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Abstract

This paper analyzes the relationship between HIV incidence and economic activity –
specifically, export volume – in Africa. Although these are often linked at an individual
level (for example, truckers have high rates of HIV), it has not been possible to estimate
the aggregate relationship due to lack of consistent data on HIV incidence. I develop
new measures of HIV incidence using inference from mortality data. These new
incidence data are consistent over time and across space and, where both are available,
seem to match relatively well to testing data. Using these new data, I find a large and
significant positive relationship between incidence and exports. This has implications for
forecasting and policy. It may also explain some of the prevalence decline in Uganda in
the early 1990s, which is typically attributed to the ABC educational campaign. There
was a major decline in exports in Uganda in this period, and estimates suggest that
between 25 and 50 percent of the prevalence decline was a result of this export decline,
and should therefore not be attributed to the education campaign.

1 Introduction

The HIV/AIDS epidemic is one of the central challenges facing Sub-Saharan Africa. Although

on average over the last twenty-five years the epidemic has been growing everywhere in Africa,

the growth has not been uniform over space, or over time within any area. The ultimate goal

of HIV prevention is achieving slower epidemic growth; given this, understanding what makes

prevalence grow faster or slower is crucial to developing optimal policy.

∗Emir Kamenica, Jesse Shapiro, Andrei Shleifer, Rebecca Thornton and participants in a seminar at the
University of Chicago provided helpful comments
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This paper focuses on the effect of one potentially important driver of HIV incidence:

economic activity, specifically, exports. At an individual level, there are strong linkages

between economic activity and HIV. Migrants and truck drivers are more likely to be infected

with HIV and areas with greater road density and urbanization have higher HIV prevalence

(Lurie et al, 2003; Brewer et al, 1998; Brockerhoff and Biddlecom, 1999; Arnafi et al, 1997;

Arnafi, 1993). However, from a policy perspective, the aggregate relationship – the overall

effect of changes in exports on the path of HIV incidence – is the more relevant question, and

the individual-level linkages do not necessarily indicate a macro-level connection.

Estimating the relationship between exports and HIV in the aggregate, however, is

not possible with existing data on HIV. Until the early 2000s, virtually all data on HIV

prevalence in Africa came from testing of IV drug users, STI patients or pregnant. These are

selected, high-risk, groups and since coverage varies over time it is not possible to accurately

observed trends even among these groups. In the period after 2000, population-based testing

was done in several countries, which gives accurate information on the level of HIV prevalence

(ORC Macro, 2006). However, these data still provide no information on trends over time and

to estimate the relationship between HIV and exports – or between HIV and other variables –

it is necessary to have consistent data on prevalence over time for a long period.

This paper therefore begins by generating new estimates of HIV prevalence and

incidence for Africa, relying on inference from mortality data. I then use these data to

estimate the relationship between exports and new HIV infections. I find a significant positive

relationship between HIV and exports: a doubling of exports appears to lead to between a

doubling and quadrupling of HIV incidence. Finally, I reinterpret evidence from existing

anti-HIV interventions in light of this finding, focusing on the case of Uganda.

The new estimates of HIV prevalence and incidence derived in this paper rely on

inference from mortality data (a similar methodology is suggested in Weinreb, 1999). The

basic concept behind the methodology is illustrated in Figure 1, which shows death rates by

age in Egypt in the 1990s (unaffected by HIV) and Botswana in 2001 (greatly affected by

HIV). Although death rates are similar among young children and older people (suggesting

similar levels of overall development), the death rates in Botswana among prime-age adults

are much higher than in Egypt. Virtually no other disease has this pattern over the life-cycle,
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so the gap in mortality between the two countries is likely to be due almost entirely to HIV.1

The difference in death rates generates an estimate of the number of deaths due to HIV in

Botswana.

Estimating prevalence requires many years of data on mortality, which are not

available from official statistics in Africa. In order to do the estimation, I therefore make use

of sibling mortality histories from the Demographic and Health Surveys to construct mortality

over time.2 Given these mortality data and information on the probability death by time from

infection, it is possible to infer HIV incidence and prevalence.

I estimate incidence and prevalence from the early 1980s to the late 1990s for nine

countries in Sub-Saharan Africa. I validate the new estimates of prevalence by comparing

them to estimates from population-based testing, in cases where the latter are available. The

match is fairly close. The mortality-based estimates are, on average, a bit lower than those

from population-testing (likely due to the fact that the testing data come from several years

later), but the correlation between the two is very strong. Even within a country,

mortality-based prevalence by age and gender group is strongly correlated with

population-based testing for that group. Consistent with recent evidence from population

testing (ORC Macro, 2006), the new estimates here suggest that UNAIDS estimates in the

late 1990s were somewhat overstated.

The second part of the paper turns to using the measures of HIV to estimate the

relationship between HIV incidence and exports. I formalize the connection between the

individual-level and aggregate relationship by presenting a very simple model of epidemic

transmission in which a share of the population travel (migrants, truckers) and have more

sexual partners than the rest of the population. In the model, when this share increases, HIV

incidence also increases and, in terms of magnitude, it suggests that doubling the share of

people in this high-sex group will lead to close to a doubling of new infections. I provide some

1Other authors, notably Feeney (2001) and Timeaus and Jasseh (2004) have used the exitance of this gap to
discuss the effect of HIV on mortality patterns. I am doing, in some sense, the converse: using the mortality
patterns to infer something about HIV.

2Sibling histories have been used by other authors to calculate death rates for countries with limited official
reporting (Bicego, 1997; Timaeus and Jasseh, 2004; Gakidou, Hogan and Lopez, 2004; Stanton, Abderrahim
and Hill, 2000). There is some disagreement about the value of these histories and, in particular, concern about
under-reporting. In the data and results section I will attempt to provide some evidence on the reliability of
the data and, more specifically, on the validity of the data for this particular application.
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simple calibrational evidence on the parameters of the model and argue that due to trucking

alone a doubling of exports should roughly double incidence. This effect will be larger if

increases in exports also increase other migration, as it likely would.

I then estimate the relationship between HIV incidence and export value and volume.

Consistent with intuition in the model, I find a significant relationship between the two series,

controlling for country and year fixed effects, as well as country-specific trends. The

magnitude suggests that doubling exports leads to between a doubling and quadrupling of

new infections. This relationship is stronger in areas with a greater density of roads and areas

closer to major cities, which is consistent with the transit mechanism.

The positive relationship between HIV and exports suggests an alternative

explanation for some of the decline in HIV prevalence in Uganda in the early 1990s. This

decline, which is unique among Sub-Saharan African countries, is credited to the ABC

campaign, which encouraged people to Abstain, Be faithful and use Condoms (for a summary

of the ABC approach, see Green, 2004). ABC has become a central tenant of HIV prevention

in Africa, with extensions to Kenya, Tanzania, Malawi and elsewhere. Both UNAIDS and

PEPFAR have taken this is a major focus of their prevention approaches; in 2004, PEPFAR

spent $100 million of their budget on ABC-related programs.

The results on exports and HIV, however, suggest a possible alternative

interpretation of at least some of the prevalence decline. In the early 1990s there was a large

drop in exports in Uganda, due primarily to a decline in the coffee market. The timing of this

decline lines up extremely closely with the decline in HIV incidence, as can be seen in Figure

2. The magnitude of the relationship between HIV and exports suggests that between 25%

and 50% of the incidence decline in Uganda during this period can be attributed to changes in

economic activity, which in turn suggests that the success of the ABC campaign has been

overstated. Given the policy focus on replication of that success, this finding seems important

to HIV prevention.

The primary contribution of this paper is to estimate the relationship between

exports and economic activity and, more specifically, to argue that the success of the

much-heralded education campaign in Uganda may have been overstated. Outside of the

implications for the ABC campaign, the export results in general may suggest new or
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alternative avenues for HIV prevention. Non-government organizations and multi-lateral

groups like the United Nations focus resources in Africa both on HIV prevention and on

encouraging trade growth (either with macro measures like the African Growth and

Opportunity Act or more micro interventions like Fair Trade). If increases in economic

activity make the HIV epidemic worse, it suggest that groups pursing these goals should do so

in collaboration with each other. These results may also improve our ability to forecast

changes in the spatial orientation of the epidemic – for example, we may expect HIV to

become worse in areas with more road construction.

A second contribution is the new estimates of HIV prevalence. Historically, those

interested in the magnitude of the HIV/AIDS epidemic in Africa have relied on prevalence

estimates reported by UNAIDS. This is true in policy circles (PEPFAR and the World Bank

websites both link directly to UNAIDS data on the epidemic), media reports (articles in the

New York Times (Editorial Desk, 2005; Altman, 2006a; Altman, 2006b) and the LA Times

(Maugh, 2006)) and academic research (Kalemi-Ozan, 2006; Werker, Abhuja and Wendell,

2006; Young, 2006). The reliability of these estimates has been called into question in recent

years by new population-based testing (ORC Macro, 2006) and, although population-based

testing has expanded our knowledge about the current state of the epidemic, consistent data

on the past are virtually impossible to glean from existing sources. These data are crucial,

however, to much of the academic work on the epidemic (Kalemi-Ozan, 2006; Werker, Abhuja

and Wendell, 2006; Young, 2006; Forston, 2006), as well as to understanding trends over time.

The prevalence estimates here provide a true alternative to relying on either inconsistent

testing data or model-generated prevalence for analyses requiring a time series of HIV

prevalence.

The rest of the paper is organized as follows. Section 2 discusses all of the data used

in the paper. Section 3 discusses the methodology for estimating HIV prevalence, and then

presents the results of the estimation. Section 4 discusses the simple model of the epidemic,

and Section 5 estimates the relationship between HIV incidence and export volume. Section 6

discusses the case study of Uganda, and Section 7 concludes.
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2 Data

The analysis in this paper requires three central pieces of data: data on mortality, data on

exports and comparison data on HIV rates. I discuss each of them in turn below.

2.1 Mortality Data

The methodology described in Section 3 estimates HIV incidence and prevalence based on

HIV mortality. Because of very poor reporting, there are no direct data in Africa on HIV

deaths, so deaths from HIV will be inferred by comparing total mortality to expected

mortality in a non-HIV environment.

The most obvious source for total mortality is official mortality statistics – for

example, those reported in the United Nations Demographic Yearbook. Unfortunately, there

are virtually no consistent official statistics for Africa. For example, in the United Nations

Demographic Yearbook over the last ten years there are only two years of data for Africa:

Malawi in 1998 and Botswana in 2001 (United Nations, 2001). This only covers two countries

and, even for those countries, a single year of mortality data is not sufficient to draw any

conclusions.

As an alternative, I use information from the Demographic and Health Surveys

(DHS) sibling mortality histories to calculate death rates. The DHS are household surveys

run in a number of African countries beginning in the late 1980s and early 1990s. The focus

of the surveys is fertility behavior, maternal and child health. A number of the surveys

included modules in which women were asked “sibling histories” – specifically, they were

asked to list all of their siblings and give information about their gender, their date of birth

and date of death (if deceased). Using these reports, it is possible to construct mortality rates

over time. For example, if we are interested in the mortality rate of 25 year old men in the

last year, we can use these data to figure out how many living 25 year old male siblings the

survey participants had one year ago, and then observe how many have died in the last twelve

months.

Other researchers have used these data to construct mortality profiles in Africa. Some

have argued that, to the extent it is possible to compare, these data line up well with official
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mortality statistics (Bicego, 1997; Timaeus and Jasseh, 2004). Others (Gakidou, Hogan and

Lopez, 2004; Stanton, Abderrahim and Hill, 2000) express more concern about underreporting

of deaths. The primary source of underreporting is likely to be individuals forgetting about

siblings who have died, or not knowing about their deaths. Obviously, this type of

underreporting could lead to underestimates of HIV prevalence.3

The first thing to note on this issue is that the real test of under-reporting in this

context is whether the HIV rates estimated from the mortality data match up with prevalence

from population testing. In the results section I provide some evidence suggesting that they

seem to be relatively close to results from comparable testing data. In that section I also

provide some evidence from a non-HIV affected country (the Philippines), where I find the

mortality-based procedure generates HIV rates very close to zero, and actual death rates

extremely close to predicted death rates.

It is also possible to do a small amount of direct testing of the reliability of the data

by comparing death rates from the sibling histories to death rates from official sources in an

isolated case in which the latter are available. Feeney (2001) provides registration data for

deaths in Zimbabwe in 1982, 1986, 1990, 1991, 1992 and 1995. These registration data vary in

their completeness, and none is more than 60% complete. Nevertheless, it is possible to use

these official data as a validity check. Figure 3 graphs the death rates based on sibling

histories against the death rates from the registration data. The two line up extremely closely

and, in nearly all cases, it is not possible to reject equality between the estimates. The only

group for which there seems to be some systematic under-reporting is men aged 35-45. Given

this, in doing the analysis of exports later in the paper I will analyze both the link between

exports and total new infections, and exports and new female infections.

This discussion suggests that sibling mortality data is likely to be a fairly good

3A more subtle source of under-reporting could result from correlation in HIV rates within families. If
individuals with siblings who have died from HIV are more likely to have died from HIV themselves, a household
survey will understate mortality rates, since the high-HIV families are unlikely to be included. Empirically, this
bias seems to be small. A survey in Malawi (Thornton, 2006) suggests that individuals with HIV are no more
likely than those without to report having infected siblings. In that survey individuals were tested for HIV and,
later, asked if they had any siblings who were infected. Among those who tested HIV negative, 50% reported
having a sibling with HIV; among those who tested positive, 48% reported a sibling with HIV. Further, reported
death rates are similar for older and young women in the survey; if this was a major source of bias we’d expect
to see much smaller death rates for older women.
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measure of total mortality. The other important component of the calculation of HIV deaths

is expected non-HIV mortality. It turns out that the exact value of this will make relatively

little difference to the results. Non-HIV mortality for prime age adults – even in areas as poor

as Africa – is very low. It seems to be somewhere between 2 and 4 in 1000. By contrast, the

actual death rate in Botswana in 2001 in this age group is around 21 per 1000. The fact that

the magnitude of actual mortality completely swamps non-HIV mortality makes the exact

estimate of non-HIV mortality less important to the overall estimates.4 Despite this, it is not

appropriate to simply assume that non-HIV mortality is zero.

Expected non-HIV mortality will be calculated based on matching child mortality

from Africa to child mortality in comparison non-HIV affected countries, and using the adult

mortality from those countries as the non-HIV mortality. I draw comparison data from the

United Nations Demographic Yearbook Historical Supplement. I divide the country-years

from the United Nations Demographic Yearbook data into thirds, based on child mortality,

and use the average adult mortality rate for the bottom one-third of countries as the expected

non-HIV mortality rate. To provide some sense of the underlying data used here, in Appendix

A the mortality rates that will be used to generate the baseline estimates of HIV prevalence

are presented. This table shows actual (based on DHS sibling histories) and predicted (based

on the Demographic Yearbook data) mortality rates, as well as the excess deaths per 100,000

implied by these figures.

2.2 Export Data

I use two sources for export data. The first is the World Development Indicators (WDI), which

reports export value for each country in the sample for the entire sample period. Although

these data have significant coverage, they have at least two drawbacks. First, this source

provides only value data, not volume data. Since export value is a function of both volume

and price, and we are primarily interested in the movements in volume, this is not ideal.

Second, the source of these data is somewhat opaque, and the resulting data lack precision.

4Despite this, the magnitude of non-HIV mortality could matter for estimating the relationship between HIV
and exports. In the results section I discuss the results with alternative assumptions about non-HIV mortality,
and demonstrate the results on exports are robust to either higher or lower non-HIV mortality assumptions.
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I therefore rely more heavily on a second source, the NBER-United Nations Trade

Data (NBER data) from Feenstra et al (2004).5 I begin by identifying the major exports for

each country, based on these data. Since data on trade in Africa are somewhat limited and

unreliable, I focus on these major exports in the hopes of having consistency in the data over

time. I aggregate the export data for 1997, 1998 and 1999 by country. For each country, I

then identified the top two exports, by value (in nominal US dollars), over that three year

period. I compared the value of these exports to the total export value. For countries in

which the top export represents at least 50% of the total export value (Burkina Faso, Malawi,

Mali and Uganda) I focus only on this top export. For the remaining countries I focus on

both of the top two exports. In all cases this covers at least 50% of the total value of exports

from the country, and in most countries it is much higher than that. I then use these same

NBER data to calculate the trade value and volume beginning in 1983 (the first year in which

the volume data are available) for these top exports in each country.

For all three measures – the value from the WDI and the value and volume from the

NBER data – I create a three-year moving average of exports for each country. I use this

average to reflect the fact that there will naturally be some noise in the data on deaths, so the

averaging allows for some imprecision in the estimates.

2.3 Comparison Data on HIV Rates

I compare the HIV rates estimated from the mortality data to two sets of existing HIV

prevalence estimates. The first are from UNAIDS. These are reported yearly in the UNAIDS

fact sheets and are estimates for adults aged 15-49. These estimates rely on data from studies

done in each country, as well as epidemiological models of the epidemic and imputation.

Exactly how this is done in each year is not obvious, although the reported prevalence does

rely heavily on estimates of HIV rates for women in ante-natal clinics.

The second type of data come from the DHS surveys themselves, and are based on

testing done in five of the nine countries in the most recent survey year. The testing is of the

general population (all survey respondents are asked to submit to a test), so the estimates

should be much more representative and comparable to the mortality-based estimates. The

5The data for Namibia are extremely limited, so it was necessary to leave this country out of the analysis.
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major drawback is that the testing data represent prevalence from a slightly later period than

the mortality data (generally about 4 years later) so it is likely that the mortality-based

prevalence rates will be somewhat lower.

3 Estimating HIV Incidence and Prevalence

This section presents the methodology for estimating HIV incidence and prevalence in

Subsection 3.1. Subsection 3.2 then presents the resulting prevalence estimates, with a focus

on validating these estimates by comparing to existing data.

3.1 Methodology

The methodology used here can be separated into two distinct elements. The first task is to

calculate how many deaths there were from HIV in a given year. The second is to translate

these deaths into an incidence or prevalence rate, presumably sometime in the past.

Section 2 above gives a sense of how we will calculate deaths from HIV in a given

year. Denoting total mortality among age group i in year t as mi,t and the expected non-HIV

mortality (Ni,t), deaths from HIV (µi,t) are:

µi,t = mi,t −Ni,t (1)

If mi,t and Ni,t are death rates, then µi,t is also a death rate and the total number of deaths

from HIV in that age group and year can be calculated by multiplying µi,t by the population

of age i at the start of year t.

The second step is to convert HIV mortality into HIV incidence or prevalence.6 In a

world where death is deterministic, this conversion would be trivial. If everyone died ten

years after being infected, we could calculate HIV incidence in year t by simply dividing

deaths in year t+ 10 by population in year t. In this case, prevalence in year t would just be

the sum of incidence between year t and year t− 9.

However, time to death from HIV is not deterministic. Figure 4 shows data based on

studies of time to death from AIDS in developing countries (Collaborative Group on AIDS

6Incidence is the share of the population who becomes infected in a given year. Prevalence is the share that
is infected in a given year.
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Incubation and HIV Survival, 2000; Stover, 2003; Statistics South Africa, 2004). This

distribution shows a large mass at virtually all periods between 4 and 15 years after infection.

Since 85% of deaths occur during this period, I will focus on those 12 years.7

Assume that a share dα of infected people die α years after infection, where dα is

known (for example, from Figure 4). Denoting bi,t as the number of infections among age i in

year t, we can write the total HIV deaths among age group i in year t (µi,t) as:

µi,t = d4bi−4,t−4 + d5bi−5,t−5 + ...+ d15bi−15,t−15 (2)

This is a single equation with twelve unknowns. With just a single year of data it will not be

possible to learn anything about incidence or prevalence. Adding another year of data on

mortality generates another equation (see below), but also another unknown (bi−16,t−16).

µi,t = d4bi−4,t−4 + d5bi−5,t−5 + ...+ d15bi−15,t−15 (3)

µi−1,t−1 = d4bi−5,t−5 + d5bi−6,t−6 + ...+ d15bi−16,t−16 (4)

The system of equations will be identified only given data such that

µi−x,t−x = d4bi−x−4,t−x−4 (5)

That is, we must observe a year in which the only deaths are from people infected four years

ago. Assuming that d4 is known, equation (5) will identify bi−x−4,t−x−4 and we can work the

system of equations backwards to solve for the entire b vector.

There are two ways to fulfill the requirement detailed in equation (5). One is to get

data from far enough back in time that there were no infections more than four year ago. The

other is to get data far enough back in the life cycle that this holds (i.e. from age groups who

are likely to have had their sexual debut four or fewer years ago). Either procedure (I will

focus on the first) will make it possible to solve the system by backward induction.

Having solved for the b vector, calculating incidence and prevalence is

straightforward. Number of new infections (incidence) is the elements of the b vector.

Incidence rate among age i in year t is bi,t divided by the population of age i in year t. The

7Although there is good evidence in favor of the death path in Figure 4, in Section 5 I also analyze whether
the results on exports are robust to some variations in this path.
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calculation of prevalence relies on the b vector and the vector of death rates by time from

infection. If we denote ci the share of individuals still alive i years after infection, then total

infections among age i in year t (pi,t) is

pi,t = bi,t + c1bi−1,t−1 + c2bi−2,t−2 + ...+ c15bi−15,t−15

Prevalence rate is generated by dividing pi,t by the population of age i in year t.

With noiseless data on mortality rates solving the system of equations for the b

vector will work perfectly. In reality, data on deaths will be noisy. This is particularly true

with the data I am using here, although it would be true with almost any data on mortality

rates. In this framework noisy data on mortality will produce inappropriately high volatility

in predicted infection rates. To see why, consider a world with just two years of infections and

two years of data on mortality.

µi,t = d4bi−4,t−4 + d5bi−5,t−5

µi−1,t−1 = d4bi−5,t−5

Assume that the actual values in the b vector are bi−4,t−4 = bi−5,t−5 = ψ and, for simplicity,

d4 = d5 = 0.1. If we observed the exact mortality, we would see µi,t = 0.2ψ and

µi−1,t−1 = 0.1ψ and would conclude that bi−4,t−4 = bi−5,t−5 = ψ. However, imagine we observe

these mortality rates with noise: µi,t = 0.2ψ + ε and µi−1,t−1 = 0.1ψ + η. Solving the system

of equations will yield

bi−5,t−5 = ψ +
η

.1

bi−4,t−4 = ψ +
ε− η

.1

If we assume that ψ = 0.011, η = 0.002, and ε = −0.002, then instead of estimating that

bi−4,t−4 = bi−5,t−5 = 0.011, we will estimate that bi−5,t−5 = 0.031 and bi−4,t−4 = −0.029.

Intuitively, a small amount of noise is translated into very large deviations between periods

because of the very limited additional information in each of the simultaneous equations.

To avoid this issue, I approach the problem as a minimization with a smoothness

restriction, rather than strictly as a set of simultaneous equations. Denoting the matrix of
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death probabilities (dα) as Θ and the vector of death rates (µi,t) as Λ, I solve the following

minimization.

min
b1...bn

(
(Λ−Θb)′ (Λ−Θb)

)
+ γ

(
n−1∑
i=2

(
bi −

bi−1 + bi+1

2

)2
)

(6)

Without the second part (the expression after γ), this is simply minimized by the solution to

the system of equations Λ = Θb. The second element imposes a cost on the function if any

given element of the b vector differs from the two surrounding values, which will smooth out

the elements of b; the degree of smoothness will depend on the size of γ (I use γ = 0.1).

Related to the issue of smoothness is the possibility that the function may be

minimized when some of the elements of the b vector are negative. Since it is not possible for

there to be negative HIV infections, I solve the minimization subject to the constraint that all

values of b1...bn are positive.8

3.2 Estimates of HIV Prevalence

Using the methodology above, and the data on mortality detailed in Section 2, I generate

estimates of HIV prevalence for nine countries in Africa (Burkina Faso, Cameroon, Kenya,

Malawi, Mali, Namibia, Uganda, Zambia and Zimbabwe) beginning in the mid-1980s and

going through the mid-to-late 1990s (exact years vary by country). Table 1 shows all of the

estimates of HIV prevalence generated, for individuals aged 16-35.

In general, the data generated seem to line up relatively well with levels and trends

observed in the epidemic over time. The countries which are known to be high HIV in the

sample (for example, Zambia and Uganda) have higher prevalence estimates than those

known to be low-prevalence (for example, Burkina Faso and Mali). Most countries show

increasing prevalence through the 1980s and early 1990s, and then there is some flattening

out, consistent with, for example, modeling of the epidemic by UNAIDS. The data also show

a large decline in prevalence in Uganda in the early 1990s, which echoes what we see in

consistent testing data from that country.

8Obviously, if the model was frequently suggesting negative values for elements of the b vector, this might
call into question the technique. In reality, this is extremely unusual, and the unconstrained results are very
similar to the constrained results. To the extent that there are differences, they seem to arise only in early years
of the epidemic, and the unconstrained results generally do not allow us to reject zero.
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These broad observations provide support for the validity of the mortality-based

procedure. As a more formal test, I focus on comparing these mortality-based estimates to

data from DHS population testing. In particular, I look at the fit between age-gender groups

in the two samples. This match will only be possible for five of the countries in the sample

with DHS-based testing (Burkina Faso, Cameroon, Kenya, Mali and Zambia). I generate

estimates by ten year age group (15-25, 25-35 and 35-45) for men and women, and match

these with the appropriate estimate from the DHS. It is important to recall that the DHS

estimates come from approximately four years later than the mortality-based estimates so

they are likely, on average, to be higher.

The comparison of estimates is shown in Figure 5, which graphs the mortality-based

estimates against the DHS estimates and includes both the 45 degree line and confidence

intervals around the mortality estimates. For a large share of the sample, it is not possible to

reject equality in the estimates. The primary exception comes at very high HIV rates, where

the DHS estimates are generally somewhat higher than those based on mortality data. This

may reflect growth in the epidemic over time (since the testing data are from four years later),

or it may reflect underestimates by the mortality data at these high levels.

The correlation between the two series, however, is extremely high. This can be seen

statistically in Table 2, which shows a regression of the DHS prevalence on mortality

prevalence by group. Column 1 includes only controls for age group-gender cell and Column 2

also includes country-specific fixed effects. In both cases, the relationship is highly significant.

This is an important finding from the perspective of the analysis of exports, since that

analysis will be valid even if there is some under-estimation by the mortality data, as long as

that under-estimation is consistent across place and time. For example, if everyone

underreports sibling deaths by 10%, the coefficients on exports may not be identical to what

we would see without underreporting, but the direction and significance should be unaffected.

It is also possible to compare the HIV prevalence generated here to the year-matched

prevalence reported by UNAIDS for the general population. This has the advantage that it

allows us to look at a year-match, and UNAIDS estimates are available for all countries in the

sample. However, the data from population testing suggest that UNAIDS numbers may be
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dramatically over-stated (ORC Macro, 2006).9

Figure 6 shows these results, graphing the prevalence generated by mortality data

alongside the matched estimates from UNAIDS. On average, the UNAIDS numbers are too

high, although the series are clearly positively correlated. Given the match between the

mortality estimates and the DHS, this difference with UNAIDS probably reflects the UNAIDS

overestimates. It is interesting to note that the prevalence for Uganda is a fairly close match.

This may point to the fact that Uganda is virtually the only country in the sample with

consistent population-based testing in the 1990s, and therefore the only country in which

UNAIDS estimates for the population were actually based on population testing rather than

on selected groups.

A final check on the reliability of these data relies on a falsification test: what

prevalence does the data generate for a country with virtually no HIV? DHS data on sibling

histories outside of Africa is limited, but data from the Philippines closely mimics the data

from Africa in terms of structure. Since the Philippines has virtually no HIV prevalence, it

provides a good comparison. Using the same mortality-based procedure, I estimate an HIV

prevalence of 0.2% among 15-25 year olds in the Philippines in 1999 (not statistically

distinguishable from zero). Further, Appendix A shows the mortality rates by year for the

Philippines. These simple summary statistics demonstrate that, for this largely unaffected

country, actual death rates are very close to those predicted. This is in contrast to the raw

mortality data for Africa, discussed previously and also presented in Appendix A. To give an

example, in the 1990s Zambia averaged 700 excess deaths per year per 100,000 people; the

Philippines averaged 7.

The discussion above, in particular Figure 5 and Table 2, should provide some

confidence in these mortality-based data. The remainder of the paper focuses on the

relationship between this measure of HIV incidence and exports.

9This is likely due to the fact that, prior to the last few years, there was virtually no testing of random
samples in the general population, so UNAIDS prevalence estimates were based mostly on testing of pregnant
women at urban ante-natal clinics. Since this is a very selected sample, likely to have higher prevalence than
the average adult, it led to overestimates of prevalence.

15



4 Epidemic Model: Exports and HIV

This section briefly outlines an extremely simple model of HIV transmission which formalizes

the theory behind the HIV-export connection. The model builds off of the observation that

truck drivers and other migrants tend to have more sexual partners than the general

population. This observation is common in the literature on HIV (Lurie et al, 2003; Brewer et

al, 1998; Brockerhoff and Biddlecom, 1999; Arnafi et al, 1997; Arnafi, 1993).

I consider a simple world with one gender and two types: low sex types (i.e.

non-drivers) and high-sex types (i.e. drivers). The low sex types have s sexual partners in

each period and the high-sex types have t > s sexual partners. A share of the population p is

of the high-sex type, and it is this share that is hypothesized to move with exports.

We consider HIV incidence in a single period. The HIV prevalence is h and the

transmission rate (the chance of transmission give a partnership with someone who is

infected) is β, so the chance of infection given s sexual partners is approximately βhs.10

Incidence among those who are uninfected in the low and high-sex groups, respectively, is:

IL = βhs

IH = βht

Total incidence, I, is a weighted average of the incidence in the two groups, so

I = (1− p) (βhs) + p (βht)

The next section estimates the relationship between log HIV incidence and log

exports. To get a sense of what this model would suggest about that relationship, we can

differentiate to find d ln(I)
d ln(p)

: the relationship between a percentage change in the share of

high-sex individuals and a percentage change in incidence. Given this parameter, plus a sense

of the relationship between exports and the share of high-sex individuals, it is possible to

calibrate expected magnitude of the relationship in the next section.

Solving for the derivative, we find

d ln(I)

d ln(p)
=

p(t− s)

s+ p(t− s)

10In fact, the infection probability is (1− (1− βh)s). However, as long as s is not too large – i.e. lower than
50 or so – this will be a good approximation, and it simplifies the expression of the comparative statics.
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This derivative is positive, since t > s. The magnitude of the relationship clearly depends on

s, t and p. We can get some sense of the expected magnitude with a simple calibration. It is

clear first that s is small: in the DHS surveys, married men who live at home have an average

of around 0.1 non-marital partners in the last year. Second, p is likely to be small, since only

a relatively small share of the population will be men with jobs away from home; for the

calibration, we will assume 5%. On the other hand, t may be very large. For example, in a

sample of truck drivers from Nigeria the average number of partners in the last year is 12, and

the average current partnerships is 6.3 (Orubuloye, Caldwell and Caldwell, 1993). Motivated

by this, we will assume that the yearly partnerships in the high sex group, t, is equal to 10.

With these values, we expect d ln(I)
d ln(p)

= 0.8: doubling the share of men in the high sex group

leads to slightly less than a doubling of incidence. More generally, if s is small and t is large,

the value of this expression should be around one; in the limit if s = 0, then the expression is

equal to one regardless of the magnitude of t.

In addition to the relationship between ln(I) and ln(p), the second key to evaluating

the expected magnitude of the relationship between incidence and exports is the relationship

between exports and the share of people in the high sex group. If we assume that those who

drive trucks or migrate for work are in the high-sex category, then this boils down to

estimating how the share in those groups change with exports. It is worth noting, of course,

that this is not just a question of magnitude but one of direction: if migration and trucking

decrease when exports went up, this would lead us to expect a negative relationship between

exports and incidence.

Estimating the relationship between movement and exports is difficult since there is

little or no consistent data on migration or trucking over time from within Africa. Using data

from other countries, however, it is possible to look at the relationship between exports and

road traffic. The World Development Indicators (WDI) report export value and volume of

goods transited on roads by year for a wide variety of countries (although generally not those

in Africa). This relationship is estimated in Table 3. Columns 1 shows the relationship for the

overall sample, with country and year fixed effects; Column 2 includes country-specific trends

and Column 3 leaves out the richest one third of countries in the sample. In all cases, there is

a statistically strong link between export volume and trucking traffic. In other words, in times
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with more exports more goods are traveling along the roads – hence, more truck drivers.

The magnitude of the coefficients in Table 3 is around one. This implies that

doubling exports leads to a doubling in volume of goods transferred. Assuming that this

increase comes from an one-to-one increase in individuals involved in trucking, this implies

that from trucking alone we would expect a doubling of exports to lead to slightly more than

a doubling of men in the high-sex group, and therefore roughly a doubling of HIV incidence

(based on the calibration of d ln(I)
d ln(p)

= 0.8).

Increases in trucking are likely to be only one of several effects of increased economic

activity. In countries like Zambia, with extensive mining, increases in mining activity will

increase individuals migrating away from home to work in the mines. In countries with

agricultural outputs a similar case could be made; large tea and coffee plantations may well

require migrant workers in times when they have increased harvests. Given this, the expected

effect magnitude based on the trucking data is likely to be, in some sense, a lower bound on

the effect we expect when estimating the overall relationship between incidence and exports.

5 HIV Incidence and Export Volume

Figure 2 showed the graphical relationship between exports and incidence in one country,

Uganda. Figure 8 shows a parallel graph for all countries in the sample: new HIV infections

and total export value (in this case, from the WDI) graphed over time. Consistent with the

evidence from Uganda, on average the series line up quite well. Of course, this comes in part

from the fact that all of the series are generally increasing over time.

To test this relationship statistically, and to control for trends, Panel A of Table 4

shows the relationship between log of HIV incidence (number of new infections by

country-year) and three measures of exports (all a three-year moving average). The first is the

export value from the World Development Indicators, which is what is shown in the graphs.

The second is export value based on the NBER data and the third is export volume from the

NBER data. All three columns show a highly significant relationship between incidence and

exports. The relationships is larger and stronger statistically in Columns 2 and 3, likely

because of the more precise and consistent measure of exports.
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In the data section, I noted that the data on sibling death rates are a better fit to

registration data for women than for men. Given that, Panel B of Table 4 replicates Panel A,

but considering the relationship between new infections for women and export value or

volume. These relationships are, if anything, larger and more significant than the overall

relationship.

To the extent that this relationship is a product, at least in part, of increases in road

traffic, we would expect it to be stronger in areas where changes in economic activity have a

larger effect on the movement of people. This is likely to be urban areas and areas with a

greater density of roads. In regions with no roads, changes in economic activity that produce

increases in trucking are unlikely to have much effect. To test this hypothesis, I generated

incidence estimates over time for each region in the countries in the sample.11 I then explore

how the relationship between incidence and export volume varies with roads and urbanization.

Table 5 shows these results from regressions of the same form as those in Column 3 of

Table 4, including region fixed effects, year fixed effects and country-level trends and

regressing regional-level incidence on country-level export volume. Columns 1 and 2 split the

sample based on regional road density, with Column 1 including the region of each country

with highest road density and Column 2 including all of the others. Consistent with

expectations, the relationship is much larger and more significant in Column 1. Columns 3

and 4 show a similar split based on distance to the capital city (Column 3 includes the region

in each country closest to the capital, Column 4 includes the others). Again, the relationship

is much larger and significant in Column 3.12 The data here are quite noisy, since regions tend

to be relatively small and there are only a limited number of deaths per region in a given

year. Nevertheless, the direction of the effects seem consistent with the mechanism described

in section 4.

11The procedure for this is the same as described above with one additional assumption. Respondents are
asked only about their own region of residence, not about their siblings. It is necessary, therefore, to assume
that individuals live in the same region as their siblings. Obviously this will not always be true, which may
introduce noise into the data. However, as long as there is correlation between sibling region of residence (which
is presumably the case) then there is some signal included here, making this analysis appropriate even if the
results may be attenuated.

12In these regional regressions I do not divide the sample up by gender, since the sample sizes are quite small
even with both men and women included, so there are concerns if we limit only to women about imprecision in
the estimates.
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One important concern is that the relationship between HIV and exports is being

driven by the assumptions that generate incidence, rather than by the underlying

relationship. In particular, we may be concerned both about the assumptions about time to

death and the data on expected non-HIV mortality. To address the issue of time to death, I

have generated incidence data based on three alternative paths. The alternative paths can be

seen in Appendix Figure 1. Broadly, one of the alternative paths has a similar shape but a

faster average time to death, one has a much flatter shape (a similar share die after 4 years, 5

years, 6 years, etc) and the third has a larger share of deaths concentrated around 10 years.

Panel A of Table 6 shows the coefficients on exports in regressions using each of these

alternative assumptions. Although the coefficients obviously differ some in across

specifications, nearly all are positive and significant, and in a similar range.

It is important to note, of course, that while the results in Panel A suggest that the

HIV-export connection is robust to small changes in assumptions about time to death, they

are unlikely to be robust to large changes in these time paths. For example, the results are

likely to be very different if we assume that all deaths happen in years 9 and 10. The

conclusions here rest on the claim that, broadly, the time path assumed seems like a

reasonable one.

Panel B of Table 6 explores whether the effect of exports on incidence changes if we

change the assumption about non-HIV mortality. In particular, I consider what happens if we

assume no non-HIV mortality (i.e. all observed deaths are due to HIV) and if we assume that

non-HIV mortality is 50% higher than in the baseline specification. Again, as in Panel A,

these changes do not alter the significance of the relationship, and the magnitudes are very

similar.

On average, the magnitude of the relationships estimated in Table 4 and Table 6 is

between one and two, suggesting that a doubling of exports would lead to between a doubling

and quadrupling in new HIV infections. Interpreted in the light of the simple model in

Section 4 this would suggest that doubling exports multiplies doubles or quadruples the share

of individuals in the high-sex group. This effect seems consistent with the calibration in

Section 4. The evidence on export volume and goods transmitted suggests that a doubling of

incidence could come from increases in truck drivers alone. Assuming that there is also some
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additional migration, which is likely, the magnitudes seem broadly consistent.

The results in this section suggest that, at the macro level, time periods of higher

export volume also see larger HIV incidence. The covariance with road density and distance

to the capital are consistent with the connections outlined in Section 4. I now turn to

connecting this result with the incidence decline in Uganda in the early 1990s.

6 Explaining Prevalence Declines in Uganda

HIV prevalence declined sharply in Uganda in the early 1990s, a decline unique among

Sub-Saharan African countries (this can be seen in Table 1, as well as in existing data). This

decline is generally attributed to the ABC campaign, which was a country-wide anti-HIV

educational effort (for a good summary of the many specific aspects of the campaign see

Green, 2004). Generally, this campaign consisted of encouraging unmarried individuals to

abstain (A), married individuals to be faithful (B) and everyone to use condoms (C) if they

could not do A or B. Among the more important components of the campaign were in-school

education, communication with faith-based organizations and billboards and other forms of

public advertising.

Uganda was among the first countries to address the epidemic head on and the

subsequent decline in prevalence was seen as a signal of the success of the ABC approach.

Subsequently, a number of other countries adopted this type of prevention strategy (Kenya,

Tanzania, Rwanda, Malawi and others). Outside aid groups have pursued similar

interventions. PEPFAR, in particular, has adopted this campaign as a major part of their

anti-HIV strategy: roughly one hundred million dollars of their funding was spent on ABC

programs in 2004.

However, in the early 1990s Uganda also saw a major decline in exports. This was

likely due in large part to a decline in coffee prices and production.13 Figure 2 demonstrates

that this decline lines up extremely closely with the changes in incidence in Uganda,

mimicking both the decline in the early 1990s and the increase afterwards.

13There was also a significant decrease in airport usage over this period, after Uganda Airlines shut down.
Between 1985 and 1991, the number of flights out of Enteebe fell from 717 to 205.
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Given the relationship estimated in Section 5, the decline in export volume in Uganda

during this period suggests that HIV incidence would have declined somewhat even without

any education campaign. It is possible to evaluate the expected magnitude of the decline due

solely to changes in exports using the coefficients from Table 4. In particular, I consider how

much of the decline in incidence between the late 1980s and early 1990s is explained by the

decline in export value or volume between these periods. The results are shown in Table 7.14

The share explained depends on the choice of period, the choice of which export measure, and

whether we consider the share overall or only the share for women. Using the average declines

over the whole period, the range of percent explained is between 25 and 50%. It is worth

noting that the changes in exports over time also match with the apparent increase in

incidence after the early 1990s, which is seen in Figure 2. This increase is harder to explain

with the education campaign, which continued at similar levels (if anything, is likely to have

increased) during this period.

It is important to note that in some sense the decline due to exports comes from the

same underlying source as the decline due to an education campaign: a drop in sexual

behavior. The crucial distinction between the two, however, is that the success of an

education campaign lies in changing individual (unconstrained) choice of non-marital

partners, whereas the “success” of a decline in exports lies in changing individual

opportunities for such relationships.

This result may have important implications for overall HIV policy in Africa. If the

ABC campaign is half as successful as previously thought there may well be other polices

which overtake it in terms of cost-effectiveness. In particular, policies that seek to change viral

transmission rates (for example, male circumcision or treatment of other STIs) may appear

much more attractive in light of these findings. Funding for HIV in Africa is, unfortunately,

too limited to make all types of interventions feasible simultaneously. Understanding the

relative cost-effectiveness of various inputs is therefore crucial to formulating optimal policy.

14Both exports and incidence have been adjusted for the country and year fixed effects, as well as de-trended,
so the represent residuals from the regressions show in Table 4. These are value and volume from the NBER-
United Nations Trade Database, with coefficients drawn from Columns 2 and 3 of Table 4
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7 Conclusion

This paper addresses the connection between HIV and economic activity, arguing that

increases in economic activity actually significantly increase HIV incidence. In addition to

providing information for epidemic forecasting and for understanding the case of Uganda, this

result may have important policy implications. HIV is only one focus of development aid to

Africa. Significant amounts of aid are also spent trying to increase trade. Policies like the

African Growth and Opportunity Act (AGOA) are designed specifically to encourage exports

of African textiles, and smaller efforts, like those made by Fair Trade, also aim to increase

trade and contact with the west. The results here suggest that, while those policies may well

improve trade, they may actually make the HIV epidemic worse. Combining other prevention

efforts (male circumcision, for example) with trade policies may ameliorate some of these

interaction concerns. It is, of course, worth noting that in the long run increases in economic

growth are likely to help the HIV epidemic, both because people who are richer have more

incentive to avoid the virus (Oster, 2007) and because health care improves with economic

growth, and with that improvement will come changes in the ability of these countries to deal

with the virus. It is in the more short run that the negative interactions are most salient.

Outside of the specific analysis of HIV and economic activity, this paper provides a

new set of estimates of HIV prevalence and incidence that could be used to analyze the

connection between HIV and other outcomes – for example, fertility or human capital

attainment. Existing papers on these topics (Kalemi-Ozcan, 2006; Young, 2006; Forston,

2006) generally rely on somewhat flawed data from testing of pregnant women over time or on

model-generated estimates of prevalence. The estimates here are likely to be superior to either

– they have the consistency of model-generated data, but are based on actual data in the

population rather than assumptions about epidemic growth over time.

Finally, outside even of HIV, the methodology outlined may be useful for estimating

prevalence of other diseases. For example, given data on deaths from heart disease the

methodology used here could conceivably be used to estimate prevalence of these diseases in

previous years. This may give us clues, for example, about what share of people with chronic

illness go untreated. In general, this methodology has potential for use in any case in which
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data on mortality is better observed than data on infection.
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Figure 1: 
Death Rates by Age, Botswana in 2001 and Egypt, 1990s
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the 1990s.  Death rates are deaths (all individals, both genders) per 1000 people in the age group.  
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Figure 2: 
HIV Incidence and Export Value in Uganda
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Notes: This figure shows export value for Uganda, in millions of dollars, and HIV incidence for Uganda, as calculated using the mortality-based methodology in this 
paper for 1980 through 1995.  Export value comes from the World Development Indicators.
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Figure 3:
Death Rates, DHS and Registration Data, Zimbabwe
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Figure 4: 
Distribution of Time from HIV Infection to Death
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Figure 5: 
Mortality-Based Estimates and DHS Testing Estimates by Country-Gender-Age Group
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Figure 6: 
HIV Rates Estimated From Mortality Data Versus UNAIDS Estiamtes
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Figure 7: New HIV Infections and Export Value by Country
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Table 1. Estimated HIV Rates over Time

Country Year HIV Rate 5% Lower 95% Upper
Burkina Faso 1987 1.15% 0.50% 1.89%
Burkina Faso 1989 2.04% 0.62% 2.80%
Burkina Faso 1991 3.00% 2.00% 4.02%
Burkina Faso 1993 3.80% 3.80% 3.80%
Burkina Faso 1995 2.63% 1.78% 3.51%
Burkina Faso 1997 2.12% 1.48% 2.66%
Burkina Faso 1999 1.41% 0.94% 1.76%
Cameroon 1986 0.33% 0.05% 1.06%
Cameroon 1988 0.26% 0.05% 0.73%
Cameroon 1990 0.69% 0.17% 1.34%
Cameroon 1992 1.91% 0.94% 2.77%
Cameroon 1994 3.59% 2.17% 4.86%
Cameroon 1996 4.47% 3.05% 5.64%
Cameroon 1998 4.38% 3.12% 5.18%
Cameroon 2000 2.99% 2.42% 3.63%
Kenya 1985 0.49% 0.21% 0.72%
Kenya 1987 0.14% 0.05% 0.35%
Kenya 1989 1.37% 0.27% 2.43%
Kenya 1991 2.73% 1.10% 3.97%
Kenya 1993 2.45% 1.30% 3.27%
Kenya 1995 2.50% 1.53% 3.14%
Kenya 1997 3.98% 2.37% 5.06%
Kenya 1999 3.28% 2.63% 3.97%
Malawi 1986 4.38% 3.13% 5.71%
Malawi 1988 6.49% 4.97% 8.07%
Malawi 1990 6.48% 5.58% 7.39%
Malawi 1992 8.63% 7.52% 9.76%
Malawi 1994 9.18% 8.13% 10.24%
Malawi 1996 8.84% 7.94% 9.89%
Malawi 1998 7.74% 6.86% 8.67%
Malawi 2000 4.59% 4.06% 5.17%
Mali 1987 1.12% 0.60% 1.67%
Mali 1989 1.19% 0.74% 1.62%
Mali 1991 0.69% 0.39% 0.96%
Mali 1993 1.31% 0.77% 2.05%
Mali 1995 2.14% 1.46% 2.87%
Mali 1997 1.99% 1.35% 2.66%
Namibia 1986 4.06% 3.36% 4.78%
Namibia 1988 2.02% 1.31% 2.70%
Namibia 1990 1.27% 0.79% 1.87%

continued on the next page
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Country Year HIV Rate 5% Lower 95% Upper
Namibia 1992 1.03% 0.61% 1.58%
Namibia 1994 3.97% 3.00% 4.98%
Namibia 1996 4.70% 3.52% 5.98%
Uganda 1985 6.92% 5.64% 7.75%
Uganda 1987 9.08% 7.90% 10.21%
Uganda 1989 11.16% 9.76% 12.73%
Uganda 1991 14.17% 12.89% 15.64%
Uganda 1993 8.00% 6.94% 9.04%
Uganda 1995 6.42% 5.56% 7.30%
Uganda 1997 11.26% 9.81% 12.70%
Zambia 1985 2.21% 1.64% 2.84%
Zambia 1987 7.52% 6.26% 8.81%
Zambia 1989 11.73% 10.94% 12.64%
Zambia 1991 13.35% 10.65% 15.14%
Zambia 1993 9.62% 8.50% 10.91%
Zambia 1995 11.00% 9.83% 12.24%
Zambia 1997 12.13% 10.25% 13.81%
Zimbabwe 1985 0.24% 0.00% 0.54%
Zimbabwe 1987 1.12% 0.37% 1.82%
Zimbabwe 1989 2.92% 1.68% 3.98%
Zimbabwe 1991 4.02% 2.62% 5.62%
Zimbabwe 1993 5.53% 4.16% 7.32%
Zimbabwe 1995 6.45% 5.30% 8.58%
Notes: These are estimates of HIV rates in the nine sample countries over time.
The rates are estimated for 16-35 year old individuals of both genders. Column 3
is the average, Column 4 is the bootstrapped fifth percentile and Column 5 is the
bootstrapped ninety-fifth percentile.
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Table 2. Mortality-Based Estimates and DHS Population Testing

Dependent Variable: Mortality-Based Prevalence Estimate, by Group
(1) (2)

Explanatory
Variables:
DHS Testing Estimate .6096∗∗∗

(.067)
.1271∗∗∗

(.005)
Age group 25-35 −.0154

(.01)
.012∗

(.006)
Age group 35-45 −.0074

(.015)
.0165∗∗∗

(.002)
Female .0008

(.007)
.0117∗∗∗

(.002)
constant .012

(.01)
.024∗∗∗

(.001)
Country FE NO YES
Number of Observations 30 30
R2 .84 .97
standard errors in parentheses, clustered by country
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%
Notes: This table shows the relationship between the mortality-based estimates of
HIV prevalence and the DHS testing data. An observation is an age group-gender
(age groups 15-25, 25-35 and 35-45).
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Table 3. Exports and Road Traffic, Cross Country

Dependent Variable: Log Weight of Goods Trucked
All All Poorest Two-Thirds
(1) (2) (3)

Explanatory
Variables:
Log Year Export Value 1.1489∗∗∗

(.217)
1.0813∗∗∗

(.244)
1.0673∗∗∗

(.293)
Country FE YES YES YES
Year FE YES YES YES
Country-Year Trend NO YES YES
Number of Observations 543 543 361
R2 .86 .93 .90
standard errors in parentheses
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%
Notes: This table shows the relationship between the weight of goods transported by truck
and export volume, across countries and time. Data is drawn from the World Development
Indicators and covers a wide range of countries, primarily not in Africa. Controls in all columns
include country and year fixed effects. Columns 2 and 3 also include country-specific trend
controls. Column 3 is limited to the poorest two-thirds of countries in the sample based on
their average income during the sample period.

34



Table 4. HIV Incidence and Exports

Panel A: All Infections
Dependent Variable: Log New HIV Infections

(1) (2) (3)

Explanatory
Variables:
Log Export Value from WDI (3 yr MA) 1.777∗∗∗

(.650)
Log Export Value from NBER (3 yr MA) 1.969∗∗∗

(.449)
Log Export Volume from NBER (3 yr MA) 2.835∗∗∗

(.799)
Country FE YES YES YES
Year FE YES YES YES
Country-Specific Trends YES YES YES
Number of Observations 144 110 110
R2 .66 .79 .81

Panel B: Female Infections
Dependent Variable: Log New HIV Infections

(1) (2) (3)

Explanatory
Variables:
Log Export Value from WDI (3 yr MA) 1.639∗∗

(.677)
Log Export Value from NBER (3 yr MA) 2.118∗∗∗

(.351)
Log Export Volume from NBER (3 yr MA) 3.345∗∗∗

(.642)
Country FE YES YES YES
Year FE YES YES YES
Country-Specific Trends YES YES YES
Number of Observations 144 110 110
R2 .64 .87 .85

standard errors in parentheses, Prais-Winston regression
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%
Notes: This table estimates the relationship between log new HIV infections, generated by the
mortality-data model, and export value from the World Development Indicators (Column 1),
export value from the NBER-United Nations Trade Database (Column 2) and export volume
from the NBER-United Nations Trade Database (Column 3). In all cases, the exports are a
three year moving average. Panel A relies on all infections, Panel B on only female infections.
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Table 5. HIV Incidence and Exports, by Region Characteristics

Dependent Variable: Log New HIV Infections
(1) (2) (3) (4)

High Road Density Low Road Density Capital Not Capital

Explanatory
Variables:

Log Exp. Volume
2.8809∗∗∗

(.884)
1.7831∗∗

(.834)
3.7178∗∗

(1.507)
1.5805∗∗

(.625)
Region FE YES YES YES YES
Year FE YES YES YES YES
Country-Specific
Trends

YES YES YES YES

Number of Observa-
tions

104 477 104 477

R2 .89 .72 .81 .74
Standard errors in parentheses, clustered by country and adjusted for serial corre-
lation.
∗ significant at 10%; ∗∗ significant at 5%; ∗∗∗ significant at 1%
Notes: This table estimates the relationship between log new HIV infections by region within
countries, generated by the mortality-data model, and export volume. In Columns 1 and 2 I
split the sample by road density (Column 1 includes the region in each country with the highest
density; column 2 includes the rest). In Columns 3 and 4 I split the sample by distance to
the capital city (Column 3 includes the region in each country closest to the capital; Column 4
includes all other regions). In all cases, the exports are a three year moving average.
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Table 6. Effect of Exports on Incidence, Alternative Assumptions

Panel A: Alternative Time to Death
Export Measure WDI, Value NBER, Value NBER, Volume

Faster, Same Shape
1.578∗∗∗

(.6318)
1.323∗∗∗

(.3797)
2.025∗∗∗

(.5932)

Flatter, Same Time
.8214
(.7299)

1.500∗∗∗

(.5647)
2.659∗∗∗

(.9056)

Deaths Concentrated at 10
Years

1.544∗∗∗

(.6281)
1.041∗∗

(.4900)
1.811∗∗∗

(.7512)

Panel B: Alternative Assumptions about Non-HIV Mortality

No Non-HIV Mortality
2.199∗∗∗

(.9086)
2.570∗∗∗

(.5890)
3.735∗∗∗

(1.018)

Non-HIV Mortality In-
creased by 50%

1.1638∗∗

(.5829)
1.759∗∗∗

(.5321)
2.667∗∗∗

(.7011)

Notes: This table replicates Table 4 using alternative data on HIV incidence, gen-
erated based on different assumptions about the time to death from infection or the
non-HIV mortality. The assumptions about time to death can be seen visually in
Appendix Figure 1, which graphs all four death paths.
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Table 7. Explaining the Ugandan Incidence Decline

Panel A: Explained by Export Volume, All Infections
Actual Predicted % Explained

Incidence Decline Incidence Decline by Exports
1987-1992 6.301 1.153 18.31%
1989-1992 5.792 1.140 19.68%
1989-1993 1.320 0.710 53.81%
Late 1980s (87-89)
to early 1990s (91-93) 3.255 0.897 27.57%

Panel B: Explained by Export Value, All Infections
Actual Predicted % Explained

Incidence Decline Incidence Decline by Exports
1987-1992 6.301 2.033 32.27%
1989-1992 5.792 1.285 22.19%
1989-1993 1.320 0.279 21.11%
Late 1980s (87-89)
to early 1990s (91-93) 3.255 1.264 38.84%

Panel C: Explained by Export Volume, Female Infections
Actual Predicted % Explained

Incidence Decline Incidence Decline by Exports
1987-1992 4.577 1.361 29.73%
1989-1992 4.151 1.345 32.40%
1989-1993 1.536 0.838 54.57%
Late 1980s (87-89)
to early 1990s (91-93) 2.756 1.059 38.41%

Panel D: Explained by Export Value, Female Infections
Actual Predicted % Explained

Incidence Decline Incidence Decline by Exports
1987-1992 4.577 2.187 47.79%
1989-1992 4.151 1.383 33.31%
1989-1993 1.536 0.300 19.52%
Late 1980s (87-89)
to early 1990s (91-93) 2.756 1.360 49.34%
Notes: This table shows the share of the Ugandan incidence decline that can be accounted for by
changes in export volume or value. The predicted decline is the product of the change in exports
and the coefficient on export value or volume (by gender) from Columns 2 and 3 of Table 4. Both
the incidence and export series are residuals after removing country and year fixed effects and
trends.
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Appendix Figures

Appendix Figure 1: 
Time to Death from AIDS, Alternative Assumptions
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Appendix A: Raw Mortality Data, Africa and

Comparison

Appendix Table 1. Input Data for Africa, Mortality Rates Actual and Predicted
by Country/Year

Country Year Actual Death Rate Pred. Death Rate Diff, per
100,000

Burkina Faso 1984 0.0037374 0.0011224 261.5
Burkina Faso 1985 0.003191 0.001164 202.7
Burkina Faso 1986 0.0034443 0.0012009 224.34
Burkina Faso 1987 0.0024029 0.001234 116.89
Burkina Faso 1988 0.0061636 0.0012637 489.99
Burkina Faso 1989 0.0028642 0.001311 155.32
Burkina Faso 1990 0.0035129 0.0013583 215.46
Burkina Faso 1991 0.0028642 0.0014056 145.86
Burkina Faso 1992 0.0032535 0.0014529 180.06
Burkina Faso 1993 0.0033184 0.0015002 181.82
Burkina Faso 1994 0.0035129 0.001588 192.49
Burkina Faso 1995 0.0048077 0.0016758 313.19
Burkina Faso 1996 0.0044843 0.0017636 272.07
Burkina Faso 1997 0.0053247 0.0018514 347.33
Burkina Faso 1998 0.0050663 0.0019392 312.71
Burkina Faso 1999 0.0037767 0.0020428 173.39
Burkina Faso 2000 0.004949 0.0021463 280.27
Burkina Faso 2001 0.0038803 0.0022499 163.04
Burkina Faso 2002 0.00457 0.0023535 221.65
Burkina Faso 2003 0.0030859 0.0024571 62.88

Average 0.00386322 0.0014554 240.782
HIV Rate Estimated, 1999 0.0141 (.0094, .0176)
Cameroon 1985 0.002851 0.0011224 172.86
Cameroon 1986 0.0039784 0.001164 281.44
Cameroon 1987 0.0031402 0.0012009 193.93
Cameroon 1988 0.0038056 0.001234 257.16
Cameroon 1989 0.0020822 0.0012637 81.85
Cameroon 1990 0.0020822 0.001311 77.12
Cameroon 1991 0.0024068 0.0013583 104.85
Cameroon 1992 0.002277 0.0014056 87.14
Cameroon 1993 0.0024068 0.0014529 95.39
Cameroon 1994 0.0030553 0.0015002 155.51
Cameroon 1995 0.0033793 0.001588 179.13
Cameroon 1996 0.0029257 0.0016758 124.99
Cameroon 1997 0.0026015 0.0017636 83.79
Cameroon 1998 0.0064784 0.0018514 462.7
Cameroon 1999 0.0064275 0.0019392 448.83
Cameroon 2000 0.006211 0.0020428 416.82
Cameroon 2001 0.0067882 0.0021463 464.19
Cameroon 2002 0.0071846 0.0022499 493.47
Cameroon 2003 0.0056331 0.0023535 327.96
Cameroon 2004 0.0059943 0.0024571 353.72

continued on the next page

40



Country Year Actual Death Rate Pred. Death Rate Diff, per
100,000

Average 0.003326527 0.0014554 187.1127
HIV Rate Estimated, 2000 0.0299 (.0242, .0363)
Kenya 1982 0.0017773 0.0010626 71.47
Kenya 1983 0.0015285 0.0010753 45.32
Kenya 1984 0.0021249 0.0011224 100.25
Kenya 1985 0.0011725 0.001164 0.85
Kenya 1986 0.0017712 0.0012009 57.03
Kenya 1987 0.0009929 0.001234 -24.11
Kenya 1988 0.0027679 0.0012637 150.42
Kenya 1989 0.0012672 0.001311 -4.38
Kenya 1990 0.0017021 0.0013583 34.38
Kenya 1991 0.0013068 0.0014056 -9.88
Kenya 1992 0.0022945 0.0014529 84.16
Kenya 1993 0.0022945 0.0015002 79.43
Kenya 1994 0.0036346 0.001588 204.66
Kenya 1995 0.0044606 0.0016758 278.48
Kenya 1996 0.0040281 0.0017636 226.45
Kenya 1997 0.003359 0.0018514 150.76
Kenya 1998 0.0044213 0.0019392 248.21
Kenya 1999 0.0051445 0.0020428 310.17
Kenya 2000 0.0053044 0.0021463 315.81
Kenya 2001 0.006821 0.0022499 457.11
Kenya 2002 0.0067812 0.0023535 442.77
Kenya 2003 0.0060234 0.0024571 356.63

Average 0.002983307 0.001582247 140.106
HIV Rate Estimated, 1999 0.0328 (.0263, .0397)
Malawi 1982 0.0057833 0.0010478 473.55
Malawi 1983 0.0031709 0.0010626 210.83
Malawi 1984 0.0043075 0.0010753 323.22
Malawi 1985 0.0041356 0.0011224 301.32
Malawi 1986 0.0045862 0.001164 342.22
Malawi 1987 0.0047801 0.0012009 357.92
Malawi 1988 0.00399 0.001234 275.6
Malawi 1989 0.0039715 0.0012637 270.78
Malawi 1990 0.004331 0.001311 302
Malawi 1991 0.0040614 0.0013583 270.31
Malawi 1992 0.0054078 0.0014056 400.22
Malawi 1993 0.0040853 0.0014529 263.24
Malawi 1994 0.0047479 0.0015002 324.77
Malawi 1995 0.0053495 0.001588 376.15
Malawi 1996 0.0075392 0.0016758 586.34
Malawi 1997 0.0074793 0.0017636 571.57
Malawi 1998 0.0086155 0.0018514 676.41
Malawi 1999 0.0136075 0.0019392 1166.83
Malawi 2000 0.0079281 0.0020428 588.53
Malawi 2001 0.010264 0.0021463 811.77
Malawi 2002 0.0111834 0.0022499 893.35
Malawi 2003 0.0101168 0.0023535 776.33
Malawi 2004 0.0081616 0.0024571 570.45

Average 0.00603202 0.00151676 451.526
continued on the next page
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Country Year Actual Death Rate Pred. Death Rate Diff, per
100,000

HIV Rate Estimated, 2000 0.0459 (.0406, .0517)
Mali 1984 0.003486 0.0012009 228.51
Mali 1985 0.0039819 0.001234 274.79
Mali 1986 0.0064137 0.0012637 515
Mali 1987 0.0028853 0.001311 157.43
Mali 1988 0.0027082 0.0013583 134.99
Mali 1989 0.0023982 0.0014056 99.26
Mali 1990 0.0032393 0.0014529 178.64
Mali 1991 0.0036372 0.0015002 213.7
Mali 1992 0.0031066 0.001588 151.86
Mali 1993 0.0034161 0.0016758 174.03
Mali 1994 0.0029738 0.0017636 121.02
Mali 1995 0.0023982 0.0018514 54.68
Mali 1996 0.003593 0.0019392 165.38
Mali 1997 0.0038921 0.0020428 184.93
Mali 1998 0.0052284 0.0021463 308.21
Mali 1999 0.0043037 0.0022499 205.38
Mali 2000 0.0041322 0.0023535 177.87
Mali 2001 0.0047149 0.0024571 225.78

Average 0.003552993 0.001841757 171.1236
HIV Rate Estimated, 1997 0.0199 (.0136, .0266)
Namibia 1984 0.0038309 0.001234 259.69
Namibia 1985 0.002194 0.0012637 93.03
Namibia 1986 0.0028374 0.001311 152.64
Namibia 1987 0.0033516 0.0013583 199.33
Namibia 1988 0.0035443 0.0014056 213.87
Namibia 1989 0.0038011 0.0014529 234.82
Namibia 1990 0.0043783 0.0015002 287.81
Namibia 1991 0.0035443 0.001588 195.63
Namibia 1992 0.0030946 0.0016758 141.88
Namibia 1993 0.002351 0.0017636 58.74
Namibia 1994 0.0021275 0.0018514 27.61
Namibia 1995 0.0033551 0.0019392 141.59
Namibia 1996 0.0043017 0.0020428 225.89
Namibia 1997 0.0050243 0.0021463 287.8
Namibia 1998 0.0072411 0.0022499 499.12
Namibia 1999 0.006411 0.0023535 405.75
Namibia 2000 0.0082355 0.0024571 577.84

Average 0.004416138 0.001878946 253.7192
HIV Rate Estimated, 1996 0.0470 (.0352, .0598)
Uganda 1980 0.0056779 0.0010626 461.53
Uganda 1981 0.0047833 0.0010753 370.8
Uganda 1982 0.0024708 0.0011224 134.84
Uganda 1983 0.0045019 0.001164 333.79
Uganda 1984 0.0037798 0.0012009 257.89
Uganda 1985 0.0044267 0.001234 319.27
Uganda 1986 0.0045125 0.0012637 324.88
Uganda 1987 0.0054192 0.001311 410.82
Uganda 1988 0.0057361 0.0013583 437.78
Uganda 1989 0.0051927 0.0014056 378.71
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Country Year Actual Death Rate Pred. Death Rate Diff, per
100,000

Uganda 1990 0.0061886 0.0014529 473.57
Uganda 1991 0.0071825 0.0015002 568.23
Uganda 1992 0.0071825 0.001588 559.45
Uganda 1993 0.0095238 0.0016758 784.8
Uganda 1994 0.0123457 0.0017636 1058.21
Uganda 1995 0.0131044 0.0018514 1125.3
Uganda 1996 0.0094344 0.0019392 749.52
Uganda 1997 0.0089892 0.0020428 694.64
Uganda 1998 0.0081471 0.0021463 600.08
Uganda 1999 0.0116053 0.0022499 935.54
Uganda 2000 0.0139137 0.0023535 1156.02
Uganda 2001 0.0142566 0.0024571 1179.95

Average 0.007411013 0.001582247 582.8767
HIV Rate Estimated, 1997 0.1126 (.0981, .1270)
Zambia 1980 0.0031341 0.0010626 207.15
Zambia 1981 0.0025564 0.0010753 148.11
Zambia 1982 0.0035927 0.0011224 247.03
Zambia 1983 0.0021209 0.001164 95.69
Zambia 1984 0.0028482 0.0012009 164.73
Zambia 1985 0.0036688 0.001234 243.48
Zambia 1986 0.0032323 0.0012637 196.86
Zambia 1987 0.0026043 0.001311 129.33
Zambia 1988 0.0028556 0.0013583 149.73
Zambia 1989 0.0030649 0.0014056 165.93
Zambia 1990 0.0047781 0.0014529 332.52
Zambia 1991 0.0047781 0.0015002 327.79
Zambia 1992 0.0058198 0.001588 423.18
Zambia 1993 0.0078553 0.0016758 617.95
Zambia 1994 0.0091387 0.0017636 737.51
Zambia 1995 0.0137481 0.0018514 1189.67
Zambia 1996 0.0102951 0.0019392 835.59
Zambia 1997 0.0105818 0.0020428 853.9
Zambia 1998 0.01269 0.0021463 1054.37
Zambia 1999 0.0152546 0.0022499 1300.47
Zambia 2000 0.0145099 0.0023535 1215.64
Zambia 2001 0.0165087 0.0024571 1405.16

Average 0.006530607 0.001582247 494.836
HIV Rate Estimated, 1997 0.1213 (.1025, .1381)
Zimbabwe 1982 0.0022619 0.0012009 106.1
Zimbabwe 1983 0.0018842 0.001234 65.02
Zimbabwe 1984 0.0027953 0.0012637 153.16
Zimbabwe 1985 0.0017557 0.001311 44.47
Zimbabwe 1986 0.0015366 0.0013583 17.83
Zimbabwe 1987 0.0010981 0.0014056 -30.75
Zimbabwe 1988 0.0012626 0.0014529 -19.03
Zimbabwe 1989 0.002139 0.0015002 63.88
Zimbabwe 1990 0.0025766 0.001588 98.86
Zimbabwe 1991 0.0025219 0.0016758 84.61
Zimbabwe 1992 0.0041598 0.0017636 239.62
Zimbabwe 1993 0.0042143 0.0018514 236.29
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Country Year Actual Death Rate Pred. Death Rate Diff, per
100,000

Zimbabwe 1994 0.0057923 0.0019392 385.31
Zimbabwe 1995 0.0066989 0.0020428 465.61
Zimbabwe 1996 0.00977 0.0021463 762.37
Zimbabwe 1997 0.0111152 0.0022499 886.53
Zimbabwe 1998 0.0145837 0.0023535 1223.02
Zimbabwe 1999 0.0122132 0.0024571 975.61

Average 0.005691586 0.001841757 384.9829
HIV Rate Estimated, 1995 0.0645 (.0530, .0858)

Notes: This table shows the actual (based on sibling mortality histories) and predicted (using the
historical data on death rates from other countries) death rates over time in the countries in the
sample. This data represents all of the data used to generate HIV incidence and prevalence in
Africa.

Appendix Table 2. Mortality Rates Actual and Predicted for Comparison

Year Actual Death Rate Pred. Death Rate Diff, per
100,000

Panel A: 15-25 in 2000
1989 0.001028 0.001027 0.1
1990 0.0010867 0.0011055 -1.88
1991 0.0020015 0.0011448 85.67
1992 0.0014393 0.0011683 27.1
1993 0.0013928 0.001184 20.88
1994 0.001986 0.001278 70.8
1995 0.0013958 0.0013485 4.73
1996 0.0014412 0.0014033 3.79
1997 0.0013874 0.0014471 -5.97
1998 0.0023266 0.0015521 77.45
1999 0.001456 0.0016408 -18.48
2000 0.001359 0.0017294 -37.04
2001 0.0018919 0.001818 7.39
2002 0.0017466 0.0019066 -16
2003 0.0019887 0.0019953 -0.66
Average 0.001595167 0.001449913 14.52533
HIV Rate Estimated, 1999 0.0008 (0,.003)

Panel B: 25-35 in 2000
1989 0.0011352 0.0016408 -50.56
1990 0.0016209 0.0017294 -10.85
1991 0.0024294 0.001818 61.14
1992 0.0018636 0.0019066 -4.3
1993 0.0024698 0.0019953 47.45
1994 0.0022678 0.0020665 20.13
1995 0.0027121 0.0021377 57.44
1996 0.00154 0.0022089 -66.89
1997 0.0023891 0.0022801 10.9
1998 0.0015805 0.0023513 -77.08
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Year Actual Death Rate Pred. Death Rate Diff, per
100,000

1999 0.0019571 0.0024705 -51.34
2000 0.0019071 0.0025898 -68.27
2001 0.0031078 0.002709 39.88
2002 0.0027079 0.0028283 -12.04
2003 0.0038567 0.0029475 90.92
Average 0.002236333 0.002245313 -0.898
HIV Rate Estimated, 1999 0.004 (.0006, .009)
Notes: This table shows the actual (based on sibling mortality histories) and predicted (using the
historical data on death rates from other countries) death rates over time for two age groups in
the Philippines. This data represents all of the data used to generate the HIV prevalence reported
for the Philippines in Section 3.2
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