilibrium. I set this parameter to 6, following Bils, Kaymak, and Wu (2024),

who estimate the elasticity of substitution across different schooling groups.

Parameters Related to Malaria I set the number of locations (L) to four, consistent with

the empirical literature classifying locations based on pre-intervention malaria preva-

lence. Each location is assigned to one of the four locations based on the location-level

average malaria prevalence (PfPR) in 2001: low prevalence (PfPR < 20%), medium-low

prevalence (PfPR between 20–50%), medium-high prevalence (PfPR between 50–75%),

and high prevalence (PfPR > 75%). This discretization follows standard classifications

in the epidemiological and malaria literature and provides a parsimonious representa-

tion of heterogeneity in malaria risk. At the same time, working with a small number of

locations keeps the computation manageable while preserving the cross-sectional vari-

ation in disease prevalence. The location ℓ’s population share, pℓ, are then calculated for

each location from the 2002 Census.

Two sets of parameters are required for each location: mortality (probability of death)

and morbidity (probability of contracting malaria). The mortality parameters, χd
ℓ , cor-

respond to the under-five mortality rate, calculated using the 1999 Demographic and

Health Survey (DHS), the closest DHS wave to the RBM campaign’s start year. The pa-

rameter χd
ℓ includes mortality from all causes, not only malaria. To isolate malaria-

attributed mortality, I use an external estimate of the share of under-five deaths at-

tributable to malaria. According to the Institute for Health Metrics and Evaluation (Insti-

tute for Health Metrics and Evaluation (IHME), 2026), approximately 17.09% of under-

five deaths in Tanzania in 2002 were attributable to malaria, which sets the value of the

parameter µ to 0.17.13

I use location-specific averages of malaria prevalence (PfPR) for morbidity probabili-

ties. PfPR in 2001 comes from the Malaria Atlas Project (Hay and Snow, 2006; Malaria

Atlas Project, 2026), which report gridded estimates of malaria prevalence rate. I con-

struct location-level PfPR by averaging the MAP pixels within each location. The region

12Allowing negative utility requires additional assumptions regarding the utility of childlessness and
child mortality. See Jones and Schoonbroodt (2010) for further discussion.

13Statistics from household surveys are consistent with this high share of malaria in childhood mortal-
ity. Data from the Tanzania National Panel Survey (waves 2008–2014) indicate that malaria consistently
accounts for more than 40% of identifiable childhood illnesses leading to hospitalization; see Table A.1.
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with the highest prevalence has 76.5% of children contracting malaria, while the low-

est prevalence region has only 13.2%. Regarding educational disparities in malaria risk,

Ogbo, Osita, Akorede, Ifegwu, Lawrence, Emmanuel, Deborah, and Kingsley (2019) re-

ports that children under five whose mothers had primary education or less had a 38%

higher mortality risk compared to those whose mothers had secondary education or

more. Accordingly, I set the mortality rate for children of secondary-educated parents

to be 38% lower relative to children of parents with lower education (primary completed

or no education) levels.

The last parameter, m, captures malaria’s adverse effect on children’s human capital ac-

cumulation conditional on schooling. Its magnitude governs how educational invest-

ments respond to changes in malaria risk and, through the quantity–quality tradeoff,

how fertility adjusts. As shown in Section 2.4, a lower value of m amplifies the increase

in educational investment and induces a sharper decline in fertility following malaria

reduction.

I set m = 0.85, implying that malaria reduces returns to schooling by about 15% for af-

fected children. Evidence from both epidemiology and economics supports values of

m meaningfully below one. Epidemiological studies document sizable cognitive and

educational impairments from childhood malaria exposure: Fernando, Gunawardene,

Bandara, De Silva, Carter, Mendis, and Wickremasinghe (2003) show that Sri Lankan

children with fewer than three malaria episodes score at least 15% higher on school

and special examinations than children with more frequent infections, and Al Serouri,

Grantham-McGregor, Greenwood, and Costello (2000) find that even a single episode is

strongly associated with poor school performance in Yemen. Previous empirical stud-

ies on historical malaria eradication episodes are consistent with these magnitudes.

For instance, Bleakley (2010) shows that cohorts exposed to malaria in early life earn

10–20% less as adults even after controlling for years of schooling, implying persis-

tent human capital losses beyond schooling quantity. Venkataramani (2012) documents

0.1–0.3 standard deviation declines in adult cognitive outcomes, and Barofsky, Anekwe,

and Chase (2015) reports similar patterns from the malaria campaign in Uganda in the

1960s.

3.2. Internally Calibrated Parameters

The remaining parameters are internally calibrated to match targeted moments from

aggregate data and empirical estimates from the RBM campaign. Specifically, I jointly
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estimate the following ten parameters:

{ηP , ηS, pP , pS, σv, σz, ρz, θ, ω, λn}

Table 2 reports the estimated values of the parameters. The ten parameters are cali-

brated primarily to match aggregate statistics from the pre-RBM Tanzanian economy.

The following subsections describe the calibration and model fit in detail.

Table 2: Parameters and Estimated Values

Parameter Value Description

ηP 1.78 Human capital gain from primary education

ηS 1.25 Human capital gain from secondary education

pP 0.19 Goods cost of primary education

pS 0.62 Goods cost of secondary education

σv 0.02 Standard deviation of idiosyncratic income shock

σz 0.03 Standard deviation of the learning ability draw

ρz 0.83 Intergenerational persistence of learning ability

θ 1.45 Gumbel scale parameter of the fertility taste shock

ω 0.7 Curvature of time cost of childcare

λn 0.20 Curvature of the altruism function

Table 3 summarizes the calibration targets calculated from aggregate data, along with

the corresponding model fit. Primary and secondary school completion rates are com-

puted as the share of individuals between the ages of 18 and 30 whose highest education

level is primary or secondary school, respectively, based on the 2002 Census. Tanzania

introduced a universal primary education initiative in 1978, but as seen in the table,

actual primary school completion rates remain far below the universal coverage, even

among younger cohorts. The two schooling cost parameters, pP and pS, directly influ-

ence these low completion rates. The estimated parameter values for primary (pP ) and

secondary (pS) schooling fees are 0.19 and 0.62, respectively. On the calibrated balanced

growth path, per-child primary schooling fee is 11% of the average household income,

and the per-child secondary schooling fee is 27% of the average household income.14

The education premia that primary- and secondary-educated workers earn relative to

the uneducated group are taken from Table 3 of Leyaro, Twumasi Baffour, Morrissey,
14Total annual education-related cost as a fraction of annual household expenditure is around 43% for

households with children, from the Tanzania National Panel Survey (Pooled for waves 2008, 2010, 2012,
2014).
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Table 3: Targeted Moments and Model Fit

Moments Source Data Model

Education

Primary completion rate (%) Tanzania Census 2002 69.6 69.9

Secondary completion rate (%) Tanzania Census 2002 13.1 13.1

Primary ed. wage premium (%) Leyaro et al. (2014) 59.9 54.7

Secondary ed. wage premium (%) Leyaro et al. (2014) 115.2 119.7

Differential Fertility

Total fertility rate Tanzania DHS 1999 5.90 5.82

Total fertility rate, unskilled parents Tanzania DHS 1999 6.06 6.12

Total fertility rate, skilled parents Tanzania DHS 1999 3.08 3.04

% Secondary parents with 8 or more children Tanzania DHS 1999 5.78 6.20

Intergenerational Mobility and Inequality

Primary-Secondary IGM Alesina et al. (2021) 13.9 12.9

Gini coefficient Younger et al. (2016) 0.38 0.44

and Owens (2014), who estimated these premiums using the 2001/2006 Tanzania Inte-

grated Labour Force Survey.15 The parameters related to these moments are ηP and ηS,

which govern the increase in human capital from completing primary and secondary

schooling, respectively. The estimated values are 1.78 for primary education and 1.25

for secondary education.

Several parameters jointly influence fertility behavior in the model. First, the intergen-

erational discount function, b(n) = nλn , includes parameters that determine the degree

of intergenerational altruism with respect to the number of children. These parameters

are central to both fertility and education decisions. The estimated parameter value for

λn is 0.2, chosen to match the overall fertility rate. Another key fertility parameter is ω,

which governs the curvature of the time cost of child-rearing relative to the number of

children. A higher time cost leads high-skilled parents to have fewer children, generat-

ing a stronger negative relationship between income and fertility. Consequently, I es-

timate ω to match the observed fertility differential between skill groups; its estimated

value is 0.7. Lastly, the estimated Gumbel scale parameter θ for fertility preference is

1.45. This parameter captures variation in fertility choices unexplained by economic in-

15Multiple sources provide similar estimates of wage premiums. Leyaro et al. (2014) relies on the In-
tegrated Labour Force Survey (ILFS) and urban worker samples. Joseph (2020) also uses the ILFS, with
primary-educated workers as the reference group. Similarly, Mlacha and Ndanshau (2018) uses the ILFS
and reports comparable results.
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centives. In the data, approximately 5.8% of highly educated women have more than

eight children; the model produces a comparable number.

The remaining two parameters relate to intergenerational mobility and income inequal-

ity in the model. The first is the AR(1) persistence parameter of children’s learning abil-

ity, ρz, and the second is the variance of the shock in the AR(1) process, σz. Intuitively,

higher persistence reduces intergenerational mobility. To discipline these parameters, I

target a measure of intergenerational upward mobility estimated by Alesina, Hohmann,

Michalopoulos, and Papaioannou (2021). Specifically, I match primary-to-secondary

intergenerational mobility, which is defined as the likelihood that children born to par-

ents with only primary education complete secondary schooling. The estimated per-

sistence parameter ρz is 0.83. Lastly, parameter σv governs the standard deviation of

the idiosyncratic human capital shock in adulthood. This parameter is calibrated by

matching Tanzania’s 2010 income Gini coefficient, as reported by Younger, Myamba,

and Mdadila (2016), calculated using the Tanzania Household Budget Survey.

3.3. Validation: Replicating the RBM Campaign in the Model

Up to this point, the parameterization has focused on matching key aggregate and dis-

tributional characteristics of the pre-RBM Tanzanian economy. These aggregate mo-

ments are informative in that they place restrictions on the potential macroeconomic

effects of malaria eradication. This subsection provides an out-of-sample validation

exercise by assessing whether the calibrated model reproduces the reduced-form re-

sponses of fertility and schooling observed during the Roll Back Malaria (RBM) cam-

paign, a large-scale antimalarial campaign that took place in early 2000s in sub-Saharan

Africa.

3.3.1. The Roll Back Malaria (RBM) campaign

The Roll Back Malaria (RBM) Partnership was launched by the WHO, the World Bank,

and the United Nations in 1998. It aimed to halve the global malaria burden between

2000 and 2010. Relative to earlier initiatives, a distinguishing feature of RBM was its

large external funding. Total funding was approximately $4.6 billion between 2003 and

2009, and 81 of 108 malaria-endemic countries received support during this period (Jo-

hansson, Cibulskis, Steketee et al., 2010). Because sub-Saharan Africa accounted for

around 85% of the global malaria burden, a large share of this funding was directed

to African countries. The RBM strategy emphasized distribution of insecticide-treated

nets (ITNs) and indoor residual spraying (IRS), both of which reduce malaria transmis-

sion. Global malaria-related deaths declined substantially through 2014 relative to the
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early 2000s (World Health Organization, 2016).16

The empirical benchmarks are drawn from Kuecken et al. (2021), who study the RBM

campaign across sub-Saharan Africa. Their analysis compares outcomes before and af-

ter the campaign across locations with different baseline malaria prevalence. Areas with

higher pre-campaign malaria risk experienced larger declines in fertility and larger in-

creases in children’s educational attainment. Their estimates imply that the RBM cam-

paign reduced the probability of infant mortality by 1 percentage point, reduced the

probability of birth by 0.4 percentage points, and increased educational attainment by

0.4 years. These estimates summarize household responses to an exogenous reduction

in malaria risk induced by RBM and therefore provide a benchmark for the model’s be-

havioral responses. I replicate RBM in the model, rescale these empirical moments to be

consistent with simulated outcome measures, and compare the reduced-form effects in

the data and in the model.

3.3.2. Implementing the RBM campaign in the model

I introduce the RBM campaign as an unexpected, location-specific reduction in malaria

risk. Malaria prevalence declined by 72% on average between 2001 and 2012, and the

largest decline occurred in the highest-prevalence location (Figure A.3). Guided by these

magnitudes, I reduce the morbidity probability χm
ℓ and the malaria-attributed compo-

nent of mortality, µ × χd
ℓ , by location-specific proportions. The observed reductions in

malaria risk are {61%, 75%, 75%, 77%} across the four locations.

Just like the RBM campaign was an exogenous reduction in malaria risk, households in

the model do not anticipate the campaign. I first simulate the balanced growth path

under pre-RBM malaria risk and then introduce the RBM intervention as an unantic-

ipated shock. Households then adjust their fertility and education decisions based on

the new decision rules under the new malaria environment. These treated households

correspond to those exposed to the RBM campaign in the data. Households on the ini-

tial balanced growth path (without the RBM shock) correspond to households (and their

children) born before the RBM campaign.

3.3.3. Mapping Empirical Estimates to Simulated Moments

Using simulated data from economies with and without the RBM intervention, I then

estimate regressions that mirror the empirical specification, relating lifetime fertility

16Nevertheless, the RBM campaign did not eradicate malaria in sub-Saharan Africa. Progress has
slowed in recent years due to antimalarial drug and insecticide resistance as well as funding constraints,
and some countries have experienced resurgence in malaria prevalence (World Health Organization,
2025). This supports vaccination as a potentially more effective tool for achieving eradication.
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and completed schooling to post-campaign exposure and baseline malaria risk.

yiℓc = β1 + β2Postc + β3 (Postc × malaria 2000ℓ) + δℓ + ϵiℓc

where i indexes households, ℓ indexes locations, and c indexes birth cohorts. The indi-

cator Postc equals one if cohort c is born after the RBM campaign was introduced and

zero otherwise. The variable malaria2000ℓ denotes malaria prevalence in location ℓ in

the pre-RBM period, which is our baseline balanced growth path. Following Kuecken

et al. (2021), I include location fixed effects δℓ to control for baseline regional differ-

ences in malaria prevalence. The outcome yiℓc denotes the three endogenous variables

that households adjust in response to the changed disease environment: Child mortal-

ity (the number of children who died in household i), fertility (the number of children

ever born to household i), or children’s educational attainment (years of schooling com-

pleted by the children of household i).

I then compare coefficients from the above regression with simulated data to their data

counterparts. In Kuecken et al. (2021), fertility and mortality responses are estimated as

changes in the woman-year probability of birth and infant death. In the model, fertility

and mortality are defined at the woman-lifetime level, as the total number of births

and child deaths over the life cycle. I therefore convert the reduced-form estimates into

woman-lifetime units. Appendix C provides details on this mapping. In these units, the

point estimates imply 0.14 fewer births and 0.07 fewer infant deaths per woman over the

life cycle. Schooling effects are directly comparable and correspond to 0.43 additional

years of schooling for exposed children. Table 4 reports the resulting effects for both

the data and the model. All coefficients are evaluated at the average pre-intervention

malaria risk for ease of interpretation.

Evaluated at the average pre-RBM malaria risk, the model-implied effects of the RBM

are of a reasonable magnitude relative to the empirical confidence intervals. The reduc-

tion in child mortality in the model is exactly aligned with the reduction in infant mor-

tality observed during the RBM campaign, reflecting that the empirically observed de-

clines in malaria-attributed mortality and morbidity during the RBM period are fed into

the model. The model also reproduces the correct direction of the fertility and school-

ing responses, although it slightly overshoots the fertility decline and undershoots the

increase in years of schooling. However, note that none of these estimates are directly

targeted in the calibration. Overall, this validation exercise supports the view that the

model’s quantity-quality mechanism generates empirically plausible behavioral responses
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Table 4: Validation: Effects of the RBM Campaign in the Data and the Model

Moments Data Model

RBM Effect on Child Mortality
−0.07 −0.07

(−0.13,−0.01)

RBM Effect on Gross Fertility
−0.14 −0.21

(−0.24,−0.07)

RBM Effect on Schooling (Years)
0.43 0.31

(0.35, 0.51)

Notes: The Data column reports the RBM reduced-form effects from Kuecken et al. (2021). Child mortal-

ity and gross fertility estimates are converted to women-lifetime units to make them comparable to the

model moments. The Model column reports the corresponding coefficients estimated on simulated data

using the regression specification above. Effects are evaluated at the average pre-RBM malaria risk (PfPR

= 0.327). Parentheses contain 95% confidence intervals.

to malaria reduction.

4. Macroeconomic Consequences of Eradicating Malaria

Using the model, this section reports the results of two computational exercises that

quantify the impact of malaria eradication on per capita income, educational attain-

ment, and fertility. Malaria eradication is modeled by implementing a nationwide vac-

cination campaign. Vaccination has long been considered the ultimate tool to eradicate

malaria, though progress toward an effective vaccine has been historically slow.17 How-

ever, two recently developed malaria vaccine are known to provide up to 75% effective

in preventing the disease among children under five.18 Motivated by these factors, I

adopt vaccination as the policy instrument to achieve malaria eradication in the model.

Through the lens of the model, vaccination is represented as a 75% reduction in malaria

mortality (µ× χd
ℓ ) and morbidity shock probability (χm

ℓ ) for all locations ℓ.

I report the results from two computational exercises. The first exercise examines the

short-run effects of malaria eradication, focusing on the immediate, one-generational

impact. This captures the direct benefits experienced by children who receive the vac-

cination. I keep the wages for each skill group unchanged in this exercise, to better iso-

late the mechanism. The second exercise considers the long-run effects by computing

17Large-scale spraying of DDT (dichloro-diphenyl-trichloroethane) and other pesticides was a primary
method to eradicate malaria in the past. However, it is no longer recommended due to concerns about
its harmful effects on the environment and human health.

18Demand for an effective vaccine is also high: in a nationally representative 2011 survey conducted in
Tanzania, 95% of respondents expressed willingness to vaccinate their children against malaria, if avail-
able (Romore, Ali, Semali, Mshinda, Tanner, and Abdulla, 2015).
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the new balanced growth path following vaccination. This analysis reflects intergen-

erational effects, where healthier parents respond by reducing fertility and increasing

educational investments. In this framework, wages for each skill group are also allowed

to adjust endogenously. For the long-run analysis, I also report outcomes for complete

malaria eradication, assuming a hypothetical 100% vaccine efficacy. While these long-

term gains may take time to materialize, the results shed light on the quantitative im-

portance of childhood health in explaining cross-country income differences.

4.1. Short-Run Impact of Malaria Vaccine

The first exercise quantifies the short-run, one-generational impact of the malaria vac-

cine. Conceptually, this exercise is similar to simulating the RBM campaign within the

model. The key difference is that while the RBM simulation uses the observed reduc-

tion in malaria risk from the data, the short-run vaccine simulation assumes a uniform

75% reduction in malaria risk. The RBM simulation is primarily used to discipline the

behavioral responses in the model—Table 4 reports the corresponding coefficients from

the individual-level regressions. In contrast, the short-run vaccine simulation provides

a benchmark for the aggregate, economy-wide gains from malaria eradication in the

short term by aggregating individual-level outcomes.

The first column of Table 5 presents the impact of malaria vaccination on aggregate

educational attainment and per capita income. The first column reports the changes

in the corresponding moments calculated from the cohorts born after the eradication.

For per capita income, I measure income at age 18, the point at which individuals in

the model enter the labor market. The results indicate that malaria eradication through

vaccine distribution would increase the per capita income of vaccinated children by an

average of 6.93%. This increase is driven by improved educational attainment during

childhood, as parents respond to the enhanced health environment by recognizing the

higher returns to education. The primary school completion rate rises by 1.5 percentage

point. Despite the higher opportunity cost of secondary schooling—since children now

acquire more human capital during primary school and thus can earn more if they enter

the labor market instead—the secondary school completion rate still increases by 2.7

percentage points.

While the observed increases in primary and secondary school completion rates high-

light the role of additional years of schooling in raising income, they also reflect other

channels through which malaria eradication enhances children’s human capital, such

as improved learning within schools resulting from higher cognitive ability. The model
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Table 5: Short-Run Effects of Malaria Vaccination

Baseline
No Improvement Exogenous

in Morbidity Fertility

Primary completion rate (%) + 1.45 + 1.45 + 0.52

Secondary completion rate (%) + 2.74 + 2.74 − 0.55

∆ Per capita income + 6.93% + 2.09% + 3.09%

Notes: This table shows the short-run, one-generational effects of the malaria vaccine on children’s ed-

ucational attainment and earnings in the first period of adulthood. The numbers in the second column

are calculated from a simulation where I do not allow parents to make endogenous fertility choices and

assign the number of children corresponding to the pre-vaccine balanced growth path. Parents still make

the education investment choice in this case.

explicitly captures these broader effects: the malaria vaccine improves human cap-

ital not only by increasing school enrollment but also by enhancing learning within

schools through eliminating morbidity shocks. The latter channel, which has not been

considered in previous studies, turns out to be quantitatively important. For instance,

Ashraf et al. (2008) assumes that malaria eradication raises human capital solely via in-

creased years of schooling, ignoring within-school improvements. Consequently, their

estimated long-run per capita income gain from malaria eradication is modest, around

2%. In contrast, even the short-run per capita income gain predicted by this model

(6.93%) is more than three times as large.

To assess the quantitative implications of improved learning within schools, I calculate

the short-run average gain in per capita income under a counterfactual scenario where

educational attainment increases, but the amount of human capital acquired in school

remains unchanged. In this scenario, children continue to suffer from the adverse ef-

fects of malaria on human capital, m, yet attain higher levels of education anyway. The

results are presented in the second column of Table 5. The model predicts that without

improved learning in school, the predicted increase in earnings would be only 2.09%.

This suggests that the increase in years of schooling alone accounts for just 30% of the

total gain in human capital, underscoring the importance of enhanced learning out-

comes as a key driver of higher per-capita income.

The finding that improved learning within schools is essential for generating income

gains following malaria eradication also aligns with empirical evidence from historical

malaria eradication episodes. For example, Bleakley (2010) examines malaria eradica-

tion campaigns in six Latin American countries around 1955 and finds that while the
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campaign increased adult earnings of affected cohorts by over 20%, higher educational

attainment accounted for only 25% of this increase. This further emphasizes that the

gains in human capital following malaria eradication operate through channels beyond

schooling alone, highlighting the importance of considering the quality of human cap-

ital improvement.

Another channel through which malaria eradication raises per capita income is the

quantity-quality tradeoff. When malaria risk declines, households in the model respond

by reducing fertility. This reduction in fertility, in turn, allows parents to allocate more

resources toward educational investments for their fewer children. To quantify this

mechanism, I generate the same moments under a counterfactual scenario in which

households are not allowed to adjust their fertility. The results, reported in the last col-

umn of Table 5, underscore the importance of the quantity-quality tradeoff. In this sce-

nario, the per capita income gain and the increase in primary school enrollment are

both reduced by more than half, while the change in secondary school enrollment even

becomes negative. These findings highlight the central role of fertility adjustments in

amplifying the long-term gains from malaria eradication.

4.2. Long-Run Impact of Malaria Eradication

The second exercise computes the long-run macroeconomic impacts of malaria erad-

ication on the economy’s new balanced growth path. It is hard to believe that malaria

eradication affects only one generation, without influencing subsequent generations’

educational decisions. If children benefited from eradication further increase educa-

tional investment in their offspring, the long-run increase in per-capita output could be

even larger. The overlapping-generations structure and intergenerational linkage em-

bedded in the model explicitly capture this mechanism. The long-run computations

also account for endogenous adjustments in both skilled and unskilled wages in re-

sponse to the changing skill composition of the workforce. These long-run results may

be less immediately relevant for policymakers evaluating vaccine distribution, given the

time required for such effects to materialize. Nevertheless, the long-run exercises are

useful in providing informative benchmarks for assessing the aggregate economic loss

attributable to the burden of malaria.

Table 6 displays the baseline results for the long-run, general equilibrium effects of

malaria eradication. The second column is the long-run steady state of the economy

where both malaria mortality (µ× χd
ℓ ) and morbidity probabilities (χm

ℓ ) for all locations

ℓ are lowered by 75%, the level of efficacy of currently available malaria vaccines. The
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Table 6: Long-Run General Equilibrium Impact of Malaria Vaccines

Baseline
Vaccine w/ Full

75% Efficacy Eradication

Education

Primary completion rate (%) 69.9 72.3 73.8
Secondary completion rate (%) 13.1 16.6 18.3

Differential Fertility

Total fertility rate 5.82 5.35 5.17
Total fertility rate, unskilled parents 6.12 5.68 5.50
Total fertility rate, skilled parents 3.04 2.87 2.81

Intergenerational Mobility and Inequality

Primary-Secondary IGM 12.9 17.0 18.0
Gini coefficient 0.44 0.43 0.42

Change in Per Capita Income and Prices

∆ Per Capita Income +6.7% +9.5%
∆ Unskilled wage +0.4% +1.1%
∆ Skilled wage −1.3% −3.6%

Notes: This table reports the long-run, general equilibrium effects of nationwide malaria vaccination. The

first column is the baseline calibrated economy. The second column is the economy where both malaria-

attributed mortality (µ × χd
ℓ ) and morbidity probabilities (χm

ℓ ) are lowered by 75%, the level of efficacy

of currently available malaria vaccines. The third column corresponds to the hypothetical vaccine with

100% efficacy, fully eradicating malaria.

third column corresponds to the steady state economy with a hypothetical vaccine with

100% efficacy, hence entirely eradicating malaria. In addition to the educational attain-

ment and per capita income, Table 6 also reports outcomes related to fertility, intergen-

erational mobility, and inequality. It also presents how unskilled and skilled wages (wU

and wS) respond to the changing skill composition of the workforce.

Focusing on the scenario of 75% efficacy vaccine, the long-run results on education and

per capita income are qualitatively similar to the short-run outcomes, but the magni-

tudes are nearly twice as large. This larger long-run gain is driven by intergenerational

dynamics: healthier children not only achieve higher income themselves, but also in-

vest more in their own children’s education while choosing to have smaller families.

This amplification mechanism is similar to that of Daruich (2026), who show that early-

childhood investments by the government improve parental background for the next

generation, thereby reinforcing human capital accumulation over time.
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In both the short and long run, improved educational attainment is the primary channel

through which per capita income rises. Fertility declines across both skill groups, indi-

cating that in the new steady state, households are having fewer children and allocating

more resources to each child’s education—an expression of the quantity-quality trade-

off also observed in the short-run results. As a result, population growth in the long-run

steady state is 0.2 percentage points lower. Lastly, the relative wage of unskilled work-

ers rises by 0.4 percent while the skilled wage falls by 1.3 percent, reflecting the larger

supply of skilled workers in the post-vaccine steady state.19

The model also predicts improvements in intergenerational mobility and a reduction

in inequality. Specifically, the probability that children of parents who completed pri-

mary school attend secondary school increases by 4.1 percentage points. When a child

contracts malaria, unskilled parents are less likely than skilled parents to invest in the

child’s education. That is, more educated parents are better able to compensate for the

adverse effects of malaria on their children. Vaccination narrows this gap in educational

investment by reducing the incidence of malaria, leading to lower income inequality.

Turning to the complete eradication scenario, the 9.5% increase in long-run per capita

income predicted by the model appears notably larger than estimates reported in the

existing literature. Acemoglu and Johnson (2007) examines the impact of increased life

expectancy on economic growth by exploiting substantial improvements in longevity

driven by international health interventions in the 1940s. They find a relative decline

in GDP per capita in countries that experienced large gains in life expectancy, suggest-

ing that improved survival rates primarily contributed to population growth rather than

economic expansion. At first glance, the reduction in per capita output seems incon-

sistent with the model’s prediction of a substantial long-run income gain. However, the

model also indicates that a decrease in mortality is not sufficient to generate transfor-

mative gains in per capita income if a decrease in morbidity does not accompany it.

Column 2 of Table 7 presents long-run steady-state results for a scenario where only

mortality declines, while the morbidity risk from malaria remains unchanged. This cor-

responds to a setting where life expectancy rises without improving health quality, par-

ticularly in dimensions that affect learning outcomes.20 Consistent with the findings of

19The rise in unskilled wage and fall in skilled wage is consistent with Khanna (2023), who finds a large
decline in the relative wages of skilled workers following an expansion in schooling in India.

20Several features of the period studied by Acemoglu and Johnson (2007) suggest that the international
epidemiological transition did little to enhance children’s learning outcomes. In the 1940s, schooling was
not universal, preventing many children from taking advantage of improved health by attending school.
Moreover, child labor was more prevalent due to the absence of strong legal restrictions, further limiting
the potential for educational investments.
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Acemoglu and Johnson (2007), the model predicts a 0.4% reduction in per capita income

in the long run, alongside an increase in the population growth rate.

Table 7: Decomposition of the Long-Run Effects of Complete Eradication

Pre-Vaccine Lower Lower Lower
BGP Mortality Morbidity Both

Population Growth Rate (%) 4.01 4.06 3.54 3.61

Primary Completion Rate (%) 69.9 67.3 77.1 73.8

Secondary Completion Rate (%) 13.1 13.6 18.2 18.3

∆ Per capita earnings − 0.4% + 10.9% + 9.5%

Notes: This table shows the long-run changes in educational attainment and per-capita output when

mortality and/or morbidity are lowered. The second column contains the results from a simulation with

a 100% reduction in malaria-attributed mortality (µ × χd
ℓ ) while the morbidity shock probability (χm

ℓ ) is

unchanged. The third column contains the results from a simulation with no change in malaria mortality

while the morbidity shock is removed. The last column is the baseline long-run simulation, where both

mortality and morbidity probabilities are lowered.

The reason that quantitatively similar reductions in mortality yield markedly different

outcomes in per capita income lies in the endogenous responses of fertility and human

capital investment. When a decline in mortality is not accompanied by a reduction in

morbidity, the quantity–quality tradeoff predicts that parents will respond by having

more children, as the risk of child loss has diminished. This, in turn, lowers per-child ed-

ucational investment, resulting in reduced educational attainment and, consequently,

lower per capita income. In contrast, when morbidity declines without a corresponding

drop in mortality, per capita income rises even more, as parents reduce fertility further

and allocate greater resources to each child’s education. This mechanism is illustrated

in the third column of Table 7. The calibrated model suggests that, in the case of malaria,

the effect of reduced morbidity dominates. These findings underscore that a unidimen-

sional, mortality-focused approach to modeling disease may lead to biased conclusions.

4.3. Cost-Benefit Analysis of Malaria Vaccines

Although the long-run increase in output per capita is substantial, producing and ad-

ministering vaccines at scale can be costly. For instance, Sicuri, Yaya Bocoum, Nonvi-

gnon, Alonso, Fakih, Bonsu, Kariuki, Leeuwenkamp, Munguambe, Mrisho et al. (2019)

estimates that, depending on the per-dose price, the total cost of administering a malaria

vaccine ranges from 24 to 48 USD per child in Tanzania, including all associated ex-
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penses.21 Furthermore, the actual efficacy of the vaccine may fall short of the current

75% estimate. If efficacy is lower, the vaccination costs could potentially exceed the

resulting benefits.

Figure 4: Vaccine Efficacy and the Cost of Vaccination

Reported Efficacy (75%)
2024 R21/Matrix-M vaccine

Per capita cost as % of GDP
(assuming per-dose price of 5 USD)
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To assess whether the gains in per capita income are sufficient to justify the costs, I

solve for the post-vaccination balanced growth path across a range of efficacy levels and

compare the resulting income increases per year to the per-year cost of vaccination. The

annual spending as a share of GDP under a steady rollout can be expressed as:

Cost share of GDP =
(doses/child)× (price/dose) × (% population vaccinated/year)

GDP

Following Sicuri et al. (2019), I assume a per-dose cost of 5 USD, implying a total vac-

cination cost of 24.9 USD per child in 2015 dollars. Given Tanzania’s GDP per capita

21According to Datoo, Natama, Somé, Bellamy, Traoré, Rouamba, Tahita, Ido, Yameogo, Valia et al.
(2022), complete vaccination requires four doses—three initial doses and a booster one year later.
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in 2001 was 573 USD22 and the crude birth rate of 41 in 2001, this amounts to ap-

proximately 0.18% of the annual GDP. Figure 4 presents the cost-benefit comparison

across efficacy scenarios. The vertical line at 75% marks the reported efficacy of the

R21/Matrix-M vaccine, while the horizontal line indicates the vaccination cost as a share

of GDP per capita.

The figure illustrates that, at the currently reported efficacy of the R21/Matrix-M vac-

cine, both the short- and long-run increases in per capita income vastly outweigh the

cost of vaccination. Given that the malaria vaccine rollout continues to be delayed by

funding challenges, these results strongly support prioritizing investments to acceler-

ate vaccine deployment. Duncombe et al. (2024) estimate that, at the current funding

pace, universal vaccination coverage would only be achieved by 2035, resulting in ap-

proximately 2.5 million preventable child deaths. The cost-benefit analysis implies that

substantial macroeconomic benefits may also be forgone due to delayed vaccine distri-

bution.

The model also provides insights on which geographic areas should be prioritized. From

a cost-effectiveness perspective, the model suggests that malaria vaccination should be

recommended for children living in locations with moderate to high malaria prevalence.

Figure 5 illustrates the heterogeneous effects of vaccination across regions with varying

baseline malaria prevalence. While there is substantial variation in the per capita in-

come gains, vaccination is cost-effective in the short run in all locations. In the highest-

prevalence locations, the long-run income gains reach up to 28%, implying substantial

economic benefits of geographically targeted vaccination efforts.

5. Conclusion

High mortality and poor health conditions have long been viewed as critical obstacles

to economic development in poorer countries. Malaria, in particular, remains a major

burden in sub-Saharan Africa, responsible for over 600,000 deaths annually. Beyond

mortality, malaria infection leaves lasting cognitive impairments on surviving children,

weakening educational outcomes and lowering labor productivity in adulthood.

This paper develops an integrated framework that combines a structural general equi-

librium model with empirical evidence from a recent malaria-control intervention to

credibly quantify the macroeconomic effects of malaria eradication. The model incor-

porates several relevant features, such as endogenous fertility, childhood human capital

22All figures are in 2015 constant dollars.
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Figure 5: Post-Vaccine Change in Per Capita Income Across locations
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accumulation through schooling, and malaria represented as a negative health shock.

The calibrated model also replicates the reduced-form estimates obtained from Tanza-

nia’s Roll Back Malaria campaign.

The results indicate that the gains from eradicating malaria would be much larger than

previously estimated in the macroeconomic literature. The model predicts a 9.5% in-

crease in per-capita income from eradicating malaria. These gains primarily arise from

improved learning capacity per year of schooling and adjustments in fertility decisions

driven by the quantity-quality tradeoff. Evaluating the costs and benefits, the model

suggests that a nationwide malaria vaccination policy would be highly cost-effective,

supporting the roll-out of the recently developed vaccines with 75% efficacy.

I conclude by recognizing some limitations of this study and suggesting future avenues

for research. First, health improvements may stimulate economic growth through ad-

ditional channels not explored in this paper. As highlighted by Banerjee and Duflo

(2005), increased savings and capital accumulation could be another important mech-

anism. Analyzing this channel would require more detailed data on household assets

over a longer time horizon. Second, while the framework presented here can be ex-

tended to other diseases, this paper specifically focused on malaria. Studying a single

disease has an advantage over examining health in general, because it is easier to ob-

tain well-identified causal estimates. However, there are many other diseases prevalent

in low-income countries, whose elimination could potentially improve living standards

significantly. A challenge in studying multiple diseases simultaneously arises because
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diseases often interact, and these interactions must be carefully accounted for. Future

research could explore this avenue.
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Appendix

A. Additional Tables and Figures
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Figure A.1: Spatial distribution of malaria prevalence in Tanzania, pre- and post-RBM

(a) PfPR in 2001

(b) PfPR in 2012

Notes: Geographic boundary is at the level of districts, which are the second-level administrative units

in Tanzania. Boundaries were harmonized between 1988 and 2012 to account for political boundary

changes across census years. Data downloaded from the IPUMS-International (Minnesota Population

Center, 2020). PfPR data are taken from the Malaria Atlas Project (Hay and Snow, 2006; Malaria Atlas

Project, 2026).
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Figure A.2: Change in malaria risk for Tanzanian regions, conditional on malaria risk in
2001
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Figure A.3: Time trend of regional malaria prevalence in Tanzania based on the four
pre-campaign malaria prevalence categories
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gional malaria prevalence data obtained from the Malaria Atlas Project (Malaria Atlas

Project, 2026).
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Figure A.4: Fertility, Malaria Prevalence, and Per Capita Income Across Sub-Saharan
African Countries before the RBM campaign
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Table A.1: Malaria in Tanzania Among Children under age 10

Top 5 illnesses that led to hospitalization (%)
Wave 1 Wave 2 Wave 3 Wave 4 Average

Malaria - 41.21 49.1 39.62 43.27
Fever - 21.21 15.77 21.92 19.68
Stomach - 7.58 3.58 4.23 5.29
Diarrhea - 5.45 6.45 1.92 4.72
Headache - 0.91 0 0.38 0.46

Note: From Tanzania Household Panel Survey, wave 1 (2008) – wave 4 (2014).

The survey questions were ”What is the 1st type of illness or injury did

[NAME] had that led to his/her hospitalization?”
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Table A.2: Fertility, Malaria Prevalence, and GDP per capita in 2000 for SSA countries

Country TFR PfPR2−10 GDP pc

Population-weighted SSA Average 5.73 0.299 2,467

Tanzania 5.67 0.327 1,268
Angola 6.64 0.282 2,550
Benin 5.94 0.400 2,434
Botswana 3.29 0.002 12,417
Burkina Faso 6.52 0.702 1,563
Burundi 6.87 0.493 813
Cameroon 5.51 0.398 3,299
Central African Republic 5.85 0.558 1,090
Chad 7.25 0.175 1,442
Comoros 5.23 0.044 3,332
Equatorial Guinea 5.83 0.472 9,861
Ethiopia 6.65 0.023 638
Gabon 4.47 0.432 12,515
Ghana 4.83 0.528 3,766
Guinea 5.92 0.486 2,918
Guinea-Bissau 5.79 0.478 1,945
Kenya 5.14 0.194 2,725
Liberia 5.88 0.556 1,042
Madagascar 5.67 0.177 1,341
Malawi 6.00 0.397 1,020
Mali 6.89 0.481 1,440
Mauritania 5.46 0.062 3,588
Mozambique 5.83 0.520 962
Namibia 3.99 0.052 6,866
Niger 7.83 0.262 1,158
Nigeria 6.12 0.462 995
Rwanda 5.97 0.192 1,011
Senegal 5.50 0.160 2,909
Sierra Leone 6.36 0.523 1,193
South Africa 2.41 0.000 11,315
Sudan 5.60 0.057 2,542
Togo 5.17 0.486 1,569
Uganda 6.79 0.500 1,392
Zambia 5.92 0.350 1,506
Zimbabwe 4.01 0.102 3,817

Note: TFR data from the UN World Development Indicator (World Bank,

2026). PfPR data taken from the Malaria Atlas Project (Malaria Atlas Project,

2026)/ GDP and population data from the Penn World Table (Feenstra et al.,

2015). Per capita GDP is expressed as constant 2021 USD. Year is 2000 for all

three variables.
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B. Definition of Equilibrium and Balanced Growth Path

B.1. Recursive Competitive Equilibrium

To simplify notation, denote the vector of an age-j individual’s state variables (a, s, v, sk, hk, zk,m, n)

by Xj , and the distribution of these state variables at age j by µ(Xj). A recursive com-

petitive equilibrium consists of:

(a) Household value functions Vj(X) and policy functions cj(X), a′j(X), n4(X), e5(X), e6(X)

(b) Wages per efficiency unit for each skill group, wU and wS,

such that:

(i) The value and policy functions (V, a′, c, n4, e5, e6) solve the individual’s optimiza-

tion problem, given prices wU and wS.

(ii) The representative firm maximizes profits, implying wages:

wU = A
[
(HU +HP )

λ−1
λ + (HS)

λ−1
λ

] 1
λ−1

(HU +HP )
− 1

λ ,

wS = A
[
(HU +HP )

λ−1
λ + (HS)

λ−1
λ

] 1
λ−1

H
− 1

λ
S .

(iii) Wages wU and wS clear the labor market.

B.2. Balanced Growth Path

A balanced growth path is a particular case of the recursive competitive equilibrium

that satisfies additional conditions. Let P denote the aggregate population. A balanced

growth path is a recursive competitive equilibrium in which:

(A) Aggregate population grows at a constant rate: P ′

P
= ν for some constant ν.

(B) The distribution of households is stationary: µ′(Xj) = µ(Xj) for all j.

(C) Decision rules in (a) are stationary and independent of P .
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C. Mapping Reduced-Form Estimates from Kuecken et al.

(2021) into Model-Consistent Units

This appendix explains how we convert the reduced-form estimates in Kuecken et al.

(2021) into quantities that are consistent with the units used in our quantitative model.23

C.1. Regression specification in Kuecken et al. (2021)

Kuecken et al. (2021) estimate the impact of the Roll Back Malaria (RBM) campaign on

infant mortality and fertility using the demographic and health survey (DHS) microdata.

For infant mortality, the baseline regression can be written as:

diℓct = β0 + β1 · Postc + βIM · (Postc × malaria2000ℓ) +Xiℓct
′γ + µc + λℓ + εiℓct, (5)

where diℓct is an indicator equal to one if woman i, born in DHS cluster ℓ, belonging to

cohort c and surveyed in year t, had experienced an infant death (death within the first

year of life). malaria2000j denotes pre-campaign malaria risk, Postc measures exposure

to the RBM campaign, and Xijct includes controls such as wealth and mother age. µc

and λℓ are cohort fixed effects and DHS cluster fixed effects, respectively. Because diℓct is

binary, βIM captures the change in the probability of infant death per birth, expressed

in percentage points. Fertility is estimated using an analogous specification:

biℓct = β0 + β1 · Postc + βF · (Postc × malaria2000ℓ) +Xiℓct
′γ + µc + λℓ + εiℓct, (6)

where biℓct is an indicator equal to one woman i, born in DHS cluster ℓ, belonging to

cohort c and surveyed in year t gave birth in year t. The coefficient βF measures the

change in the annual probability of giving birth.

C.2. Converting infant death probabilities to lifetime fertility

The fertility coefficient βF represents a change in the probability that a woman gives

birth in a given year. Let T F denote the length of the reproductive lifespan, typically

assumed as 34 years (from age 15 to 49) in demographics literature. Aggregating over

the reproductive years, the implied change in lifetime fertility is

∆B = βF · T F .

23The original specification has country dimension. For illustration purposes, I omit it here as the
model is calibrated to a single country. See Kuecken et al. (2021) for the full specification.
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The converted ∆B represents the change in the expected number of births per woman

over her lifetime, which is the fertility object used in the model. Given that βF = −0.011,

average PfPR in Kuecken et al. (2021) = 0.374 and using T = 34, we have ∆B = −0.011×
0.374× 34 ≈ −0.14

C.3. Converting birth-level mortality to lifetime infant deaths

The infant mortality coefficient βIM measures the change in the probability that a given

birth results in an infant death. Because maternal age is controlled for in equation (5),

βIM reflects an average effect across births, conditional on maternal age and other co-

variates. The expected number of infant deaths per woman is the sum of infant death

probabilities times the average number of children a woman would have if she lived

through her childbearing years (age 15-49), which is typically measured as the total fer-

tility rate (TFR). Therefore, the implied change in lifetime infant deaths is

∆D =
49∑

age=15

∆Pr(infant death) = TFR · βIM .

Given that βIM = −0.032, average PfPR in Kuecken et al. (2021) = 0.374 and using TFR

in 2000 of 5.9, we have ∆D = −0.032 × 0.374 × 5.9 ≈ −0.07. This quantity can be inter-

preted as a change in expected infant deaths per woman. In the model, ∆D is directly

comparable to the reduction in the total number of child deaths per woman.
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