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Abstract In this study, we estimate the effect of the HIV epidemic on demographic
outcomes in three countries in Sub-Saharan Africa. We apply the synthetic control
group method and estimate the consequences for life expectancy, mortality, and birth
rates. According to standard measures of fit, the method seems to perform well for
all countries and outcomes. Our results show a large effect on life expectancy and
mortality in two countries, and a small and insignificant effect on birth rates. The
impact of the pandemic is very heterogeneous. In Mozambique, the impact of HIV
on life expectancy and mortality appears to have been surprisingly small. This het-
erogeneity is not due to AIDS causing fewer deaths in Mozambique than in the two
other countries. Instead, the net effect of HIV in Mozambique appears to be dimin-
ished by reduced mortality for other causes—in particular child mortality, respiratory
infections, and injuries.
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1 Introduction

The HIV pandemic represents one of the worst demographic and economic shocks
to hit the world in the past century. It is now 30 years since this formerly unknown
disease was recognised, and still the effects on the economy have not been completely
understood.

Many papers estimate the impact on economic growth and results vary widely.
While some studies find quite large negative effects (see for instance Gaffeo 2003,
who estimates a reduction in the yearly growth rate of 1.2—1.7 percentage points),
other studies, like Bloom and Mahal (1997), find no effects, while Young (2005)
even predicts positive effects. This ambiguity might result from effects working
through many different channels and different channels dominating in different
countries.

In this study, we analyse the impact of the HIV/AIDS pandemic on demographic
variables for three countries in the Sub-Saharan region. Even if HIV is normally
associated with elevated mortality, it is far from obvious how it affects various demo-
graphic variables. Increasing our knowledge about the demographic impact—which
represents one out of several mechanisms by which the pandemic may have repercus-
sions on the economy—we may achieve a better understanding of its overall impact
on society and on the economy in affected societies. For example, Young (2005) sug-
gests that HIV leads to a reduction in fertility and therefore represents a “gift of the
dying” which fosters economic growth for future generations. In order to assess the
validity of this claim it is important to obtain a clear estimate of the effects of HIV
on fertility.!

Since HIV/AIDS is a lethal disease, a substantial disruption of demographic vari-
ables such as life expectancy and the mortality rate can be expected. A clean estimate
of the causal impact is complicated by the fact that important secular trends in sev-
eral demographic variables were present before the pandemic hit. Moreover, life
expectancy in African countries is quite low compared to other countries at a similar
level of development. Therefore, it is important to assess how much of the difference
is due to HIV and to which degree other conditions are responsible.

In addition, HIV will very likely change incentives for engagement in sexual activ-
ity and thus there might also be an effect on fertility. However, different purported
mechanisms lead to different predictions about the effect. On the one hand, women
who know about their infection status might not want to infect their partners and
future children and thus fertility could be reduced. Moreover, there exists evidence
that HIV affects fertility biologically through increased rates of miscarriage and still-
birth (see for instance Fabiani et al. 2006). On the other hand, HIV might also lead to
positive effects on the birth rate. Chen (2010) suggests that higher life expectancy in
general leads to a decreased fertility since parents might prefer to concentrate their
investments on fewer children. HIV might reverse this pattern since the decrease in

ISeveral later studies—such as Kalemli-Ozcan (2012)—rebut the main result of Young (2005). How-
ever, in this paper, we combine the analysis with other demographic variables in order to obtain a deeper
understanding of the processes.
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life expectancy might lead to an increase in fertility. Estimating the effect of HIV on
fertility helps to identify which mechanism prevails.

This paper is the first to consider the three outcome-variables life expectancy,
death rates and birth rates. Other papers with a demographic focus concentrate on
direct effects and thus estimate the effects on mortality and life expectancy (see,
for instance, the publication of the UN Population Division 2004). A second often
considered relationship is the behavioural effect on fertility (see Kalemli-Ozcan 2012
for a recent study on this topic). Analysing both direct and indirect demographic
effects together is useful because they are interrelated. The observation made by Chen
(2010), with lower life expectancy leading to higher fertility, can only hold true if
there is in fact a large enough drop in life expectancy.

We focus on the effects of HIV/AIDS in three heavily affected countries. To over-
come difficulties of standard comparative case studies, we use a novel empirical
approach based on Abadie and Gardeazabal (2003). According to standard measures
of fit, the method seems to perform well for all three outcomes and for all three coun-
tries we consider. Our results show a large effect on life expectancy and mortality for
two countries, and a small and insignificant effect on birth rates. Thus, there is sub-
stantial heterogeneity between the countries in terms of the impact of the pandemic.
In Mozambique, the impact of HIV on life expectancy and mortality appears to have
been surprisingly small.

The paper is structured as follows: First, an overview of the historical development
of HIV and its impact on demographic factors will be given. In Section 3, the syn-
thetic control method for comparative case studies of Abadie and Gardeazabal (2003)
will be presented and discussed, followed by the description of the data and variables
used in Section 4. The results are presented in Section 5. Finally, an evaluation of the
achieved results will be given in Section 6.

2 Background and literature review

There is general agreement in the literature that the HIV pandemic started in Africa
and then spread globally. The first published scientific account of HIV was made in
1981 by the Centre for Disease Control and Prevention in the USA (see, for instance,
Tliffe 2006 on the historical development). According to the UNAIDS report of 2013
(UNAIDS 2013), approximately 35 million people were infected worldwide in 2012,
2.3 million people are newly infected each year and 1.6 million people pass away
every year due to HIV infection. By 2007, a cumulative total of 24 million people had
died from AIDS, and by 2030 this cumulative total is predicted to reach 75 million
(Bongaarts et al. 2010). While the developed countries managed to contain the threat
created by HIV/AIDS, less developed and developing countries were hit hard by the
disease and are still suffering from this shock. The Sub-Saharan region, especially,
became the global centre of this disease, with around 1.6 million newly infected in
2012 and 1.3 million dying each year (UNAIDS 2013).

The estimated HIV prevalence rate in Sub-Saharan Africa for 2012 was 4.6 %.
Women are generally more strongly affected than men, with the proportion of HIV-
infected individuals being 56 % female (The World Bank 2011). Considering the
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shock caused by HIV/AIDS, one question remains: Why were different regions
affected differently? Bloom et al. (1998) addressed the problem, not only considering
the high HIV/AIDS prevalence rate but also the general economic and social situa-
tion of the whole region. They argue that the geographic location of these countries in
the tropics represents their main disadvantage. Due to the climatic conditions of this
area, it is a hotbed for all kinds of diseases such as malaria, which consequently leads
to lower life expectancy and higher health care costs. Additionally, most of the area
is not usable for intensive agricultural production, and, last but not least, this area is
far away from the North American and European markets and the emerging Asian
market. Bloom et al. (1998) therefore argue that the reason for the dire economic sit-
uation of Sub-Saharan Africa is related to its climate and geography and—connected
with these factors—to the demographic structure and availability of health care.
Although HIV/AIDS is not directly related to the tropical climate, they argue that due
to the rapid urbanization the disease was spread fast as a result of disbanded social
relations.

There is a longstanding debate in economics on how health, mortality and liv-
ing standards are related to each other. The increase in life expectancy in England
and Wales throughout the nineteenth and twentieth century was driven by a decline
in mortality rates as a result of improved medical care and consequently improved
health (Cutler et al. 2006). This increase in life expectancy was therefore strongly
associated with economic growth even though the relationship between the two vari-
ables is a complex and dynamic one (Fogel 2004; Deaton 2008). Chen (2010) shows
in a theoretical model that a higher life expectancy will in general lead to a decline
in the fertility rate and a higher educational level due to a quality-quantity trade-off
concerning the number of children and their education. There is, however, a possible
steady-state where a country is caught in a “poverty trap” characterised by high fer-
tility rates, low educational level and low life expectancy. Becker et al. (1990) also
consider two steady-states, where one equilibrium is characterised by a low fertility
rate, increasing investments in education and physical capital and the second steady-
state is found with a high fertility rate and consequently low investments in human
and physical capital. This is referred to as the “Malthusian” equilibrium, which can
only be changed with a strong investment policy. The fertility rate, the mortality rate
and the general level of education are decisive factors for life expectancy (cf. Becker
et al. 1990). Even if it is not known exactly how these determinants contribute to
changes in life expectancy, it is likely that an external shock to the mortality rates—as
in the case of HIV—would have an impact on all the other variables.

Several studies consider the relation between demographic variables, such as the
fertility rate, and the HIV prevalence rate. Fortson (2009) reports only a small effect
of HIV/AIDS prevalence rates on fertility rates when comparing 12 different Sub-
Saharan countries. She argues, however, that if educational levels are taken into
account, the relation between HIV/AIDS prevalence rates and fertility becomes evi-
dent. Fink and Linnemayr (2008) also consider how education mediates the effect
of HIV on fertility. They find a weak and statistically insignificant positive over-
all correlation between the HIV/AIDS prevalence rate and the fertility rate. If one
differentiates by educational levels, the pandemic has a positive effect on fertil-
ity in the lowest educational groups. On the other hand, there is a negative effect
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of HIV/AIDS on fertility of mothers with secondary schooling and higher educa-
tion. Durevall and Lindskog (2011) also investigate the effect on fertility in Malawi
and find mixed results. They find a relation between the age of mothers and their
desired number of children. Their study shows that younger women increase their
desired number of children while older women decrease it. The exact mechanism
cannot be identified, but it is believed to be the desire to avoid giving birth to
HIV-infected children. Moreover, (Young 2005, 2007) identifies a large negative
effect of the epidemic on fertility, whereas other studies (Kalemli-Ozcan 2012;
Juhn et al. 2013; Shapira 2013) report much smaller or even positive effects. Sum-
ming up, there is remarkable disagreement as to the effects of HIV on fertility
(Durevall and Lindskog 2011).

A related topic is how investment in human capital is affected by HIV/AIDS
prevalence rates. Since there is a strong correlation between fertility rates and edu-
cational attainment, several studies focus on the role of education with respect
to HIV/AIDS prevalence rates. Fortson (2011) finds that the HIV/AIDS preva-
lence rate is directly negatively correlated to years of school attendance. Her
analysis shows that a prevalence rate of 10 % lowers the number of years of
school attendance by 0.5 years. She argues that the lower investment in human
capital is a consequence of the higher mortality risk and the associated drop in
investment.

A further parameter which is obviously affected by the HIV pandemic is the mor-
tality rate. In 2012, about 2.7 % of all deaths worldwide were caused by AIDS
(World Health Organization 2014). While in most parts of the world, this fraction
was around 1 %; it was 15 % in Sub-Saharan Africa. An even more drastic picture
emerges if one takes a look at age groups. Amongst adults aged 15-59, the dominant
cause for death in Sub-Saharan Africa in 2003 was AIDS (e.g. 85 % in Botswana and
61 % in Uganda). The group of adults between 15 and 59 years additionally makes
up for 86 % of all AIDS victims in 2007 (Bongaarts et al. 2010). This age profile,
and its consequences for the workforce, has dramatic consequences for the economic
development of the Sub-Saharan region.

However, it needs to be emphasised that even the impact on mortality rates and life
expectancy is unclear. Even if the affected countries had vital statistics of a quality
similar to those in developed countries, such that each death could be unambiguously
attributed either to HIV or to other causes, estimating the impact of the disease would
still represent a considerable empirical challenge due to the missing counterfactual.
Health hazards like pandemics typically affect the frailest members of a society—
even after controlling for observable characteristics such as age and gender. Taken
to its extreme, this form of selective mortality represents a “harvesting effect” such
that victims of the health shocks are individuals who would have had a very short life
expectancy also in the absence of the shock—which leads to a risk of seriously over-
estimating the effect of the pandemic (Fung et al. 2005). However, it could be argued
that, when the HIV pandemic is concerned, selection should work in the opposite
direction. Since young and healthy adults are more likely than others to engage in
risky behaviour, there is reason to believe that the pandemic exhibits positive selec-
tive mortality, just as the 1918 influenza pandemic did (Gregson et al. 2006; Karlsson
et al. 2014).
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A further demographic variable which complicates the picture is migration. Tra-
ditionally, migration has been studied as a variable which may explain the spread
of disease. The role of migration within the context of the AIDS pandemic has
been discussed by Ellis and Muschkin (1996), Decosas and Adrien (1996), Lurie
(2006), Soskolne and Shtarkshall (2002), and Booysen (2006). Less attention has
been devoted to migration as avoidance behaviour, despite evidence of its histor-
ical importance (McNeill 2010). Recent theoretical contributions by Mesnard and
Seabright (2009) suggest that people who migrate to avoid an epidemic differ in
important respects from the population left behind. Whenever migration is responsi-
ble for the spread of the disease, it will be a confounding factor which can possibly
bias estimates. When, on the other hand, migration flows are triggered by the dis-
ease, they represent one out of many effects of the epidemic. Since this type of
migration affects the denominator of several other demographic variables, it needs
to be taken into account when assessing the impact of the pandemic on these other
variables. It should be noted, however, that migration flows between Sub-Saharan
Africa and other countries is limited. For example, the total stock of immigrants
from Sub-Saharan countries in OECD countries was around 3.9 million in 2002,
working out at less than 0.5 % of the total population (OECD 2005). The migra-
tion flows between African countries have been somewhat larger. For example, the
UNDP estimates that the total immigrant stock in South Africa was 1.0 million in
year 2000, working out at around 2 % of the population. This stock of migrants
included large groups of immigrants from Mozambique (260,000) and Zimbabwe
(127,000) (UNDP 2013).

3 Study design

In this paper, we contribute to the existing literature by using a relatively novel
method which was introduced by Abadie and Gardeazabal (2003). The idea is that
a combination of donor units in a comparative case study—a “synthetic control”—
provides better comparison data for the exposed unit than any single donor unit could
do on its own. This method has three main advantages: firstly, the synthetic control
group is calculated using a data-driven algorithm which does not allow for subjec-
tive choices of the researcher. Secondly, pre-intervention similarities of the synthetic
control group and the exposed unit are explicitly quantified. Finally, the relative con-
tribution of each donor unit is shown and restricted to be non-negative (Abadie et al.
2010). Abadie and Gardeazabal (2003) used this method to estimate the effect of
terrorism on GDP per capita in northern Spain and the effect of a Californian anti-
tobacco law in 1988 on cigarette consumption (Abadie et al. 2010). Examples of
other studies using this method are Hinrichs (2012) who studies the effects of affir-
mative action bans on minority students, or Montalvo (2011) studying the effects of
terrorism on voting behaviour.

In the current setting, finding a suitable control group represents a considerable
challenge, for several reasons. Firstly, HIV affected a geographically concentrated
group of countries in Sub-Saharan Africa, which arguably have a very special his-
tory compared to other regions of the world. Therefore, we first restrict our analysis
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to African countries, in order to get maximum comparability between treated and
control cases. Since most countries in this region were affected, it is not an easy
task to find potential donors unaffected by HIV, and our estimates in this part will
thus inevitably be based on very small samples. The second problem is of a similar
nature: there may be random noise in determinants of the outcome variables, causing
a measurement error in the treatment effect. These problems are reduced somewhat
by considering only countries which have exhibited similar trends in the past in terms
of life expectancy, death and birth rate and some of their key determinants. To the
extent that these unobservable differences lead to a misrepresentation of the true
effect, it will most likely be of an attenuating nature. Moreover, we will address this
issue by performing a placebo analysis as also suggested in Abadie and Gardeazabal
(2003). Thus, we will estimate synthetic control groups for all countries in our donor
pool and compare deviations after treatment in the countries which were affected
by HIV to deviations in the non-treated countries. This will reveal whether the
treated countries are statistical outliers in terms of the estimated treatment effect—
in which case we would be more confident in attributing the estimated effect to
the pandemic.

For our analysis, it is useful to establish two general thresholds for the prevalence
of HIV. Thus, from now on, we will refer to a country as strongly affected if the
estimated prevalence rate is above 1 %.” Likewise, we refer to countries ever experi-
encing prevalence rates above 10 % as severely affected. The rest of the countries, i.e.
those that have never crossed the 1 % threshold, will be referred to as mildly affected.
This categorization of countries may seem arbitrary, but it allows us to go from a
continuous treatment to a discrete one.

3.1 Selection of cases

Some summary statistics from Oster (2012) are provided in Table 1. In the first col-
umn, we provide the estimated HIV prevalence rate as of 2007. The next column
shows when a country first crossed the threshold of 1 % prevalence. Clearly, all coun-
tries in the sample except Niger have done so to date, but the year of crossing varies
from 1982 (Uganda) to 2007 (Senegal). Most countries entered the strongly affected
group in the late 80s or the early 90s.

The last column in Table 1 reports the year when the countries are estimated to
have crossed the 10 % threshold to become severely affected (if ever). Twelve coun-
tries in the sample have done so, and the estimated timing varies between 1987 and
2001. Interestingly, some Eastern African countries (Kenya, Rwanda, Uganda), in
which prevalence rates above 10 % were observed, experienced a decrease in rates to
a lower level in subsequent years.

Within this group of severely affected countries, we selected our cases based on
three different types of considerations. The first and most important issue is data
quality. Demographic information from Sub-Saharan Africa is notoriously unreli-
able, if available at all. This problem becomes exacerbated in our case, since we need

2Bell et al. (2006) consider a similar threshold to determine the start of the pandemic.
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Table 1 HIV prevalence rates

Country Rate Started Reached 10+

Angola 2.1 1997

Benin 1.2 1996 .

Botswana 23.9 1987 1993

Burkina Faso 1.6 1987

Burundi 2 1985

Cameroon 5.1 1988

Central African 6.3 1986

Chad 35 1988

Congo 3.5 1985

Cote d’Ivoire 3.9 1987

Equatorial Guine 34 1990

Eritrea 1.3 1996

Ethiopia 2.1 1991

Gabon 59 1991

Ghana 1.9 1994

Guinea 1.6 1999

Guinea-Bissau 1.8 1996 .

Kenya 7.8 1987 1996

Lesotho 232 1991 1995

Liberia 1.7 1993 .

Malawi 11.9 1988 1994

Mali 1.5 1997 .

Mozambique 12.5 1990 2001

Namibia 153 1990 1997

Niger .8 .

Nigeria 3.1 1991 .

Rwanda 2.8 1983 1988

Senegal 1 2007

Sierra Leone 1.7 1995 .

South Africa 18.1 1991 1997

Swaziland 26.1 1991 1995

Togo 33 1991 .
The table shows HIV Uganda >4 1982 1987
prevalence rates of different United Republic 6.2 1985 .
African countries Zambia 15.2 1984 1991
Source: Own calculation based 7Zimbabwe 15.3 1985 1990

on Oster (2012)

a large number of pre-treatment years for identification. Most African countries lack
a national system for vital statistics, and thus census data are a crucial source of infor-
mation about changes in the population. Censuses were in some cases conducted in
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colonial times, but these are perceived to be of questionable quality (Frankema and
Jerven 2014). After independence, only few countries conducted comprehensive cen-
suses within the next decade (Zuberi and Bangha 2006). These post-colonial censuses
were in general more common and of higher quality in Anglophone countries than
elsewhere. However, the information from these early post-colonial censuses has also
been lost in many cases (Zuberi and Bangha 2006).

The United Nations population estimates for the early post-colonial period are
believed to be the most reliable source (Manning 2010). They are typically based
on late colonial censuses as well as censuses from the early years of independence
(Frankema and Jerven 2014). There have been several revisions since the first esti-
mates, but the UN figures and those from the World Development Indicators have
been harmonized. In general, our knowledge of African populations improved con-
siderably during the second half of the twentieth century, partly due to a marked
progress in the quality of data collection. However, UN population estimates still
deviate strongly in some cases, in particular for early post-independence years, from
alternative sources such as the Penn World Tables (Frankema and Jerven 2014).

We used two distinct criteria for data quality: firstly, that the country had a compre-
hensive census no later than 1965, and, secondly, that the discrepancy between UN
and PWT estimates of the 1960 population is less than 10 %. These criteria identified
Botswana, Namibia, South Africa and Zimbabwe. For Mozambique, no information
on censuses is available, but since the country satisfies the discrepancy criterion, we
decided to include it anyway.

Our second criterion is size. It is clearly of greater interest to study countries with
larger populations. We thus decided to exclude countries with less than 1 Million
inhabitants in 1960—which applies to Botswana and Namibia.

Finally, we required that the countries perform well in terms of their pre-treatment
fit with the synthetic control group. This restriction was, however, not binding,
since all three countries that had survived the previous stages turned out to have an
excellent pre-treatment fit for all the three outcome variables.

3.2 Control group

We defined our control group as countries which, according to UNAIDS estimates,
have never crossed the 1 % prevalence threshold—i.e. the group of mildly affected
countries according to the categorisation above. As Table 2 reveals, there is a large
number of countries available which are at different levels of development. In a first
set of estimates, we based the analysis on African countries from this group, and
applied our data quality criterion, which resulted in a donor pool of ten countries.
As a sensitivity check and in order to conduct inference based on placebo estimates,
we relaxed these criteria in a second step, and based the analysis on the entire set of
donors.

There are 40 additional countries for which HIV prevalence statistics are available,
but since these belong to the strongly but not severely affected countries, we could
not use them in our main analysis. The vast majority of these countries are African,
but notable exceptions are Ukraine, Jamaica and Thailand.

@ Springer



1106 M. Karlsson, S. Pichler

Table 2 Control group: mildly

affected countries Country Prev 2007  Country Prev 2007
Algeria 1 Argentina 4
Armenia 1 Australia 1
Austria 3 Azerbaijan 1
Bangladesh 1 Belarus 2
Belgium 2 Bhutan .1
Bolivia 2 Bulgaria 1
Cambodia .6 Canada 2
Chile 4 Colombia .6
Comoros 1 Costa Rica 3
Croatia 1 Cuba 1
Czech Republic 1 Denmark 2
Dominican Republic .8 Ecuador 4
Egypt 1 El Salvador 8
Fiji .1 Finland .1
France 4 Georgia 1
Germany 1 Greece 1
Guatemala N Hungary .1
Iceland 3 India 4
Indonesia 1 Iran 2
Ireland 2 Israel 2
Italy 3 Japan .1
Kazakhstan .1 Korea Rep 1
Kyrgyzstan 2 Lao PDR 2
Latvia .6 Lebanon 1
Lithuania 1 Luxembourg 3
Madagascar 2 Malaysia 5
Maldives 1 Malta 1
Mauritania i Mexico 3
Qatar 1 Moldova 4
Mongolia 1 Morocco 1
Myanmar .6 Nepal 4
Netherlands 2 New Zealand .1
Nicaragua 2 Norway .1
Oman 1 Pakistan 1
Papua New 9 Paraguay 3

Guinea
Peru 4 Philippines 1
Poland 1 Portugal 5
Romania 1 Senegal 8
Serbia 1 Singapore 1
Slovakia 1 Slovenia 1
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Table 2 (continued)

Country Prev 2007 Country Prev 2007
Somalia .6 Spain 4
Sri Lanka 1 Sweden 1
Switzerland 4 Tajikistan 2
Tunisia .1 Turkey .1

The table shows HIV prevalence United Kingdom 2 Umted. States .6

rates of the control group Uruguay 5 Uzbekistan 1

Source: Own calculations based Vietnam 4

on UNAIDS data

3.3 Assumptions

We now present the main assumptions needed for the analysis. Since the HIV epi-
demic reached critical levels in different countries at different points in time, each
affected country needs to be analysed separately. Thus, in the notation below, we
proceed as if there were only one single treated unit and J further control units.

We denote by YZ.IIV ! the outcome that would have been observed in country i at time
t in absence of the HIV epidemic. Also, we denote by Ty the last pre-intervention
period, i.e.

To = inf{t|Ry, > 0.01} — 1, (1)

where Rj; denotes the HIV prevalence rate in the affected country.

Moreover, let Y[.i be the outcome for the affected country i at time ¢, where the
epidemic had started to take off at time Ty + 1. Since HIV is unlikely to have had an
effect on the outcome variables before the outbreak of the pandemic, we also have
Yi=vNvt=1,... Thvi=1,...J+1

Next, define A;; = Y/ — YN/ as the effect of the HIV epidemic for unit i at time 7,
and let D;; be an indicator which assumes the value one whenever the HIV epidemic
has crossed the 1 % threshold: Dy, = 1(t > Tp). Thus, the observed outcome for
unit i at time ¢ equals

Yir = Y,-],W + Ait Dit 2

Abadie et al. (2010) suggest that the untreated value Y; I"can be described by a
factor model given by the following equation:

Y,-IZW =0; +0:Z; + MW + € 3)

where §; is a time effect common to all units, 6; is a vector of possibly time-dependent
coefficients, A, is a vector of unobserved common factors and |; is a vector of
unknown factor loadings.

The method allows for some degree of endogeneity in the treatment indicator—in
the sense that the occurrence of the intervention may be correlated with unobserv-
ables. Nevertheless, it seems not completely unreasonable to assume that, in the early
stages, the spread of the disease was relatively exogenous and mainly driven by geo-
graphical factors (all countries in the Sub-Saharan region were hit by the disease),
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while the actual prevalence level reached in each country will also be influenced by
other factors, such as poverty. Moreover, available evidence suggests that the pan-
demic spread at a very high speed during the early years in affected countries. For
example, in Malawi, the first AIDS case was diagnosed in 1985, a 1 % prevalence rate
was reached in 1988, and in 1990 the prevalence rate was already at 2 % (Arrehag
et al. 2006). Our data show that the average time it took from a prevalence rate of
0.5 % until reaching 1 % was 1.1 years, while only 14 out of 91 mildly affected
countries ever reached a prevalence rate greater or equal to 0.5 %.

A rapid onset of the epidemic is desirable for modelling purposes since the postu-
lated “start year” then becomes less arbitrary. Besides, the incubation period is some
6-8 years on average, which means that governments and aid agencies had very lim-
ited possibilities of moderating the epidemic during the early years (Gaffeo 2003).
Thus, treatment assignment is reasonably exogenous, whereas the development and
wider spread of the disease is probably not. A further assumption which is needed for
the method to work is that the outcomes of non-treated countries are unaffected by
the intervention. There are several ways in which this assumption could be violated.
For example, there is obviously the risk of contagion, to the extent that the countries
of the control group also become affected by the pandemic. Oster (2012) delivers
strong evidence that trade between countries elevates incidence rates. However, this
possibility has been eliminated by considering only countries which have had very
low prevalence rates throughout.

It is also desirable that there is no other extraordinary shock affecting the outcome
variables after time period 7o—for the treated country or for the donor countries.
These shocks could be events like hunger crises, natural disasters, or wars. It could
of course be argued that the method controls for such shocks, since the comparison
units—the synthetic control groups—have been defined so as to closely mimic the
behaviour of all relevant variables in the treated country, including severe and unex-
pected exogenous shocks. However, inference from the method is based on small
samples, and, for this reason, the occurrence of an exogenous large-scale shock can
lead to erroneous conclusions.

As mentioned in Section 2, a further complication in our analysis is the possibility
of migration in response to the pandemic. Such selective migration represents one out
of many effects the pandemic might have on demographic outcomes. Since we con-
duct a reduced-form analysis, which incorporates all different behavioural responses
into one estimated treatment effect, it is unlikely that migration leads to a bias in the
estimates. However, it is nevertheless a good thing that the migration flows to and
from the affected countries have been relatively modest, since otherwise it would be
much more difficult to interpret results.

3.4 Implementation
The synthetic control method involves estimating two matrices: V is the weighting
matrix determining the relative predictive power of various outcome variables Z; and

of the outcome variable itself. The vector W is a vector of non-negative weights given
to the J control countries.
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The criterion minimised is given by

1K1 = KoW]y = /(X1 — XoW) V (X, — XoW), @)

where X j 1s a vector of averages over the pre-treatment period of elements of Z;
and Y;, for treated and control units, respectively. This will give us an optimal coun-
try weight matrix amongst all diagonal positive definite matrices depending on the
variable weight (W*(V)).

The predictors V are chosen such that the average distance from the out-
come variable, i.e. the root of the mean squared prediction error is minimized in
pre-intervention periods:

_ Yo, (Y1 — Yo tWH(V))?
N b

where N represents the number of years in the pre-treatment period.

RMSPE

&)

3.5 Treatment effects and inference

In addition to the above-mentioned RMSPE in the pre-treatment period, we will cal-
culate the RMSPE in the post-treatment period as suggested by Abadie et al. (2010).
Moreover, we are interested also in the direction of the effect. Therefore, we calculate
the mean prediction error (MPE), based on the following formula:

2 Y = Yo WH(V)
~ :

Theoretically, the estimated effect for a country could change sign with the pas-
sage of time, and in the M P E measures, positive and negative effects would then
cancel out and thus attenuate the results. Nevertheless, the measure represents a
useful summary statistic in terms of the sign and cumulative size of the effect.

Abadie et al. (2010) suggested different ways of using placebo regressions for
conducting inference based on the mean square prediction error. If units with an
acceptable pre-treatment fit are compared, their ranking after the “treatment” would
be completely random under the null hypothesis of no treatment effect. Inference can
then be drawn based on the probability that the treated unit would have attained a
position equal to or higher in the RMSPE or MPE rankings, if these rankings had
been randomly assigned.

We use the same approach in this paper. However, since we include several treated
units, we also adjust our inference method for multiple testing—using an approach
similar in spirit to the Mann-Whitney U test (Siegel 1956).> Thus, if we denote the
ranks of the three countries by (r1, 2, 73), where r| < rpy < r3, we base infer-
ence on the probability that a random draw would have generated (ordered) ranks

MPE = (0)

3 A multiple testing problem also arises due to the inclusion of three distinct outcome variables. We ignore
this problem here, but it will become clear that it does not affect our conclusions.
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(p1, P2, p3) < (r1,r2,1r3), where the inequality is componentwise. Thus, for sig-
nificance level «, we would require Pr[(p1, 02, 03) < (r1,72,73)] < « in order to
conclude that the results are significant.

Also, in general, it is possible to calculate a p value for the three draws (ry, 12, r3),
representing the exact probability that three randomly drawn ranks (o1, p2, p3) are
componentwise lower than or equal to the observed ranks (ry, r2, r3). For a total of
N treated and donor countries, the p value becomes

_rBr@r3—r— 1) =3r3(14r1) +243r 4 1) .

p= N-(N—1)-(N—2) )

For example, if there are 94 countries in total and the 3 treated countries attain

ranks (1,2,3), the associated p value is 0.00000746; if the ranks are (92,93,94), the

p value equals one, whereas an intermediate result of (33,58,86) is associated with

p value 0.5. Finally, the ranks (20,21,46) lead to a statistically significant result with

a p value equal to 0.049. This test can be either one-sided or two-sided depending

on the metric used (RMSPE does not discriminate according to effect sign, whereas
MPE does) and on the null hypothesis.

4 Data and variables

As previously mentioned, Sub-Saharan Africa is the region with by far the largest
number HIV/AIDS infected and the highest prevalence rates. But even this region
exhibits regional heterogeneity in prevalence rates and different time frames in the
development of the disease. Moreover, evidence suggests that the pandemic spread
very rapidly during the early years in affected countries. However, there is a general
problem of quantifying the real HIV/AIDS prevalence rate in these countries due to
data limitations. Given that the real figures of HIV/AIDS prevalence rates can no
longer be measured for the past, reasonable assumptions need to be made. The data
provided by Oster (2012) are based on UNAIDS statistics and trend information as
well as linear interpolation. The UNAIDS data themselves are derived from several
different sources, such as population-based tests, prenatal clinical data, countrywide
HIV organization data and epidemic modelling. These data appear to be the best
available and as there are no huge discrepancies in the HIV/AIDS prevalence data,
there will also be no significant discrepancies in the result of the estimates based on
different sources (as long as no systematic error in deriving the prevalence data was
made).

The other variables used here were taken from different sources and come with the
same problems as the HIV/AIDS prevalence rates. Data for birth rates and death rates
were obtained from the World Bank datasets (The World Bank 2011), and data on life
expectancy were collected from different sources and compiled by Rosling (2014).
Our dependent variables are crude death and birth rates (per 1,000 inhabitants) and
average life expectancy (at birth). We use death rates instead of adjusted mortality
because this measure provides the largest dataset in terms of countries we are able
to consider. A consequence of this choice is that it is desirable to also condition on
variables which capture the age distribution.
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As Section 3.3 reveals, the choice of variables included in X will influence the
countries the estimator uses to replicate the treated country and will thus also deter-
mine the outcome of the estimation. We employ values of the dependent variable at
three different points in time starting with the initial value Y;o, up to the year before
treatment. Moreover, we include important determinants of mortality such as the per-
centage of smokers (obtained from Ng et al. 2014), under-5 mortality (Rajaratnam
et al. 2010) and cancer data (Forouzanfar et al. 2011) for the dependent variables life
expectancy and death rate. Conditioning on under-5 mortality not only captures the
disease environment, but also helps adjusting for the age distribution amongst the
diseased. Controlling for smoking behaviour and cancer rates is particularly useful
when comparing countries at different levels of development—since the death causes
related to these factors vary strongly with living standards. Finally, we include the
total fertility rate and the mean age at childbearing as covariates for the analysis of
birth rates (Nations United 2013).

Combining all these variables from various datasets, we are able to construct a
balanced panel of 94 countries (3 treated and 91 in the donor pool, 10 of which are
African countries) from 1960 to 2008. The intervention years for the three treated
countries, i.e. the year in which they crossed the 1 % hurdle of HIV prevalence, are
as follows: 1990 for Mozambique, 1991 for South Africa and 1985 for Zimbabwe
1985 (cf. Table 1)—which gives us around 30 pre-intervention years and 19 post-
intervention years.

The synthetic control group estimator uses the average of several control coun-
tries in order to replicate a treated country. However, the heterogeneity between these
donors is not taken into account. For example, a country with a life expectancy of
50 years could be replicated by another country with a life expectancy of 50 years—
or by two countries with a life expectancy of 30 and 70 years, respectively. The
results might depend upon whether rather similar or rather different countries are cho-
sen by the estimator. Abadie et al. (2010) recommends using rather similar donors.
Thus, we first conduct the analysis based on African donors with high-quality demo-
graphic information only. In order to check robustness of our findings and to conduct
inference, we use the entire donor pool in a separate set of specifications.

Analysing the treated countries and their donor pools, we construct control coun-
tries. We build a synthetic control unit for each treated country by weighting the
donors so as to resemble each treated country as closely as possible in the time
interval before the treatment. In the next section, we present the results of this
optimization.

5 Results
5.1 African donors
5.1.1 Performance

In Table 3, we present donor weights for the different specifications, and in Table 4,
we present results for covariate balance with this very limited donor pool. We also
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report results for the balancing of the outcome variable; however, this aspect will be
discussed in more detail when we present estimation results below. For comparison,
we also present the averages for outcomes and covariates within the entire donor pool.

For the outcomes life expectancy and death rate, four indicators from 1980 are
identified as important predictors beside the outcome variable itself: the under-5 mor-
tality rate, the prevalence of two types of cancer, and the share of smokers in the
population. For the outcome birth rate, two predictors qualify: the TFR, and the mean
age at childbearing.

It is clear from Table 4 that despite the low number of donors available, the algo-
rithm produces a much better match than a simple average taken across all donors. For
Mozambique, the balance is improved for all ten covariates when using the synthetic
control instead of all donors. In some cases—TFR and prevalence of breast cancer—
the match is almost perfect with a deviation of less than 2 %, whereas in other cases it
is less satisfactory. The largest mismatch is observed for the under-5 mortality rate in
1980, but also for this variable, the improvement in covariate balance is considerable.
For South Africa, we observe an improvement for eight out of ten indicators, and for
Zimbabwe only five out of ten are better matched to the synthetic control group.

The most striking discrepancies are observed for the cancer-related variables and
for the share of smokers. Whereas Mozambique performs very well also on those
variables, there are worrying differences for the other two countries. In general, the
cancer death rates are underestimated: the real South Africa is reported to have a
cervical cancer death rate of 4.7 per 100,000, and synthetic South Africa only 2.81.
The corresponding figures for Zimbabwe are 7.6 and 2.48, respectively. In both cases,
taking a crude average of donors would have been slightly better (average: 2.94)
for this indicator. Breast cancer death rates are also underestimated for these two
countries.

The main reason for the mismatch is that our three countries tend to have rela-
tively high death rates for cervical cancer but low death rates for breast cancer, which
makes it difficult to find suitable matches in this very restrictive group of donors.
The impact of this mismatch is, however, likely to be relatively small, for the follow-
ing reason: the total death toll attributable to these two cancers varies between 8 and
15 cases per 100,000 population for these 3 countries (World Health Organization
2004). The all-cause death rate ranges between 800 and 2000 at the beginning of the
treatment period. Since we attain a very good match for the overall death rates, the
main consequence of the mismatch on cancers is that the synthetic control groups will
have marginally lower death rates for cancers and marginally higher death rates for
other death causes. Since these two cancers disproportionately affect women aged 50
and over (Forouzanfar et al. 2011), a possible consequence might be that the impact
of HIV on death rates is slightly underestimated—since the chances are greater that
HIV replaces deaths which would have happened “anyway”. However, since we also
observe an excellent match on life expectancy, the age-specific mortality rates cannot
be very different, which in turn suggests that this possible bias should be of limited
importance.

Another concern is the poor covariate balance for smoking rates—again for South
Africa and Zimbabwe. The synthetic control underestimates smoking prevalence by
around one-third for South Africa, and overestimates it by the same fraction for
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Zimbabwe. For Mozambique, on the other hand, the match is acceptable. The three
main death causes associated with smoking — cardiovascular disease, lung cancer
and chronic obstructive lung disease — are responsible for between 7 and 15 % of
total deaths in the three countries: the highest proportion is reported for South Africa
(World Health Organization 2004). Hence, a mismatch in smoking prevalence of a
few percentage points between treated and synthetic control could possibly lead to a
bias in the estimated effect, but similar caveats apply as for the cancers mentioned
above. However, we are unable to adjust for smoking intensity, which possibly leads
to a misrepresentation of the true impact of smoking prevalence. We will return to
this issue when we discuss covariance balance in the larger donor pool in Section 5.2.

There is some heterogeneity in terms of countries employed as donors (Table 3).
The most important countries in terms of weights are Tunisia and Somalia. While
Tunisia is an important donor for South Africa (45-68 % depending on the dependent
variable) and Zimbabwe (0-69 %), Somalia is the dominant donor for Mozambique
(32-98 %). This high weight assigned to Somalia in the case of Mozambique could
be a reason for concern. However, when we allow more donors below, the weight of
Somalia drops considerably (the weight is between 1.5 and 41 % in Table 6) without
affecting the results.

In conclusion, we see that the algorithm produces a significant improvement in
covariate balance overall, but there are still some striking discrepancies which we
will try to address in what follows, using a larger donor pool. In terms of the quality
of the match, results are particularly promising for Mozambique, where the average
covariate discrepancy is less than 10 % for all the three outcome variables considered.
Likewise, the degree of covariance balance seems to be particularly high when the
birth rate is used as an outcome: for this outcome, the average discrepancy is less than
5 % for all three countries. These two points should be kept in mind when interpreting
the results below.

5.1.2 Results

In Table 5, we then present our main results for this restricted sample. For each of the
three outcome variables, the panels report the RMSPE before treatment, the corre-
sponding variable after treatment, the mean prediction error and the prediction error
in 2008. Clearly, Mozambique exhibits the best overall performance with respect to
the pre-treatment match of the three outcome variables. For birth rates, the prediction
error is as small as 2.07 %, and for none of the outcomes, it is greater than 7 %. This
is relatively low in comparison with many other studies using the same method,* and
slightly surprising considering the small number of donors available. South Africa
and Zimbabwe exhibit a slightly worse pre-treatment fit, but results are still clearly
acceptable.

As regards the estimated effect, we find mixed results across outcomes and coun-
tries. Not surprisingly, the HIV pandemic is associated with a large reduction in life

4 Abadie et al. (2010) obtain a value of around 2.8-5.1 % in their analysis, while Hinrichs (2012) and
Montalvo (2011) report even larger discrepancies.
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Table 5 Results for African donors

RMSPE RMSPE post MPE PE 2008

Panel A: life expectancy

Inlogs Inyears Inlogs Inyears Inlogs Inyears Inlogs In years
Mozambique 3.43 % 1.46 305% 147 —-1.94% —-0.94 —4.67% —2.29
South Africa 3.20% 1.71 21.27 % 12.99 —-19.06 % —11.71 —=31.63% —19.18
Zimbabwe 495% 2.55 36.17 % 20.31 -30.16 % —17.16 —4838% —27.68

Panel B: death rate
Inlogs Indeaths Inlogs Indeaths Inlogs In deaths Inlogs In deaths

Mozambique 6.13 % 1.23 414% 0.71 2.72 % 0.45 4.11 % 0.64
South Africa 829% 1.25 61.87 % 5.81 56.16 %  5.10 91.76 %  9.13
Zimbabwe 13.82% 2.23 75.35% 8.01 6349 %  6.56 97.04% 9.94

Panel C: birth rate
Inlogs Inbirths Inlogs Inbirths Inlogs In births  Inlogs In births

Mozambique 1.78 %  0.80 10.55% 4.29 10.11%  4.11 7.07 % 2.67
South Africa 693 % 2.70 1191 % 2.72 1079 %  2.48 6.09 % 1.30
Zimbabwe 1.32% 0.63 200% 0.64 —1.77%  —0.58 —2.64% —0.80

This table shows the estimated effects for each country. The root mean square prediction error (RMSPE)
is defined in Eq. 5. We calculate it before the intervention (column 2), and after (column 4). Column 6
reports the MPE (mean precition error; see Eq. 6). Finally, we show the difference of the outcome variable
in the final period (2008) in column 8. Results are provided in logarithmic scale and in the natural units,
i.e. years of life expectancy and death and births per 1,000 inhabitants

expectancy and a corresponding increase in mortality rates—the effect is as large
as 19 % (11.7 years by the year 2000) for life expectancy in South Africa, and
30 % (15 years) in Zimbabwe. However, we do not observe anything comparable in
Mozambique: the overall effect is as low as 2 % (1.4 years). Interestingly, the relative
effect on death rates is larger than the effect on life expectancy, but the results for the
two outcomes are very consistent with each other.

For the birth rate, results are more moderate and partly contradictory. Mozambique
and South Africa note an increase in birth rates by around 10 %, whereas Zimbabwe
experiences a reduction of about 2 %. This result will be corroborated below but we
may already conclude that the conflicting evidence delivered in the previous litera-
ture may in fact be attributable to the effects being relatively small overall, and to
heterogeneity in the impact between different countries.

In summary, this analysis based on African donors has shown a strong effect
on life expectancy and death rates for Zimbabwe and South Africa, but, surpris-
ingly, virtually no effect for Mozambique. This is particularly puzzling considering
that Mozambique exhibits by far the best fit in terms of covariate balance and pre-
treatment prediction error. We observe a smaller and heterogeneous effect on birth
rates. Finally, we find that a very good synthetic control—in terms of covariate bal-
ance and pre-treatment fit—can be built for Mozambique, whereas the two other
countries, in particular Zimbabwe, perform slightly worse.
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On the other hand, there are some reasons why we feel that this analysis needs to
be corroborated using a larger number of cases. Firstly, credible inference can only be
conducted if the number of donors is relatively high. Secondly, it would be desirable
to increase the covariate balance and to check whether results remain robust when the
pre-treatment fit is improved. Thirdly, if results remain robust, it would be of interest
to evaluate the power concerning our surprising finding for Mozambique that the HIV
virus hardly affected life expectancy and death rates. Likewise, if the results for birth
rates are robust, it would be of interest to evaluate whether the method is suitable to
pick up effects in this variable at all. Thus, we now relax two of our sample selection
criteria and allow non-African donors as well.

5.2 All donors
5.2.1 Performance

With a less restrictive sample selection, we have a total of 91 donors which may
be used. Donor weights are provided in Table 6, and in Table 7, we present results
for covariate balance, using the same indicators as in the restricted analysis above.
Clearly, relaxing the restriction leads to a marked improvement in covariate bal-
ance: now the synthetic control group represents an improvement in the balance for
all indicators and all countries, compared to the average of each of the two donor
pools we consider. Also in comparison to the previous synthetic controls, we observe
improvements. In particular, we noticed a discrepancy in terms of under-5 mortal-
ity, especially for Mozambique. This difference now decreased substantially for all
three countries. For Mozambique, we previously observed that under-5 mortality was
lower in the synthetic control group, while now we observe a slightly higher under-
5 mortality rate, while all other results are unchanged. For the total fertility rate—a
covariate used to predict the birth rate—the deviation between the actual and the
synthetic version of the countries ranged between 1 and 6 %, and now the discrep-
ancy is down to virtually zero. Similar improvements in fit are notable for the other
indicators.

Even though the overall performance is remarkably good, there are also a couple
of exceptions. The largest relative deviations between treated and controls are now
observed for the variable capturing smoking prevalence. There was an issue with the
match for this covariate also in the previous analysis focusing on African donors. In
this new estimate, the match for South Africa is acceptable, whereas Mozambique
and Zimbabwe exhibit deviations ranging between 26 and 55 %. For Mozambique,
the prevalence of smoking is underestimated, and for Zimbabwe, it is overesti-
mated. A closer inspection of the underlying data reveals that for both countries,
the treated country lies right in the middle of the donor countries in terms of smok-
ing prevalence—some donors exhibit higher smoking rates, and some exhibit lower
rates. Thus, using different weights, it would in principle have been possible to repli-
cate the smoking prevalence rates for Mozambique and Zimbabwe, but the current
weights are obviously not optimised for replicating this variable. On the other hand,
there is actually some evidence suggesting that the discrepancies between treated and
controls tend to exaggerate differences in smoking behaviour: according to the same
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1122 M. Karlsson, S. Pichler

data source, the average smoker in Mozambique smoked less in 1980 than average
smokers in the countries contributing to the synthetic control. Likewise, the average
smoker in Zimbabwe smokes more than what smokers in the donor countries do (Ng
et al. 2014). Thus, even though the discrepancies in the smoking prevalence rates are
anotable exception from otherwise excellent matches, they might in fact overstate the
differences in the public health burden represented by smoking behaviour in treated
and control countries.

Conversely, it appears that the cancer mortality rates for cervical and breast
cancer—which represented the greatest challenge in the African setting—can be
much better replicated with this extended pool of donors. Deviations between treated
and control units are less than 1/3 in all cases, and for South Africa they are virtually
equal to zero.

5.2.2 Results

Also for the outcome variables themselves, we note an improvement in the fit when
we relax the sample selection criteria. Results are presented in Table 8. In particular
for the birth rate, the countries now perform uniformly better, but also for the other
two outcomes do we note improvements in pre-treatment match. For example, the
pre-treatment RMSPE for Zimbabwe is down to 0.19 from 4.29 %. South Africa

Table 8 Results for all donors

RMSPE RMSPE post MPE PE 2008

Panel A: life expectancy

Inlogs Inyears Inlogs Inyears Inlogs Inyears Inlogs In years
Mozambique 3.19 % 1.25 460 % 227 —-336% —1.64 —-8.96 %  —4.50
South Africa 041 % 0.22 16.33 % 9.65 —1331% —7.90 —25.82% —15.19
Zimbabwe 022 % 0.12 29.83 % 15.99 —-2385% —12.94 3994 % —21.84

Panel B: death rate

Inlogs Indeaths Inlogs Indeaths Inlogs In deaths In logs In deaths
Mozambique 4.71 % 1.17 541% 087 2.79 % 043 9.79 % 1.49
South Africa  3.05% 0.38 59.05% 5.64 5029 %  4.70 9156 %  9.12
Zimbabwe 123% 0.14 67.48 % 17.51 5487 % 597 86.26 %  9.25

Panel C: birth rate
Inlogs Inbirths Inlogs Inbirths Inlogs In births  In logs In births

Mozambique 1.58 % 0.71 727% 297 6.25 % 2.56 6.44 % 2.44
South Africa 1.09 % 0.40 1.69% 042 —-0.87% —0.22 -351% —-0.79
Zimbabwe 099 % 0.47 133% 0.44 1.05 % 0.35 0.96 % 0.28

This table shows the estimated effects for each country. The root mean square prediction error (RMSPE)
is defined in Eq. 5. We calculate it before the intervention (column 2), and after (column 4). Column 6
reports the mean prediction error (MPE; see Eq. 6). Finally, we show the difference of the outcome variable
in the final period (2008) in column 8. Results are provided in logarithmic scale and in the natural units,
i.e. years of life expectancy and death and births per 1,000 inhabitants
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has similar improvements in the RMSPE. Indeed, both countries have now overtaken
Mozambique and exhibit superior pre-treatment fit for two of the outcomes.

Despite these changes, however, the results remain very stable. There is a marked
reduction in life expectancy for South Africa and Zimbabwe, and a corresponding
increase in death rates by more than 50 %. Also the non-result for Mozambique
carries over to this setting: the estimated effect on life expectancy and mortality is
now slightly larger than in the previous specification, but still much lower than in the
two other countries, and far lower than what one would expect. For birth rates, we
again find very modest effects in all three countries.

Results from the placebo regressions are reported in Table 9. The first column
reports the treatment year, the second column the treatment status, and then we report
the pre- and post-treatment RMSPE. This variable does not take the sign of the effect

Table 9 Placebo results for all donors

Country Treatment year Treated RMSPE RMSPE post MPE PE 2008 Rank

Panel A: outcome: life expectancy

Zimbabwe 1985 1 022% 29.83 % —23.85% —39.94 % 1
South Africa 1991 1 041 % 1633 % —1331% —2582% 2
Senegal 1991 0 125% 842 % —737% —12.86 % 3
El Salvador 1987 0 228% 824 % 8.00 % 8.13 % 4
Somalia 1982 0 1.74 % 7.74 % —6.09% —13.40% 5
Belarus 1991 0 149 % 697 % —657T% —-959% 6
Kazakhstan 1988 0 022% 631 % —570% —-789% 17
Bosnia and Herzegovina 1982 0 0.87% 6.03 % —475% —-383% 8
Nicaragua 1985 0 095% 598 % 5.38% 8.29 % 9
Laos 1982 0 025% 5.26% 4.82 % 531 % 10
Mozambique 1990 1 319% 4.60 % —336% —-896% 14
Panel B: outcome: death rate

Zimbabwe 1985 1 123% 67.48 % 54.87% 8626% 1
South Africa 1991 1 3.05% 59.05 % 5029 % 9156 % 2
Oman 1983 0 8.19% 45.60 % —41.18 % —40.14 % 3
Nicaragua 1985 0 235% 3836 % —34.96 % —53.51 % 4
Costa Rica 1991 0 13.94 % 34.10 % —3328% —19.69% 5
Kazakhstan 1988 0 249 % 31.71 % 2832% 3439% 6
Somalia 1982 0 342 % 26.84 % 2138% 4566 % 1
China 1987 0 16.70 % 21.05 % 2021 % 3357% 8
Bhutan 1991 0 1.50 % 20.37 % —18.40% —28.17% 9
Qatar 1991 0 18.74 % 19.72 % —1590% —38.98 % 10
Mozambique 1990 1 471 % 5.41 % 2.79 % 9.79 % 69
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1124 M. Karlsson, S. Pichler

Table 9 (continued)

Country Treatment Year Treated RMSPE RMSPE post MPE PE 2008 Rank

Panel C: outcome: birth rate

Iran 1987 0 391%  52.88 % —4856 % —67.11% 1
Mongolia 1982 0 099 %  40.85 % —3286% —5724% 2
Somalia 1982 0 142% 2994 % 25.28 % 40.13 % 3
United States 1985 0 334% 2848 % 25.26 % 26.31 % 4
Iceland 1987 0 6.86 % 2741 % 26.33 % 42.43 % 5
Latvia 1991 0 11.63% 23.17 % —21.9% —1455% 6
Denmark 1987 0 5.67% 2291 % 21.47 % 21.60 % 7
Germany 1985 0 14.86 % 22.58 % —21.19% —3225% 8
Argentina 1983 0 620%  21.92 % 18.02 % 17.29 % 9
Lithuania 1990 0 626 % 2121 % —18.49% —16.06% 10
Mozambique 1990 1 1.58% 727 % 6.25 % 6.44 % 58
South Africa 1991 1 1.09%  1.69 % —087% —-351% 85
Zimbabwe 1985 1 099% 133 % 1.05 % 0.96 % 87

This table shows the estimated effects for each country. We distinguish treated countries (HIV
prevalence>10 %) and placebo countries (HIV prevalence<1 %). The RMSPE is defined in Eq. 5. We
calculate it before the intervention (column 4) and afterwards (column 5); the countries are ranked by the
latter. Column 6 is calculated using (6). In column 7, we show the difference of the outcome variable in
the final period (2008)

into account, and for this reason, we also report the mean prediction error and the
prediction error in 2008. A total of 94 countries are included in the placebo analysis
and for an overwhelming majority of them, we get a very good pre-treatment fit for
all three outcome variables.

The top panel reports results for life expectancy. A graphical representation of
the results may be found in Fig. 1. For this outcome, South Africa and Zimbabwe
have by far the largest deviations from their synthetic control groups—irrespective of
whether the RMSPE, the MPE or the PE200S is used for ranking, and irrespective of
whether the sign of the effect is considered or not. Thus, the answer to the question
regarding statistical significance of those two countries is a resounding yes. A more
intricate issue is whether our method has any power at modest effect sizes. When
considering the distribution of post-treatment RMSPE, an estimate of around 8 %
would have been deemed significant within the overall pool of countries. This is less
than half than the estimate for South Africa and only a fourth of the effect estimated
for Zimbabwe. The result is similar if one considers the alternative metrics such as
MPE or PE2008. Thus, we conclude that given the good pre-treatment fit for donors
and treated countries alike, the method is quite powerful also at relatively modest
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effect sizes, and that the non-result for Mozambique thus seems not to be attributable
to poor performance of the method. Finally, we consider the three countries as a
group and test their joint significance in accordance with the statistic given in Eq. 7.
In a two-sided test based on the RMSPE, the rankings of the three countries (1,2,14)
would be associated with a p value of less than 0.001.

Not surprisingly, the results for death rates come out quite similar to those for life
expectancy (cf. Table 9 panel B and Fig. 2): Zimbabwe and South Africa come out
on top irrespective of the metric used, and irrespective of whether the sign of the
estimated effect is taken into account or not. Thus, regarding the significance of these
two countries, we draw the same conclusions as above. As regards the minimum
detectable effect size, it appears that a post-treatment RMSPE of around 40 % is the
smallest effect size that would be deemed significant. This is, again, much lower than
the effects observed for Zimbabwe (67.5 %) and South Africa (59 %) but still more
than one would wish in order to draw clear inference. This loss in precision seems to
be partly attributable to the pre-treatment fit being much worse for some countries in
the donor pool—7 of the 94 countries have a pre-treatment RMSPE above 10 %—but
this is not the only reason: estimates for the death rate seem to be noisier in general.
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Nevertheless, we conclude that there is consistent evidence of a large increase in
death rates in South Africa and Zimbabwe, whereas the evidence for Mozambique
suggests that the HIV pandemic has had only a limited effect on mortality. Again,
we test the joint significance based on Eq. 7. The p value associated with rankings
(1,2,69) is again less than 0.001.

Concerning the birth rate, finally, we conclude that there are no significant changes
for any of the three countries taken individually or as a whole (cf. Table 9 panel C
and Fig. 3). Relating this to the ongoing debate about the effect of HIV on fertility,
we believe that our results show that HIV has no discernible effect on fertility, and
for two reasons we have confidence in our estimates. Firstly, the pre-treatment fit of
the outcome variable and for covariates was very good for this outcome, for all three
countries. Secondly, the spread in placebo estimates for this variable is relatively
limited and thus, a change with a magnitude of around 20 % (in RMSPE terms) would
already have been considered significant. This comparably limited spread in placebo
estimates is not, however, driven by the variable itself exhibiting less variation over
time and between countries (which should become clear from a comparison of the
three outcomes between countries and over time in Table 7).

5.3 Discussion

Our results so far can be summarised as follows: there is strong and consistent
evidence that the pandemic had a large negative effect on life expectancy and a cor-
responding positive effect on mortality rates in Zimbabwe and South Africa, whereas
the effect of the pandemic appears to have been surprisingly small in Mozambique.
As regards fertility, our results suggest that any effect of the pandemic has been lim-
ited in all three countries. We will now try to understand what is driving these results,
and in particular the results regarding life expectancy.

As regards mortality and life expectancy, our investigation will be conducted in
three steps. In a first step, we consider if and how the covariates used for matching
have diverged between treated countries and their synthetic controls. However, there
are much better data available for the post-treatment period, so we also consider some
additional variables which are available from later years, in particular mortality by
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death cause. In the 2004 Global Burden of Disease Study, published by the World
Health Organization (2004), mortality rates by death cause were provided for all
WHO member states. These estimates were based on national statistics and analyses
by the WHO. The population at risk was taken from official UN population estimates,
and the death causes were classified according to ICD-9.

We will use these data to answer the question of whether the diverging results
between the three countries are attributable to differences in HIV mortality rates, or
to differences in mortality due to other causes.

In Table 10, we present a comparison of the 2002 values of the covariates used
in our analysis. We present the actual value, the value observed in the synthetic con-
trol group in the same year and the difference between the two for each of the three
countries. Interestingly, the table suggests that the synthetic controls exhibit covari-
ate balance for most of the variables considered also several years after treatment.
Thus, it becomes clear from this table that the prevalence of cancer and of smoking
cannot be driving our results. Only for the under-5 mortality rate do we find some
evidence which might explain some of the heterogeneity in impact: in Mozambique
and South Africa, the under-5 mortality rate appears to be completely unaffected by
the pandemic, whereas Zimbabwe does register an elevated under-5 mortality rate.
All three countries experienced a marked reduction in IMR over the 30-year period
considered, but in Zimbabwe, the reduction was apparently smaller than one would
have expected given the starting position.

Next, we turn to a comparison of death causes in the same year. Estimates are pre-
sented in Table 11. Again, we provide a comparison between the treated countries
and their synthetic controls. The top row presents all-cause mortality, and it is thus
equivalent to our death rate outcome variable. Accordingly, the HIV pandemic was
associated with a mortality burden of 1,521 additional deaths per 100,000 in Zim-
babwe, 600 in South Africa and 244 additional deaths in Mozambique. In the same
year, the HIV prevalence rate was 24.4 in Zimbabwe, 17.6 in South Africa and 11 %
in Mozambique. Thus, the overall death toll is not proportional to the prevalence of
the disease: Zimbabwe had a 2.2 times higher prevalence rate, but a six times higher
death toll than Mozambique.

The pattern for HIV-related deaths is, however, slightly different: for this variable,
Zimbabwe’s death toll equals 1,403, South Africa’s 787 and Mozambique’s 548.

Table 10 Life expectancy covariates in 2002

Mozambique South Africa Zimbabwe
Variable Real  Synthetic Diff. Real Synthetic Diff. Real Synthetic Diff.
Under-5 mortality  163.5 162.2 1.3 373 36.7 0.6 7377 434 30.3
Cervical cancer 49 3.6 1.3 39 3.2 0.7 6.5 4.9 1.6
Breast cancer 2.9 2.0 0.9 5.1 3.8 1.3 5 34 1.6
Share of smokers 6.4 43 2.1 146 14.0 0.6 6.3 9.3 —3.1

This table shows the 2002 values of the covariates used in the matching algorithm for life expectancy
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Demographic consequences of HIV 1129

Hence, we may rule out that the estimated effect heterogeneity is attributable to the
disease taking a different course in the three countries: the number of HIV deaths is
approximately proportional to the prevalence rate.

However, the table also makes clear that Mozambique exhibits lower mortality
rates than expected for some other death causes, and it appears to be this reduced
mortality due to other causes which explains the discrepancy between the HIV-related
mortality and all-cause mortality. We have listed some of the leading death causes in
the table, and it becomes immediately evident that some of them counteract the direct
effect of HIV/AIDS. This is most evident regarding some death causes which occur
early in life such as childhood cluster disease and perinatal conditions. These two
conditions combined are responsible for 210 fewer deaths per 100,000 in Mozam-
bique compared to its synthetic control. There is no comparable pattern for the other
two countries. Hence, the result we reported above, that Mozambique’s under-5 mor-
tality rate is unaffected by the pandemic, seems to be the result of HIV and other
death causes cancelling out.

The next question to ask, then, is if this reduction in other death causes is somehow
related to the pandemic. We believe this to be the case. The quality of data from
Sub-Saharan Africa clearly limits the quality of the evidence that may be presented
to support this story, but we will now provide some facts which seem to support our
view.

First, as regards neonatal mortality and childhood cluster disease, it appears that
breastfeeding patterns are important for gaining an understanding of how the pan-
demic operates. The benefits for infant health of breastfeeding are well-established
in the literature. Breastfeeding has been shown to reduce the risk of several health
hazards, such as asthma, diarrhoea, lower respiratory infections, diabetes and sudden
infant death syndrome (Miotti et al. 1999; Victoria et al. 2000; Duijts et al. 2010).
In 2001, the World Health Assembly endorsed a recommendation that infants should
be exclusively breastfed during the first 6 months of life, and thereafter exposed to
breastfeeding mixed with other foods for at least 18 additional months (World Health
Organization 2003).

However, the presence of HIV complicates the issue and creates a trade-off
between the above-mentioned beneficial effects and an elevated risk of mother-to-
child transmission of HIV. Each year, hundreds of thousands of children are infected
with HIV, and the reason is almost always a transmission from mother to child.
For an HIV-positive mother, the overall transmission rate has been estimated at 30—
45 %, and between one-third and one-half of those transmissions may be attributed
to breastfeeding (World Health Organization 2008).> The risk associated with breast-
feeding is roughly constant during the breastfeeding period, and the cumulative risk
thus increases linearly with each month of breastfeeding. Finally, the mortality rates
of HIV-infected infants are very high (Newell et al. 2004).

SThe availability of antiretroviral drugs is likely to have reduced these rates significantly in recent years
(Rollins et al. 2013).
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A study from South Africa has shown that exclusive breastfeeding is less risky
than mixed feeding (25 % versus 36 %) but formula feeding is obviously less risky
than both (1 %; Coovadia et al. 2007). Several studies from other countries have since
confirmed this result, which has motivated the WHO to issue a qualified recommen-
dation for HIV-positive mothers: exclusive breastfeeding is still recommended during
the first 6 months of life, unless a replacement is acceptable, feasible and affordable
(World Health Organization 2008). These recommendations have later been changed
in the wake of ARV therapy, but the new recommendations from 2009 fall outside
the observation window of this study (World Health Organization 2010a).

The countries analysed in this study—Mozambique. South Africa and
Zimbabwe—have different traditions regarding breastfeeding, and they have also
reacted differently to the pandemic. South Africa and Zimbabwe both have amongst
the lowest rates of exclusive breastfeeding in the world: for South Africa, the level
has been reported at 8 % (World Health Organization 2009), and a recent survey
in Zimbabwe puts the rate at 6 % (Food and Nutrition Council 2010). In contrast,
Mozambique performs very well according to the 2010 WBTi report (World Health
Organization 2010b), and exclusive breastfeeding rates are above 40 % (World Health
Organization 2009). Likewise, there is evidence that the trends have been diverg-
ing in the three countries: for South Africa, the “ever breastfeeding” rates went
down from 88 to 81 % between 1994 and 2004, whereas they increased from 94
to 98 % in Mozambique between 1997 and 2003 (World Health Organization 2009
the corresponding numbers for Zimbabwe are inconclusive). These trends in “ever
breastfeeding” rates are mirrored by trends in exclusive breastfeeding: for Mozam-
bique, the rate has increased by 10 percentage points since the turn of the century
(World Health Organization 2009).

Thus, it appears that breastfeeding practices may be one reason why the pan-
demic has had such a differential impact in the three countries: in Mozambique, the
pandemic coincides with an improved adherence to WHO breastfeeding recommen-
dations, whereas practices seem to have been unaffected or even worsening in South
Africa. Indeed, against the backdrop of worryingly high under-5 mortality rates, the
South African government announced a change in policies in 2011, committing to
promoting an exclusive breastfeeding policy (Bloemen 2012).

In a similar fashion, (road) accidents provide another competing risk on which the
HIV pandemic may have had an indirect effect. According to Lagarde (2007), road
accidents are an important risk, especially in the African context. All three countries
in our study experience relatively high fatality rates in an international comparison,
and their tendency has been increasing. The incidence of road traffic fatalities is
dwarfed by HIV mortality in all three countries—as visible in Table 11—but they
are heavily concentrated in the middle-aged groups between 20 and 40 (Statistics
South Africa 2013). This is, incidentally, the age group that is responsible for the
majority of HIV-related deaths, and who enjoy very low mortality rates in countries
not affected by the pandemic (Division Population 2012). A reduction in road traffic
fatalities due to the AIDS pandemic would thus be expected—but in fact we only
observe this pattern for Mozambique.

Thus, there is some evidence to suggest that the reductions in mortality which
we observe for some causes may be causally linked to the pandemic. To some
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extent, as in the case of breastfeeding, the heterogeneous impact between the three
countries may be attributable to behavioural changes. However, there is also an auto-
matic mechanism operating: whenever a new death cause enters the picture, it will
inevitably be associated with a reduction in the mortality rates associated with other
causes. The consequence is that the death cause statistics always overestimate the
net effect of a pandemic. Moreover, this inherent bias will be larger, the higher the
mortality rates were at the outset. Thus, a more general answer to the question why
Mozambique follows a different trajectory may be found in Figs. 1 and 2. The most
striking difference between Mozambique and the other two countries is that the death
rate is twice as high as compared to South Africa and Zimbabwe. Similarly, life
expectancy is about 10 years lower, already before the emergence of HIV. Therefore,
our results suggest that if the death rate is already high to start with, then HIV will
only have a modest effect on the overall death rate, while there is displacement in
terms of causes of death.

Finally, we present some additional evidence for the birth rates. For this outcome,
our main result was that there was no clear effect of the pandemic. In Table 12,
we present some additional comparisons for 2002. In the top rows of the Table, we
compare the 2002 values for the two covariates included in the matching procedure—
the total fertility rate and the main age at childbearing. These two variables were
perfectly matched in the pre-treatment period. Considering the situation in 2002, we
see that not much has changed: the countries have experienced small reductions in the
total fertility rates, but the difference between the treated countries and their synthetic
controls remain small. Similarly for the mean age at child bearing, we only observe
a small decrease in Zimbabwe relative to its synthetic control.

Next, we tabulate the fertility rates by age group. These variables were not used in
the matching procedure so there is no guarantee that they should balance; however,

Table 12 Birthrate covariates in 2002

Mozambique South Africa Zimbabwe

Variable Real Synthetic Diff. Real Synthetic Diff. Real Synthetic Diff.

Panel A: variables used in the matching algorithm

Total fertility rate 55 56 0.0 28 32 —-04 39 42 -0.3
Mean age at childbearing 28.8 28.8 0.0 28.8 283 0.5 282 30.5 23
Panel B: age-specific fertility rates (not used in the matching algorithm)

y1519 179.0 116.5 625 63.6 374 26.2 103.3 36.5 66.8
y2024 246.0 265.4 —19.4 1254 1282 —2.8 203.0 1432 59.8
y2529 226.0 252.5 —26.5 139.6 160.8 —21.2 1747 1942 —-19.5
y3034 191.0 190.4 0.6 1174 133.8 —16.4 141.0 191.7 —50.7
y3539 148.0 138.8 92 744 710 —2.6 933 1340 —40.7
y4044 75.0 65.6 94 302 274 2.8 433 589 —15.6
y4549 43.0 10.1 329 94 3.0 6.4 137 172 —3.5

This table shows the 2002 values of the covariates used in the matching algorithm for the birth rate.
Source: own calculation based on Nations United (2013)
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if TFR, birthrates and mean age at childbearing are balanced—these age-specific
variables are likely to be closely aligned as well.

For all three countries, we observe a slight increase in fertility at very young ages
(15-19), and a decrease at older ages. However, we find no overall evidence that
the pandemic has led to a change in fertility patterns: the synthetic control closely
mirrors the treated country in most age groups.

6 Conclusion

In this paper, we have estimated the effects of the HIV pandemic on life expectancy,
mortality and birth rates in three heavily affected countries in Sub-Saharan Africa.
Using the synthetic control group approach (Abadie and Gardeazabal 2003), we find
suitable control groups for Mozambique, South Africa and Zimbabwe.

A first main result of this paper is that the method, which has not previously been
used in this context, appears to be highly suitable for the analysis of the effects of
HIV. Even the restricted donor pool of African countries with high-quality demo-
graphic information allows building synthetic controls which exhibit reasonable
covariate balance and pre-treatment fit of the respective outcome variables. When we
allow for donors also from other parts of the world, the performance of the estima-
tor improves further, but results remain strikingly robust compared with the previous
specification.

Just as expected, our results indicate that the HIV pandemic has had a large effect
on life expectancy and death rates. For Zimbabwe, the most heavily affected country
in the group, the reduction in life expectancy is as large as 24 % on average in the
post-treatment period (40 % in the final year). However, even though we find that the
effect in the three countries is jointly highly significant, there are striking differences
between them: according to our estimates, there is hardly any effect in Mozambique,
despite a prevalence rate well over 10 %. In our preferred specification, the reduction
in life expectancy is estimated to be 3.4 %, and the corresponding increase in death
rates is even less than 3 %.

In order to shed some light on this surprising result, we turned to WHO statis-
tics on death causes. Based on this information, we can rule out the possibility
that the epidemic is less virulent in Mozambique than elsewhere: the number of
HIV-related deaths is as high as expected given the prevalence rates. Instead, the
explanation seems to be that Mozambique has an unexpectedly low mortality rate
for some other death causes. The most prominent examples we find are death causes
which affect children—and which thus disproportionately reduce life expectancy—
but also respiratory infections and injuries seem to have relatively low prevalence in
Mozambique.

It goes beyond the scope of this paper to provide an answer to the question why we
observe these countervailing trends in Mozambique—and the poor data availability
in these countries would make it challenging to find a definite answer. Still, it is our
tentative conclusion that these trends are to some extent a result of the pandemic. In
terms of life expectancy, Mozambique had a much worse starting position than the
two other countries—and so it was to be expected that the net effect of the pandemic
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was going to be smaller here than elsewhere. Moreover, we have identified divergent
trends in breastfeeding between the three countries, which may be one additional
reason why the effects on child mortality are different in Mozambique. In summary,
a main implication of our paper is that the demographic impact of the HIV pandemic
may be different from what aggregate prevalence rates or HI'V-related mortality rates
suggest—and that an informed assessment needs to take the general situation in the
country into account.

We have also addressed the ongoing debate regarding the impact of the HIV pan-
demic on birthrates. For this variable, our main results are that the overall effect of
HIV on fertility appears to be very limited.
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