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Abstract
Cash transfers may be an effective strategy to improve sexual and reproductive
health of adolescent girls, by reducing economic dependence on sexual partners.
South Africa has a generous cash welfare system, as well the world’s largest HIV
burden. Using longitudinal data from a large population surveillance system in
rural South Africa, I assess the impact of South Africa’s Child Support Grant on
teenage pregnancy – an important reproductive health outcome and widely used
marker for HIV risk. In recent years, South Africa has expanded eligibility for the
CSG: children born on or after 1 January 1994 are eligible through age 17, whereas
those born before 1994 lost eligibility at age 14. In regression-discontinuity models,
I find that the hazard of teen pregnancy (ages 14-17 years) is 30% lower among
girls in birth cohorts eligible for the grant. These results are robust to a wide
range of specifications. Two-stage least squares estimates imply that being a grant
beneficiary reduced the probability of early teen pregnancy by two-thirds. School
enrollment also increased among eligible cohorts. JEL Classifications: I15, I38,
O12, J13

1 Introduction
In a recent randomized trial in Malawi, Baird et al. found significant declines in pregnancy and HIV incidence among adolescent girls whose households received small monthy
income transfers [1, 2]. Beneficiaries of these transfers were less likely to have transactional sex and less likely to have older partners [3]. These findings have spurred interest
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in unconditional cash transfers as a strategy to expand the agency of girls and to improve sexual and reproductive health outcomes, particularly in HIV-endemic settings
where unprotected sex can be particularly costly. However, little is known about the
impact of unconditional cash transfers on reproductive health in different sociocultural
contexts; about the effectiveness of different targeting mechanisms and program designs;
and about the impact of real-world programs brought to scale. Cash transfer programs
conditional on schooling or sexual health outcomes have been piloted in recent years [4];
however, less attention has been paid to the reproductive health impact of unconditional
cash transfers, in spite of their popularity as a policy option in many developing countries [5].
South Africa has the world’s largest HIV burden and one of the developing world’s most
generous systems of social protection. Nationally, 18% of adults are HIV-positive, with
prevalence rates reaching 29% in some rural areas [6]. Using prospectively-collected longitudinal data from a large population surveillance system in rural South Africa, I assess
the impact of South Africa’s Child Support Grant (CSG) on rates of teen pregnancy.
The CSG is a transfer of about $35 per month to a child’s primary caregiver and is
intended to be spent on the child. Established in 1998, the CSG has been progressively
expanded to cover children of older ages, and is now a major pillar in South Africa’s
strategy of poverty alleviation. In recent years, South Africa has extended eligibility for
the CSG: children born on or after 1 January 1994 are eligible until their 18th birthday,
whereas those born before 1994 lost eligibility at age 14. As a result of this policy change,
there was a discountinuous increase in the probability of being a CSG beneficiary during
ages 14-17 for children born after 1 January 1994. I identify the causal effect of the CSG
on teen pregnancy by exploiting the the quasi-experimental variation induced by this
eligibility expansion.
Estimating regression-discontinuity (RD) models in date of birth, I find that the hazard
of teen pregnancy (ages 14-17 years) is about 30% lower among adolescent girls eligible
for the CSG. Two-stage least squares estimates imply that being a CSG beneficiary lowered the probability of pregnancy by age 16 by about two-thirds. CSG eligibility also
led to significant increases in school enrollment. However, schooling does not appear to
mediate the relationship between income and pregnancy; rather, schooling gains appear
to be downstream effects of averting pregnancies (or possibly gains in enrollment for
teen mothers). This study contributes much-needed causal evidence to the literature
on the socioeconomic determinants of teen pregnancy in developing countries. It provides evidence to policy makers in evaluating the unintended health benefits (or costs)
of South Africa’s grant system. And it informs the debate on whether unconditional
cash transfers should be implemented as a “technology” to improve reproductive health
outcomes in settings with high rates of HIV infection.
The paper proceeds as follows. Section 2 provides background information on the literature on income and pregnancy, the reproductive health context in South Africa, and
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the CSG. Section 3 describes the data used and provides summary statistics. Section 4
introduces the identification and estimation strategies used in the paper and provides
evidence for the validity of the study design. In Section 5, I describe take-up of the
CSG. Section 6 presents reduced form estimates of the effect of CSG eligibility on pregnancy and instrumental variables estimates of the effect of being a CSG beneficiary on
teen pregnancy. Section 7 assesses the relationship between CSG eligibility and school
enrollment. Section 8 concludes.

2 Background
2.1 Theory and mechanisms
Existing literature suggests several pathways through which income transfers may affect
unprotected sex. First, many women desire children, but children are costly. This has
led many economists to model children as a normal good [7, 8, 9]; all else equal, greater
income will enable women to have more children, and hence could lead to more unprotected sex. On the other hand, rising income may lead to changing preferences for quality
over quantity of children [10], possibly leading to less unprotected sex. Preferences for
children are likely to vary with a woman’s age, the opportunity cost of a mother’s time,
and prospective childcare arrangments.
Second, income may improve access to sexual health information and contraception, e.g.
by increasing access to mass media, reducing the effect of transport costs as a deterrent
to clinical care-seeking, and helping women meet out-of-pocket payments for contraceptives. Income may also improve access to education, through which girls may obtain
not only information, but also the cognitive tools that help them to process and apply
health information in their lives [11, 12, 13]. In South Africa, condom use has increased
the fastest among the best educated, suggesting better access and faster adoption of
these prevention methods in the context of a maturing HIV epidemic [14, 13]. In some
settings, education may delay marriage or increase mobility, leading to greater risk of
HIV infection [15, 16]. In South Africa, however, educational attainment has been shown
to be protective against HIV infection [17, 18]. (In fact, one difficulty in establishing
the causal effect of education on HIV risk is that teen pregnancy is a strong predictor of
both school drop out and HIV infection).
Third, the vulnerability of people living close to subsistence may be associated with
shorter time horizons as short term needs take precedent over longer term plans [19].
With the costs of childrearing (and HIV infection) born in the future, people with higher
discount rates may be more likely to partake in risky sexual behavior [20, 21]. Income
transfers may relieve tight household budgets, enable longer term planning, and increase
future-orientation and forward-looking behavior.
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A fourth pathway, and that which as received the most attention in the literature,
involves the interaction of poverty with gender inequality. Assuming a concave utility function, economic deprivation would raise the benefits of risky sexual relationships,
such as multiple partnerships [22, 23, 24], relationships with men known to have multiple
partnerships, transactional sexual relationships [25, 24, 1, 26], relationships with older
men who have higher HIV prevalence rates [27, 24, 1], and relationships in which women
are unable to negotiate safe sex [28, 24, 22]. (Conversely, higher incomes may enable
men to maintain multiple partnerships and undertake riskier behaviors [23, 29, 30].)
Poverty may also raise the perceived benefits of riskier sex on the intensive margin,
within relationships [26, 3]. Qualitative evidence from KwaZulu-Natal suggests that although direct transfers of money for sex are rare, sexual relationships frequently have an
economic basis as partners often provide for specific expenses, such as school fees, transportation, clothing, etc. [31]. Cash grants could reduce the marginal benefit of risky sex.
In addition to these income effects, the design of cash transfer programs may impact
behaviors through price effects, even in the absence of explicit conditions on the intended beneficiary of the grant. There has been much debate in South Africa about
whether the CSG has led women to increase fertility through a price effect on children,
although existing empirical evidence does not support such a response at a population
level [32, 33, 34]. Cash grants targeted to adolescent children, but provided to their
care-giver, also lower the cost of keeping these children in the home and may reduce the
rate at which these older children leave the compound where the household lives in order
to live independently or with a sexual partner.
In spite of the plausibility of these pathways, the causal evidence linking income to teen
pregnancy and other reproductive health outcomes is very limited. To my knowledge,
the study by Baird et al (2011, 2012) in Malawi is the only experimental study to date
to assess the effect of unconditional transfers on pregnancy or HIV incidence among
adolescents [1, 2]. In this study, modest unconditional cash transfers ($4-10 per month
to the household and $1-5 per month to the girl) reduced teen childbearing by 27% and
marriage by 44%; conditioning this cash transfer on school attendance had zero effect on
pregnancy [1]. Girls receiving transfers had 33% lower HIV incidence (60% with sampling
weights) and 70% lower incidence of herpes simplex type 2 (also sexually transmitted)
compared to controls, but there was no added benefit of the schooling condition [2].
The Malawi results were consistent with some of the pathways discussed above, but not
others. Interestingly, Baird et al (2011) find that the effect of cash transfers on reducing
pregnancy was driven by income effects, not by the schooling condition. Indeed, the
protective effects of income were observed primarily for girls who had dropped out of
school but still received the transfer. The grants appeared to have enabled adolescent
girls to avoid risky sexual relationships and early marriage. Girls in households that
received grants had fewer sexual partners and fewer coital acts; their sexual partners
were younger and more likely to have tested for HIV; and they were less likely to have
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received gifts or money from a sexual partner [3].
Although these results are encouraging, further evidence is needed on program design
and effectiveness in other socioepidemiological contexts, prior to scaling up unconditional
cash grants as a tool to prevent teen pregnancy and incidence of sexually transmitted
infections. For example, in rural Malawi, marriage of adolescent girls is not uncommon
and cash grants to girls in the household may have persuaded families to delay marrying
off their daughters. In contrast, in South Africa, marriage typically occurs much later in
life, if it happens at all; in this context, keeping girls in school may be a more important
pathway.
Other studies have provided subsidies for school uniforms or fees [35, 36] or cash transfers conditional on school attendance [2, 37, 38]. However these studies cannot separately identify the effect of cash vis-à-vis the effect of schooling. Still other studies have
conditioned cash grants on routine STI or HIV surveillance [39, 30]. However, these
high-powered incentives have not been successful in improving reproductive health outcomes [1, 30]. Three other studies of unconditional cash grants are currently underway
in Kenya, Tanzania, and Zambia [4, 40], although these are settings with lower rates
of HIV infection. In this paper, I investigate the effect of a large unconditional cash
transfer program on teen pregnancy in South Africa.

2.2 Reproductive health context
South Africa has lower fertility rates than most other areas of sub-Saharan Africa, having experienced a long run fertility decline since the 1960s [41]. However, teen pregnancy
and childbearing remain commonplace, as the decline in fertility has been concentrated
among older women [42]. Childbearing has also been increasingly de-linked from marriage. In rural KwaZulu-Natal, fewer than 5% of women marry by age 25 and fewer than
10% of women marry by age 30 [43]. These low marriage rates are driven in part by
high rates of labor migration and high costs of ilobolo (brideprice) in an era of declining
male employment. The vast majority of teen pregancies occur outside of marriage, and
teen mothers rarely marry the fathers of their children. This pattern differs markedly
from other contexts in sub-Saharan Africa such as Kenya or Malawi, where teen fertility
is correlated with early marriage [44, 1].
Teen pregnancy is common in South Africa, with about half of sexually active 15-24 years
olds ever pregnant [45]. Contraception use prior to first birth is relatively low, although
it is more prevalent among older women [46]. Most teen pregnancies are carried to term,
with low rates of abortion, despite its being legal since 1996. In a national survey data,
1.9% of women 15-22 reported ever having an abortion [47] and in KwaZulu-Natal, 2.5%
of pregnancies among women 15-24 were reported to have been terminated [45]. Administrative data on abortions carried out in formal facilities concurs with these estimates:
2.3% of pregnancies among women in KwaZulu-Natal were terminated in 2010 [48, 49].
5

The data that I use in this paper are designed to include abortions and miscarriages;
however, since the extent of underreporting is unknown, I also present results for pregnancies carried to term.
There are several reasons to focus on teen pregnancy as an indicator of sexual and reproductive health. The first is that teen pregnancy is an important health outcome in
its own right. Most adolescent pregnancies in South Africa are undesired – 65% among
women 15-22 in a national survey [47] and 71% in study in KwaZulu-Natal [45]. Such
pregnancies are often the result of lack of knowledge about contraception or the biology
of reproduction; lack of knowledge or access to contraception [50]; or low agency sexual
relationships. Girls who get pregnant are more likely to have partners who are much
older, more likely to be in violent relationships, and less likely to have confronted their
partner about his infidelity [51]. Low agency has been linked to economic dependency in
sexual relationships [22]. In a recent South African survey, 57% of adolescents reported
pregnancy as the most important problem that teenagers face in the community – 0.3%
named HIV/AIDS [52].
Second, teen pregnancies also have negative downstream effects. Teen pregnancy delays
progression through school and often leads to lower ultimate educational attainment
[53, 54]. In a national survey, 16% of South African girls 15-17 years who were out of
school cited pregnancy as the reason [55]. Pregnancies carried to term also result in
financial and time costs associated with childrearing, which may impact future labor
supply, schooling, and other decisions [56]. In addition, children born to teen mothers
may have worse outcomes such as low birthweight and stunting [57], although it is difficult to disentangle causality from association.
A third reason to focus on teen pregnancy is that it provides an objective indicator of
unprotected sex and has been used in other studies as a proxy for HIV infection risk
[58, 59, 60]. In the community in rural KwaZulu-Natal that I study, teen pregnancy is
highly correlated with later HIV-related mortality [54]. There are several advantages to
using pregnancy as a proxy for HIV risk. Compared to HIV biomarkers, pregnancies
are much less vulnerable to non-response, which can lead to substantial bias through
selection on unobservables [61] and which greatly inflates confidence intervals for effect
estimates [62]. Even in settings of very high HIV prevalence, teen pregnancy is more
common than HIV infection and thus yields higher statistical power. The incidence
of pregnancy and HIV have been estimated at 7 per 100 person-years and 4.7 per 100
person-years respectively among women ages 15-19 in the Africa Centre surveillance area
[63, 64]. Pregnancy start dates can also be dated to a narrow window of time (a few
weeks); in contrast, most HIV surveillance data provide binary indicators of serostatus
on a given survey date, but no information on the date of HIV infection. The precision of pregnancy data can be exploited in a survival analysis set-up, further increasing
statistical power. Finally, data on pregnancy and/or childbirth are collected in many
surveys, enabling validation of results across contexts.
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2.3 South Africa’s Child Support Grant
This study looks at the impact of South Africa’s CSG on teen pregnancy in an HIVendemic region. South Africa has a generous system of social protection. The government provides pensions to persons over 60 years [65], grants to persons who are unable
to work because of disability, and a variety of grants that target children as beneficiaries. Of all these “social grants”, the CSG has the largest number of beneficiaries, with
over ten million children on the rolls in 2011 (Table 1) [66]. In the context of very high
unemployment, these grants play an important role in propping up household consumption and have become an integral part of the social contract in post-Apartheid South
Africa. Child grants alone make up over 40% of household income in poorest 20% of
South African households [67]. The South African government spends over 3% of GDP
on grants, similar to public expenditure levels on health [67].
The CSG was introduced in 1998; its origins have been described in detail elsewhere [68].
The CSG superseded the State Maintenance Grant (SMG), which had been provided
to single mothers, but with low and uneven coverage (0.2% of African mothers received
SMGs in 1993.). The CSG was designed to “follow the child”, such that any person (but
only one person) could register to receive the grant as the child’s “primary caregiver”
[69]. In principle, this design feature made the grant robust to South Africa’s high rates
of labor migration, out-of-wedlock births, and adult mortality. In practice, the vast
majority of primary caregivers are biological mothers and children without biological
mothers have much lower take-up rates [34]. Very few men are registered as primary
caregivers.
Eligibility for the CSG is determined by the age of the child (beneficiary) and the income
of the primary caregiver (recipient). As of April 2010, a child was eligible if the income
of the primary caregiver was less than R 30,000 (US $4,300) per year [70]. In 1998, the
CSG was available to children under seven years of age; however, the age threshold has
been gradually raised to cover older children, as shown in Table 1. The early changes in
age requirements expanded eligibility to people under a certain age. For example, on 1
April 2005, persons under 14 years of age became eligible; these children then aged out
of eligibility on their 14th birthday. These early policy changes resulted in a sawtoothed
pattern shown in Figure 1, in which the oldest cohorts gained, then lost (then gained,
then lost) eligibility.
Take-up of the CSG was initially very low, but increased in 2002-2005 as the government undertook substantial outreach and education efforts to increase utilization [67].
By 2008, about 60% of age-eligible children nationally were beneficiaries of the CSG or
another child grant [67]. Barriers to full take up include lack of knowledge about specifics
of eligibility and lack of documentation of a child’s birth [52]. Time costs associated with
applying for the grant and receiving the grant may also discourage take-up, particularly
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among caregivers at the upper end of the eligible income range. Case et al. (2005) find
much higher rates of take up among the very poor [34].
To receive the CSG, primary caregivers must register their children for the grant at local
Department of Social Welfare offices. The primary caregiver must show proof of income,
national identification number, and the child’s birth certificate. Although there other
types of documentation are acceptable [71], lack of documentation is the most frequently
cited reason for not taking up the CSG, among eligible recipients [52]. In addition to the
age and income requirements, both the caregiver and child must be permanent residents
of South Africa and the child beneficiary must reside with the primary caregiver [71].
In January 2010, eligibility was once again expanded; however, this time only children
born on or after 1 January 1994 were to be eligible up to age 18. In contrast, children
born before 1994 lost CSG eligibility on their fourteenth birthday and never regained eligibility. Children born before April 1991 were never eligible for the grant. The patterns
of eligibility by birth cohort and over time are shown in Figure 1. Among 14-17 year old
adolescents, there is a clear discontinuity in the probability of grant eligibility by birth
cohort. SASSA publicized this eligibility expansion through radio annoucenements, road
shows, informing local indunas, sending letters to the households of children who previously received the grant, and raising awareness through annoucements at schools [52].
This encouragement was not lost on newly eligible teens. Heinrich et al. (2012) quote
one mother as saying: “[My daughter] comes to me and says: ‘Mom, I would really
love you to go and apply for CSG money for me, so that you can pay for my things
at school”’ [52]. Under the 2010 eligibility rules, a teenage mother cannot be both the
recipient of a grant on behalf of her child and the beneficiary of a grant; although her
primary caregiver could receive a grant on behalf of her child [52].
The CSG is worth about 40% of median income [67], and has been increased over time
to keep up with inflation. In April 2010, the CSG was worth R250 (about US $35)
per month [70]. Grants are disbursed to recipients on a montly basis directly into bank
accounts, or at post offices, supermarkets, or mobile cashpoints, which disburse grants
in rural areas at the same place on the same day of each month [70].
A critical question is how we should think about a transfer that is targeted to children,
but provided to their caregivers, who may – or may not – be financial decision-makers
in their households. A first type of evidence comes from studies that ask CSG recipients
what the money is spent on and who decides. In one survey, about half of grant recipients indicated that CSG income is spent only on the child, with the rest indicating that
it is used for other household expenses. Grant funds were spent primarily on food and
secondarily on school uniforms, bills, and other expences. Over 80% of CSG recipients
surveyed reported that they were involved in financial decisions in the household [72].
Qualitative evidence from a smaller study in KwaZulu-Natal supports these observations: the CSG was typically used for the child’s school fees, clothing, food, and medical
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care – but also for household needs, such as groceries. Many informants reported that
the grant money was controlled by the recipient, leading to greater independence in
financial decision-making, but that the amount was so little that it was typically just
spent on basic needs. As regular monthly income, the CSG also expands recipients’
access to credit [73].
A second approach is to assess how household expenditure patterns change with CSG
receipt. A number of studies have looked the impact of the CSG on nutrition and education. Case, et al (2005) find that six year olds who were beneficiaries of the CSG were
8% points more likely to be enrolled in school than non-beneficiaries (a 52% reduction in
the proportion not enrolled). Agüero et al. (2009) find that exposure to the CSG during
early childhood was linked to improved nutrition, as evidenced by increased height-forage. Exploiting expansions of eligibility to 7-13 year olds, Williams (2007) identifies
significant gains in school attendance of beneficiaries and declines in hunger of children
in the household [74]. These findings are consistent with CSG recipient self-reports that
the CSG is spent on food and school-related expenses. Theoretically – and in practice –
income from grants may be used for other expenses by the primary care giver or pooled
within the household. However, available evidence does not find spillover effects of the
CSG on the education of household members who are not direct beneficiaries [74].
Although several studies have assessed outcomes for young child beneficiaries of the
CSG, little is known about the impact of CSGs on the teenage children who are the
focus of this study and who have only recently become eligible for the grant. No existing study has documented the effect of being a CSG beneficiary on teen pregnancy
or other reproductive health outcomes using quasi-experimental methods.1 One place
where the grant might be particularly useful is in paying for school fees. School fees
typically increase in secondary school, and are reported to be an important obstacle to
school enrollment for children ages 15-17 years [55]. In an analysis of the 2007 General
Household Survey, 29% of girls 15-17 years who were not attending school cited school
fees as the main obstacle [55]. CSG beneficiaries are legally exempt from paying school
fees, so it is conceivable that CSG extension would have a price effect on schooling.
However, this policy has been very poorly implemented: in practice, CSG beneficiaries
are no less likely than non-beneficiaries to pay school fees [55]. Thus, whereas the extension of the CSG to children 15-17 years is unlikely to reduce school fees, it may raise
enrollment by increasing the ability of households to pay for school fees, uniforms, or
transport; by lowering pregnancy rates; or by reducing the utility-valued opportunity
costs of schooling (assuming utility is concave in income).
The CSG is an unconditional cash transfer [52, 67]. However, it would be remiss not to
1

Only one study has looked at the impact of grants in the household on teen pregnancy, however
this study did not exploit exogenous changes in eligibility, but rather compared households with similar
propensity to be treated (further the authors included post-treatment variables in their propensity score
model making the results difficult to interpret) [52].

9

mention that there have been recent efforts to condition the grant on school attendance.
In November 2009, the government drafted a regulation that would have required semiannual proof of school enrollment and termination of the CSG due to non-compliance
[75]. Amidst backlash from scholars and advocacy organizations [67, 69, 75, 55], the
government backpedaled and decided that the condition would not be enforced. The
final regulation excluded the phrase requiring automatic suspension of the grant; instead social workers would be deployed to help the child return to school [75]. Thus,
current regulations officially encourage CSG beneficiaries to attend school, but there are
no penalties for non-compliance. The 2010 Budget Review states: “As of 1 January
2010, caregivers need to ensure that children for whom they are in receipt of a grant
are enrolled and attending school... [However,] punitive measures such as stopping the
grant are not envisaged” [76]. There is no mention of a schooling requirement in the
South African Social Security Agency’s 2012 guidelines for CSG applicants [71].

3 Data
3.1 Data sources
Since 2000, the Africa Centre for Health and Population Studies has collected longitudinal demographic data on a complete population cohort of more than 100,000 people in
rural KwaZulu-Natal. All resident and non-resident members of all households located in
a 434 km2 demographic surveillance area (DSA) are under surveillance. A person enters
the surveillance when she becomes a member of a household in the surveillance area, and
exits the surveillance when she ceases to be a member of a household in the surveillance
area. The collection of data on non-resident household members is critical in a setting
with high levels of cyclical migration: many household members reside elsewhere but
maintain close social ties and return to their rural homes on weekends or holidays. Data
on household composition, place of residence, births, deaths, and migrations are collected every six months, with household response rates of > 99%. Additional “add-on”
surveys collect socioeconomic, health, and HIV biomarker data [77].
The surveillance area is mostly rural, but also includes periurban and township areas.
The population is quite poor, with high rates of unemployment [78] and government
assistance [34]. HIV incidence is very high in this population – 4.4 new infections per
100 person years among women and 2.1 among men – with no evidence of the declines
observed elsewhere [64, 6]. Since 2004, HIV treatment has been provided for free in
public sector clinics and hospitals [79]. In 2011, 29% of the population was HIV-positive
[6].
Data on pregnancy start dates are collected though two mechanisms. First, when a
woman enters the surveillance, a retrospective “pregnancy history” is collected. Second,
during routine semiannual household surveillance visits, any mention of a pregnancy (or
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birth) triggers a “pregnancy outcome notification” form. This information is collected
prospectively and is updated regularly, so long as the woman remains under surveillance.
If a female household member does not reside in the DSA, another household member
may provide information on the pregnancy. Both the pregnancy history and pregnancy
outcome notification forms are designed to collect data on miscarriages and terminated
pregnancies, although the extent of underreporting is not known.
The Africa Centre conducts an annual Household and Socio-Economic (HSE) survey as
part of the general household surveillance. The HSE survey collects data on education,
employment, and government grants received by any household member beginning in
2003/4. The survey also collects data on household assets, food security, and perceived
financial status. Through these surveys, I can identify which children are beneficiaries
of CSGs. Among children under six years old observed from 2005-2010, mothers are
reported as main caregivers 72% of the time, with an additional 23% cared for by other
female relatives such as aunts or grandmothers.

3.2 Teen pregnancy and HIV risk
The incidence of teen pregnancy is very high in this community. Figure 2 presents the
cumulative probability of ever being pregnant in the cohort of girls who turned 12 years
of age between 1 January 2000 and 1 January 2002, and were thus eligible to be followed
up for their entire teenage years. The curve shows the Kaplan-Meier failure curve, which
allows for right censoring at the last visit date or the date when a subject exited surveillance. Very few pregnancies are reported between ages 12 and 14. However, between
ages 14 and 18, nearly 50% of girls in this cohort became pregnant for the first time,
and over 75% were pregnant by age 20.
Previous studies have used pregnancy as a proxy for HIV infection risk [58, 59, 60]. Using Africa Centre data, Ardington et al. (2011) show that women who were pregnant as
teens have 63% higher mortality rates [54], with this excess mortality ostensibly due to
HIV/AIDS. I extend their analysis to look at the relationship between teen pregnancy
and HIV incidence. HIV biomarkers were assessed in annual surveillance beginning in
2003. Biomarkers were collected for resident cohort members ages 15 and older who
consented to a test. As above, I focus on the cohort of girls who turned 12 years old
between 1 January 2000 and 1 January 2002, and follow this cohort prospectively. I
assess pregnancy among girls who were still under surveillance on their 20th birthday
and whose pregancies would thus have been observed regardless of when they occurred.
Girls were classified by their age at first pregnancy: 12-15, 16-17, 18-19, or not yet pregnant by age 20. Girls who were no longer members of households in the DSA at age 20
were included in the analysis, but a lost to follow-up indicator was created. Girls with
pregnancies before 12 years were excluded.
To model HIV incidence, I assume that people are HIV-negative prior to sexual debut.
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Although children born with HIV can now live into adolescence on pediatric ART, ART
was not available prior to 2004 in this community, and it is very unlikely that a baby born
HIV positive in 1988-1990 would have survived to reach 12 years of age. Other modes
of HIV transmission, e.g. blood transfusions and intravenus drug use are rare among
children in this setting. I observe HIV status for individuals in the sample at different
points in time, depending on when their household was visited in the HIV surveillance.
I record the date when an individual last tests HIV-negative (if ever) and the date when
an individual first tests HIV-positive (if ever).
Let T be the age in years at which a child i contracts HIV. T is never observed, but is
known to occur within an interval, which may be open. Define S(ti |θ) as the survivorship function, i.e. the probability that a child is still HIV-negative at age ti , conditional
on some parameter θ, which I will estimate. All children are assumed to start out HIVnegative. There are three types of children. Type one are observed to be HIV-positive at
their first HIV biomarker collection; their survival time T is left-censored (l.c.), that is,
it is known to be less than the survey date. Type two are observed to be HIV-negative at
their first (and perhaps subsequent) survey date, however they are observed to be HIV
positive at a later date. These survival times are interval censored (i.c.) – seroconversion
is known to have occured between the last negative and first positive visit dates. Type
three are those children who are never observed to have seroconverted. They are still
HIV-negative on their last observed survey date, and their survival times are considered
to be right-censored (r.c.). We can write the likelihood function as the joint probability
of the data. Define tL as the last known date when the child was HIV-negative; tR is
the first date when the child is observed to be HIV-positive.

L=

Y

(1 − S(tiR |θ))

i∈l.c.

Y

(S(tiL |θ) − S(tiR |θ))

i∈i.c.

Y

(S(tiL |θ))

(1)

i∈r.c.

d
I estimate θM
LE using the Stata command intcens. To allow the hazard to vary with
age, I model the data as a Weibull distribution. Table 2 presents results from this
interval-censored hazard model, in which the hazard of HIV infection is regressed on
indicators for pregnancy during age 12-15, 16-17, 18-19, and an indicator for not being
under surveillance at age 20. Compared to girls who managed to avoid teen pregnancy,
girls whose first pregnancy occurred when they were 12 to 15 years old had 3.4 times the
risk of HIV infection (z-stat=7.5); those who first became pregnant at 16-17 years had
2.2 times the risk (z-stat=5.7); and those whose first pregnancy was at age 18 or 19 had
40% higher risk of HIV infection (z-stat=2.2). Those who exited the surveillance prior
to age 20 had similar risk of HIV infection as those who remained under surveillance
(HR=0.98, z-stat=-0.06).
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3.3 Characteristics of the regression-discontinuity study sample
The study population for the regression-discontinuity analysis includes all girls born between 1 January 1987 and 1 July 1997 who were members of households in the DSA
at age fourteen. Girls who had been pregnant before age fourteen (0.6% of the sample)
were excluded from the analysis. The study sample consisted of 11,361 girls, who were
under surveillance and never pregnant at age 14. The sample included over one thousand
girls born in each year, 1987-1996 (Table 3).
The incidence of pregnancy was assessed from the participant’s 14th birthday to the end
of follow-up, defined as their 18th birthday or one year before their last visit date in
the population surveillance. 94% of girls were observed to the end of follow-up; 0.5%
died between ages 14 and the end of follow-up; and 5.7% exited the surveillance, usually
because their membership in a household under surveillance ended, though in some circumstances because the entire household moved away or dissolved.
Characteristics of this sample are presented in Table 4. At age 14, just 84% of the girls’
biological mothers and 73% of their biological fathers were alive, reflecting the high rates
of adult mortality due to chiefly to HIV/AIDS, but also to vehicle accidents, violence,
and other causes. Household living arrangements reflect high levels of labor migration
and the importance of intergenerational households in rural South Africa: 83% of 14-year
old girls lived in the DSA; of those, 56% lived in a compound with their mother and just
22% lived with their biological father. In their last household survey visit before age 14,
98% of girls were reported to be “in school”; whereas rates of school enrollment are very
high in South Africa, actual attendance is known to be somewhat lower, suggesting that
respondents in the HSE survey likely answered this question in reference to enrollment.
Cash grants are highly accessible, with girls in the DSA living an average of 1.6 Km from
the nearest paypoint (including both merchants and mobile paypoints). Households are
large, with an average of 11.2 members, and children in the sample are one of an average
of 3.6 children under 14 years in the household.

4 Identification and estimation
4.1 A natural experiment
Having described rates of teen pregnancy and its correlation with HIV risk, I now turn to
the main focus of this paper: estimating the effect of the CSG on teen pregnancy among
grant beneficiaries. The key challenge in identifying the causal effect of the CSG is that
unobserved factors, such as self-efficacy, attitudes towards the future, the availability
and motivation of a primary caregiver, and other aspects of household circumstance
may be correlated with both teen pregnancy and take up of the grant. To take one example, primary caregivers who are more patient may be willing to go through the grant
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registration process; if they pass on such attitudes to their teenage daughters, then their
daughters may be more likely to defer gratification and avoid teen pregnancy. In order
to identify the causal effect of the grant, I exploit a recent expansion of grant eligibility.
On 1 January 2009, eligibility for the CSG was expanded to include children age 14
years for the first time; this reform affected children born in 1994 or later, with children
losing eligibility on their 15th birthday. A year later, on 1 January 2010, eligibility for
the CSG was further extended for all children born on 1 January 1994 or later up to
their 18th birthday. This policy change represented the first time that South African
adolescents were eligible for the CSG at an age when many were sexually active. Due
to the nature of these reforms, a child born on 31 December 1993 lost eligibility for the
CSG at age 14; but a child born on 1 January 1994 stopped receiving the CSG at age 18.
Comparing across birth cohorts, this discontinuity in CSG eligibility provides a sharp
natural experiment for looking at causal effects of the CSG. Children born on 1 January
1994 turned 18 years old on 1 January 2012, and so the impacts of this policy change on
affected cohorts are only now being observed. This analysis takes advantage of recently
(and continuously) collected data (through 1 July 2012) by the Africa Centre for Health
and Population Studies. Future availability of additional rounds of data will increase
power and improve the fit of regression-discontinuity models further from the threshold.
Prior to this expansion, the CSG was available to some but not all of the birth cohorts
in the study sample. Figure 3 shows the cumulative years of CSG eligibility by age 14
for the birth cohorts in the study sample. Cohorts prior to 1991 were never eligible for
the grant; girls born in 1996 were eligible for nearly their entire childhood. Although
cumulative eligibility for the CSG by age 14 rises continuously with date of birth, eligibility between ages 14 and 18 exhibits a sharp discontinuity, as shown in Figure 4.
The source of identification in this analysis is the discontinuous jump in the probability
of grant receipt during teenage years (14-17) among cohorts born on or after 1 January
1994, due to the expansion of eligibility to these cohorts. This data generating process
suggests a regression-discontinuity approach.

4.2 Identification: regression-discontinuity approach
Regression-discontinuity designs were first used by Thistlewaite and Campbell (1960) in
the education psychology literature [80], and have received substantial attention in the
field of economics in the last fifteen years [81, 82]. Regression-discontinuity designs can
be applied in settings where treatment assignment is at least partially determined by
whether the value of some continuous variable – the “forcing variable” – lies above (or
below) some threshold. The intuition behind the regression-discontinuity approach is
that for observations with values of the forcing variable within a small window around
the threshold, which side of the threshold an observation falls is as-good-as-random.
Comparing observations just above the threshold to those just below the threshold mim14

ics a randomized experiment.
RD approaches are robust to correlations between the outcome and the forcing variable,
as well as other confounders, so long as there are no discontinuous changes in confounding factors at the threshold. This is typically guaranteed by the study design. So long as
there is a random component to the forcing variable, i.e. so long as the forcing variable
cannot be deterministically manipulated by the subjects, there is randomization at the
cut-off. A key advantage of the RD approach over other quasi-experimental designs is
that the identifying assumption of as-good-as-randomization at the threshold can be
assessed using balancing tests similar to randomized experiments [82].
The main disadvantages of RD designs are the need for a lot of data around the threshold and the limits to external validity of the estimates. Fortunately, the Africa Centre
collects data on a large population, including over one thousand girls born every year
from 1987-1996. In terms of external validity, regression-discontinuity designs are limited by the fact that causal estimates are identified only in the neighborhood around the
cut-off. If there are heterogenous treatment effects, then treatment effects at the cut-off
may differ from treatment effects elsewhere in the distribution of the forcing variable.
Although this is a concern in many RD studies, e.g. those based on election results or
test scores, such effect modification is less likely to be a major concern here. There is
little reason to believe that people born close to the cut off are dramatically different
from people born farther from the cut-off, as secular changes in fertility and pregnancy
patterns tend to be slow moving. Although the treatment effects that I estimate are
local to observations close to the cut-off, these estimates are likely to be generalizable
to younger birth cohorts who are expected to benefit from this policy in future years.

4.3 Estimation: RD application to survival analysis
Researchers using RD designs typically have been interested in a specific type of treatment effect: the difference in means evaluated on either side of the cut-off. However, an
RD approach can be generalized to other settings, provided that the treatment effect of
interest is a simple function of two consistent parameter estimates, evaluated on either
side of the cutoff.
Let Zi be the forcing variable, c the threshold, and Xi the data. The generalized RD
estimator is
θRD = f (π(X, Z|Z ↑ c), π(X, Z|Z ↓ c))

(2)

where π(X, Z) is a consistent estimator of some parameter, and Z ↓ c = lim(Z = c + ).
↓0

d
The usual application is to estimate T
E RD = X̄Z↑c − X̄Z↓c , where π is the sample mean
X̄ and f (., .) is the difference at the cutoff. However, so long as one chooses a consistent
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estimator for π, one can estimate other treatment effects as differences in other parameters, πZ↑c − πZ↓c . Further, by Slutsky’s theorem, the ratio of consistent estimators is
also consistent; so long as the denominator is not equal to zero, πZ↓c / πZ↑c is also a
consistent estimator.
This paper applies an RD approach to survival analysis. I am interested in modeling
the effect of an exposure on time to first pregnancy (from age 14). One approach in
RD studies using time-to-event data is to define the outcome as a binary indicator for
whether an individual has experienced the outcome within some interval of follow-up,
and then to estimate the difference-in-probabilities (difference in sample means) on either side of the cut-off [83]. I implement this approach as a first pass, and because
it will be useful in the fuzzy RD (instrumental variables) setting below. However, the
difference-in-probabilities method is sub-optimal for two reasons. First, valuable information contained in time to event data is discarded using this approach. A girl who
becomes pregnant at age 14 and 3 months is different from a girl who becomes pregnant
at age 17 and 9 months; I gain efficieny by comparing these two girls with each other,
in addition to comparing them with girls who still had never been pregnant at age 18.
Second, in many studies (including this one), subjects are observed for different lengths
of follow-up (Figure 5). This in no way invalidates the study design, so long as the
censoring times are independent of the failure times; indeed, the ability to accomodate
different lengths of follow-up is the main attraction of survival analysis. However, when
subjects are followed for different lengths of time, the difference-in-probabilities estimator implies a trade off between length of follow-up and sample size since it requires that
all subjects are observed for the complete interval. Using survival analysis, I allow for
censoring and make most efficient use of the data. To my knowledge this is the first
paper to use apply an RD framework to survival analysis.
Let the forcing variable Zi be the girl’s date of birth. Eligibility for the CSG during
middle adolescence (14-17 years of age) is determined by 1[Zi ≥ c], where c is 1 January
1994. Let Di denote the proportion of time spent between ages 14 and 18 as a CSG
beneficiary. The outcome of interest is the length of time from the date of eligibility
(age 14) to the date of first pregnancy. For many subjects, however, this time-to-event
is censored by the date of their 18th birthday or by the end of follow-up, defined as one
year before their last visit date in the population surveillance. The data that I observe
are durations from age 14 to the date of first pregnancy, Ti |Ci = 0, or to the end of
follow-up, Ti |Ci = 1, where Ci is an indicator for whether that duration was censored.
Girls with pregnancies before age 14 were excluded from this analysis.
The analysis proceeds in three steps. First, I estimate the probability of take-up conditional on eligibility. This is the “first stage” RD parameter
θF S = E[Di |Z ↑ c] − E[Di |Z ↓ c]

(3)

Not all persons who are eligible take up the treatment; however, there is a highly sig16

nificant difference in the probability of being a CSG beneficiary for girls born after 1
January 1994, relative to those born before the cutoff.
Second, I estimate reduced form models of the effect of CSG eligibility on teen pregnancy. I estimate these models using two approaches. To implement the difference-inprobabilities approach, I estimate linear probability models of the form
Yi,16 = α + θ16 1[Zi ≥ c] + β1 f (Zi − c) + β2 1[Zi ≥ c]f (Zi − c)

(4)

where Yi,16 is the cumulative probability of pregnancy by age 16. This is estimated only
for those girls who turned 16 at least one year before their last visit date and whose
pre-16 pregnancy would thus be observed. I am not able to look at the probability of
pregnancy by ages 17 or 18 because few of the girls born after the cut-off have reached
those ages.
I also estimate reduced form models using a survival approach, which allows for censored survival times and utilizes the approximate pregnancy start dates recorded in the
| T ≥t)
surveillance. The hazard of first pregnancy is defined as hit = lim P r(t≤T <t+dt
,
dt
dt→0

i.e. instantaneous probability of pregnancy at time t, conditional on never having been
pregnant. I parameterize the hazard function using a proportional hazards model, with
a non-parametric baseline hazard in age, h0t :
hit = h0t exp (θ 1[Zi ≥ c] + β1 f (Zi − c) + β2 1[Zi ≥ c]f (Zi − c))

(5)

The parameter of interest is HRRD = exp(θ), the hazard ratio at the cut-off. I estimate
HRRD in Cox proportional hazard models. I implement two types of models. In the first
type, I specify separate polynomial functions of the forcing variable on either side of the
cut-off. In these parametric specifications, I estimate up to fourth degree polynomials.
I also use a non-parametric approach, estimating local linear Cox models using different
bandwidths. This approach consists of estimating Equation 5 where f (.) is just a linear
term, but where the model is estimated for girls born within just a small window around
the cut-off. These reduced form estimates are of policy importance: they tell us the
effect of eligibility on outcomes in a setting of real-life take up.
Third, to estimate the impact of the grant on pregnancy, I use a “fuzzy RD” approach
[82]. This is identical to the Wald instrumental variables (IV) estimator in which the
reduced form RD estimate is scaled by the first stage RD estimate. The estimator is
evaluated close to the cut-off and the instrument is 1[Zi ≥ c]. For the reduced form,
I use the difference-in-probability estimator described above, using the 2SLS linear approximation proposed by Angrist (2001) for limited dependent variables with binary
endogenous treatments [84]. Standard errors are the robust 2SLS estimates. As an IV
strategy, fuzzy RD estimates local average treatment effects. That is, the effects are
local to the compliers: those persons who were induced to take up the grant because
their value of Zi is greater than c, and those who were not eligible and did not take up
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the grant, but who would have taken up the grant if they had been eligible. Although
individual compliers cannot be identified, their characteristics can be described. I calculate the implied pregnancy probabilities for the complier treatment and control groups,
using formulas presented in Imbens and Rubin (1997) [85].

4.4 Evidence for identifying assumptions
The identifying assumption in a RD analysis is that agents cannot precisely manipulate their value of the forcing variable. This is certainly true for human reproduction.
Women (and their partners) have some control over date of conception, however there is
a significant random component. Among couples actively trying to get pregnant, about
40% are successful in the first month; 80% are successful at six months [86]. Time to
conception is likely to be much longer for women who are not using contraception, but
are not actively timing intercourse to ovulation.
We can gain further confidence in this identifying assumption by looking at two testable
implications. First, if precise manipulation is possible and there is reason to do so (i.e.
if one particular treatment status is desirable), then we should observe bunching on one
side of the cutoff and a discontinuity in the density of the forcing variable at the cutoff,
as individuals try to manipulate their treatment status. This pattern can be assessed
visually via inspection. A formal test of bunching at the cutoff has been developed by
Justin McCrary [87]. Figure 6 displays the probability density function of the forcing
variable, date of pregnancy. There is no evidence of gaming at the threshold and the
discontinuity at the cutoff is not statistically significant.
A second implication of the identifying assumption is that there is continuity at the
threshold in all pre-treatment characteristics – observed and unobserved. This follows directly from the assumption that agents cannot precisely manipulate the forcing variable.
If date of pregnancy is a function of unprotected sex and a stochastic component, then
the stochastic component ensures that there will be no discontinuity in pre-treatment
covariates at the cut-off. Although lack of precise manipulation guarantees continuity
at the cut-off, it does not guarantee treatment independence further from the cut-off
where estimation necessarily takes place. The robustness of the identification strategy
can be supported by assessing whether there is discontinuous change in baseline characteristics at the cut-off, in a similar neighborhood to that used in the analysis of teen
pregnancy. Testing for continuity in pre-treatment covariates is akin to balancing tests
in a randomized experiment. Since treatment assignment is based on date of birth, the
availability of baseline characteristics is limited. One characteristic which may influence
teen pregnancy and for which data are available is mother’s age at birth, which I plot in
Figure 7. As shown in Table 4, the mothers of girls in the sample had their daughters
at an average age of 27.1 years. There is no evidence of a discontinuity at 1 January
1994, with girls born after the cut-off having mothers 0.2 years (s.e. = 0.5 years) younger.
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Of course, our interest is not in the causal effect of being born after 31 December 1994,
but rather the impact of the CSG, received during adolescence. In this fuzzy-RD set up,
for the treatment effect to be identified, I must make an additional assumption (exclusion restriction): that the only way being born after 31 December 1993 affects outcomes
is through eligibility for the CSG during adolescence (ages 14-17 years). To assess the
validity of this exclusion restriction, I compare girls in cohorts on either side of the cutoff on a range of characteristics observed at age fourteen, after treatment assignment
(at birth), but prior to entry into this study. Table 4 presents regression-discontinuity
estimates for these characteristics, restricted to the sub-sample born 1 January 1992 –
31 December 1995, +/- 2 years from the cut-off. These estimates represent the difference
at the cut-off, controlling for linear terms on either side of the cut-off. If girls on either
side of the cut-off are similar at age 14, then this would provide support for both our
assumption of as-good-as-random treatment assignment at the threshold and for our exclusion restriction that girls differed only in their exposure to the CSG during ages 14-17.
Girls born on either side of the cut-off were similar at age 14 on a range of characteristics
(Table 4, righthand column). No significant differences were observed in the proportion
whose mother or father was alive, the proportion living with their mother or father, and
the proportion attending school. Girls on either side of the cut-off lived in compounds
at similar distances from the nearest CSG paypoint and major and minor roads. Their
households were of similar size, composition, and wealth. Amidst these similarities,
however, two differences stood out. First, girls born after the cut-off were significantly
more likely to have been beneficiaries of the CSG at some point between ages 10 and 13,
45.2% vs. 36.7% – 8.5% points or 23% higher. Even though cummulative lifetime years
of eligibility increases relatively smoothly across birth cohorts (Figure 3), in practice,
take up was low for the oldest cohorts any time there was an eligibility expansion, since
they would have aged out of eligibility in less than one year and further expansions were
uncertain (Figure 1). The second difference is that girls born after the cut-off were less
likely to reside in the DSA at age 14 (77.4% vs. 84.5%); no such difference was observed
at age 8. Since pregnancies may be less likely to be reported by non-residents, I control
for place of residence at 14 in the pregnancy regressions.
One way to assess the influence of these potential confounders on our regression-discontinuity
estimates is to predict the hazard of pregnancy on the basis of these covariates alone
(excluding the RD estimator and polynomial functions of the forcing variable) and assess the presence of any discontinuity at the cut-off. Table 5 displays the predictive
proportional hazards model with Weibull distributed survival times. Unlike the Cox
model, the Weibull model fits a parametric function of the baseline hazard, which allows
for predictions of the hazard rate for different observations. For covariates with missing data, I imputed sample means and included a “missing” indicator in the regression;
however, several of these indicators were excluded due to high levels of multicolinearity.
The predicted hazard ratios are plotted against date of birth in Figure 8. Several of
the baseline covariates proved to be important predictors of teen pregnancy. Girls who

19

resided with their mothers, were in school, and lived in wealthier households were less
likely to become pregnant. Being a beneficiary of the CSG in ages 10-13 was associated
with 23% lower pregnancy later. And girls residing in the DSA were nearly twice as
likely to become pregnant, though as mentioned above, this may reflect differences in
reporting. In spite of these strong predictors, there was no evidence of a discontinuity
in the predicted hazard of pregnancy at the cut-off.

5 Take up of the CSG
Section 4 described the discontinuity in CSG eligibility during ages 14-17 among girls
born before vs. after 1 January 1994. To what extent do these changes in eligibility
map onto differences in the probability of being a CSG beneficiary during these years?
Figure 9 displays that probability that a girl born in 1990, 1991, ..., or 1995 was a
beneficiary of a CSG at each age between 14 and 17. In cohorts from 1990-1993, the
proportion of girls who were beneficiaries of a CSG was low, but non-zero, suggesting
that corruption or misreporting by household proxy respondents may be a factor. The
figure, however, does show a sharp increase in the proportion with a CSG among girls
born in 1994, and a further increase for those born in 1995. Figure 10 displays the
average probability of being a CSG beneficiary across all observations (ages 14-17), by
date of birth.
Table 6 presents first stage regression results. These models estimate RD coefficients
for being born on or after 1 January 1994 and, in some models, the additional effect
of being born on or after 1 January 1995. Some models include linear terms in date
of birth and all models include flexible controls for quarter of visit, calendar month of
visit, and an indicator for whether the girl was residing in the DSA at age 14. Standard
errors are clustered at the individual level to account for serial correlation in the error
terms. Including observations of girls born 1990-1997, the probability of being a CSG
beneficiary increased by 15% points for girls born in 1994, and an additional 30% points
for those born in or after 1995. Controlling for linear terms pre-1994, post-1994, and
post-1995 reduced the coefficients to 9 and 18% points. Restricting the sample to girls
ages 14-15 born in 1990-1994, those born in 1994 were 12% points more likely to be
grant beneficiaries. Although take up was relatively low for girls born in 1994, the first
stage RD coefficients were highly statistically significant across all models.

6 Pregnancy results
6.1 Reduced form
How did rates of teen pregnancy compare for children in eligible vs. ineligible cohorts?
Table 7 presents reduced form regressions for the probability of pregnancy by age 16,
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among girls under follow-up through age 16. The regression-discontinuity estimator is
the coefficient on “post” (as in “born post-31 December 1993”). I estimate linear probability models for observations within 3 months, 6 months, 1 year, 2 years, and 4 years
of the cut-off. In odd-numbered columns, the RD coefficient is simply the difference in
means on either side of the cut-off. In even-numbered columns, I include separate linear
terms on either side of the cut-off. Figure 11 plots the estimates from model 10. In
these models, the RD estimator can be interpreted as the difference-in-probabilities at
the cut-off. The constant can be interpreted as the probability of pregnancy by age 16
among those born just before the cut-off. The reduced form effect of being born after
31 December 1993 on pregnancy by age 16 is about a 2% point decline, relative to a
baseline of about 5%. The difference is statistically significant in models with wider
bandwidths; in models with smaller bandwidths, the standard errors are larger, but the
point estimates are similar. All models control for place of residence at age 14.
Moving to a survival analysis framework enables more efficient use of the data. In reduced form models, I estimate the impact of being born on or after 1 January 1994
on the hazard of teen pregnancy. First, I show results visually. Figure 12 displays the
Kaplan-Meier estimates of the survival curve for birth year cohorts 1990-1994. These
survival estimates indicate the proportion of girls who have not yet been pregnant at
each age; girls who become pregnant or are censored are removed from the risk set at
that date. Girls born in 1990-1993 had similar pregnancy rates; however, the survival
curve for girls born in 1994 lies above the others for the entire period, from age 14 to
17, indicating lower incidence of pregnancy.
Tables 8 and 9 presents parametric RD results. Models in the top panel are estimated for
the full range of the data; models in the bottom panel are estimated for 1992-1995 birth
cohorts, the two years on either side of the cut-off. I estimate Cox proportional hazards
and include controls for a zeroeth, first, second, third, or fourth degree polynomial specified separately on either side of the cut-off. All models control for a non-parametric
baseline hazard function in age. Assuming proportional hazards at all ages, these models
enable comparisons across birth cohorts followed up to different ages. Figure 13 presents
a simple test of the proportional hazards assumption: the proportional hazards prediction of the 1994 survival curve is shown to overlap almost perfectly with the observed
survival curve. The parameter of interest in the regression models is the RD hazard
ratio, which is the exponentiated coefficient on Post-’94.
The hazard of pregnancy was 29% lower for girls born in the two years after the cut-off,
relative to those born in the two years before the cut-off (z-stat=-3.28). Expanding
the window to include the whole sample yielded a hazard ratio of 0.66. Hazard ratio
estimates were similar across all specifications, ranging from 0.57 to 0.79, and centering
around about 0.7. Many of the estimates are statistically significant, although precision
declines as higher-order terms are added.
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Table 10 presents non-parametric RD results. I estimate zeroeth and first degree polynomials on either side of the cut-off and estimate the hazard ratio at the cut-off. Whereas
tables 8 and 9 assessed the sensitivity of results to higher order polynomial terms, Table 10 assesses the sensitivity of results to smaller bandwidths. Point estimates are
consistent across all specifications and regardless of including first-order terms, and are
statistically significant in many of the models. Girls born after the cut-off have a 30%
lower risk of teen pregnancy. Results are essentially unchanged when abortions and
miscarriages are excluded (Table 11), indicating that observed changes were not driven
by changes in access to abortion.
I illustrate the reduced form RD results graphically in Figures 14-18. Figure 14 plots
the coefficients on year of birth indicators in a Cox-proportional hazard model for birth
cohorts 1990-1996. Figures 15-18 show the relationship between date of birth and the
hazard of teen pregnancy for a moving window of observations, survival analysis analogue to a “moving average”. For these figures, I fit Cox models, which compared the
hazard of teen pregnancy for girls born within a certain window to a baseline hazard
function estimated for girls born in 1987-1991. Hazard ratios were estimated for moving
windows of different widths (1 month to 1 year) between 1992 and 1996. Even with
windows as small as one month, there is evidence of a discontinuity in pregnancy risk
among girls born after 1 January 1994.

6.2 Fuzzy RD (instrumental variables) estimates
The expansion of eligibility to age 17 for children born on or after 1 January 1994 did
not imply that all who became eligible took up the grant. Rather, the policy change
led to an increase in the probability that a child ages 14-17 would be the beneficiary
of a grant. This scenario implies that the discontinuity can be used as an instrument
to estimate the impact of the grant itself on pregnancy. The application of instrumental variables methods to a situation in which the value of the forcing variable changes
the probability of treatment, but does not determine treatment status, is often called a
“fuzzy regression-discontinuity” design.
Since survival methods for IV are not well developed, I focus here on estimating the probability of pregnancy by age 16 in linear probability models. Table 12 presents two-stage
least squares estimates of the impact of grant receipt on the probability of pregnancy. I
estimate simple models, comparing girls born in 1994 with girls born in 1993 (top panel)
or alternatively, with girls born 1990-1993 (bottom panel) to improve precision. The IV
estimator divides the reduced form estimates by the first stage estimates, and these are
shown in Table 12 as well. I also present results including an indicator for whether the
girl resided in the DSA at age 14. As with the results of other IV methods, my estimates
are “local” to the compliers: those grant beneficiaries who took up the CSG because of
the eligibility expansion and those non-beneficiaries who did not take up the CSG, but
would have had they been eligible.
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Being a CSG beneficiary reduced the probability of pregnancy by age 16 by 12 % points
(s.e. = 5% points), a statistically significant result. Results were similar (-0.14, s.e. =
0.08) when limiting the sample of ineligibles to girls born in 1993. These effects are very
large.
Using information on CSG take-up among girls who were eligible and those who were
not eligible; as well as information on the probability of pregnancy by 16 in four groups
stratified by eligibility and take-up; and an assumption that there are no defiers; it
is possible to decompose the IV results to estimate “treatment complier” and “control
complier” probabilities of pregnancy. My 1990-1994 results imply that among compliers,
being a CSG beneficiary reduced the probability of pregnancy from 18% to 6% – the
12% point decline identified in 2sls estimates. These estimates imply that in relative
terms, being a CSG beneficiary reduced the risk of pregnancy by two-thirds.

7 Schooling effects
School enrollment is very high in South Africa, however it begins to decline after children
turn 15, when enrollment is no longer legally mandated. Among girls born in 1992-1993,
the proportion “in school” declines from 96% at age 14, to 90% at age 16, and to 84% at
age 17. As described above, the costs of school fees and pregnancy are reported as the
two most important reasons why girls drop out of school during these ages [55]. The CSG
may impact school enrollment by reducing the incidence of pregnancy among teenage
girls. The CSG may also increase enrollment by enabling girls and their families to meet
the costs of schooling. (Schooling may in turn have a protective effect on pregnancy, as
has been shown in previous studies [35, 44].)
Table 14 presents regression-discontinuity estimates comparing school enrollment for
girls separately by age (14, 15, 16, and 17). In the top panel, I include girls born 19901996; in the bottom panel, I include only 1993/1994 cohorts. Girls born after 1 January
1994 had significantly higher school enrollment relative to older cohorts, with gains in
school enrollment increasing in age. Results are largely consistent across these samples
and are not sensitive to the inclusion of linear terms on either side of the cut-off. The
percentage point differences in schooling are large: an 8% point increase in school enrollment for girls age 17 cuts the number of 17 year old drop-outs in half. Table 15 (columns
1-2) presents additional regression results comparing school enrollment at ages 10-17, for
1992-1993 birth cohorts vs. 1994-1995 birth cohorts. There is no difference in school
enrollment at ages 10-14; but girls born in cohorts eligible for the CSG (1994-1995) were
1.5% points more likely to be enrolled at age 15; 2.3% points at 16; and 7.2% points at
17 (s.e. = 1.9% points). These results suggest that cash grants may be lead to higher
investment in human capital, with potential long run returns.
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A natural question is whether these observed gains in schooling mediate the relationship
between CSG income and pregnancy. Alternatively, pregnancy may mediate the relationship between income and school enrollment. Schooling may rise because fewer girls
become pregnant or because school enrollment conditional on pregnancy increases. If
schooling is the key mediator, then interventions might be designed to target schooling
directly, as some scholars have proposed [37], rather than providing unconditional cash
transfers. To test these hypotheses, I ran the same model described above (Table 15,
columns 1-2), but this time all observations (HSE survey visit dates) occurring after the
start of a pregnancy were censored (Table 15, columns 3-4). That is, girls were included
in the sample up until the date they became pregnant. If pregnancy mediates the relationship between CSG and schooling, then one would expect the relationship between
the CSG and schooling to be attenuated after censoring observations after pregnancy.
If, on the other hand, schooling mediates the relationship between CSG and pregnancy,
then one would expect a strong relationship to persist, since changes in schooling would
temporally precede changes in pregnancy rates.
This analysis reveals two interesting results. First, the decline in school enrollment by
age among the “controls”, i.e. girls born in 1992-1993, is attenuated by about 30% after censoring at pregnancy, suggesting that about a third of girls who dropped out in
these cohorts did so because they became pregnant. Second, after censoring the data at
pregnancy, the effect of CSG eligibility on school enrollment is much smaller and statistically indistinguishable from zero. The effect of CSG eligibility on schooling appears to
be largely through teen pregnancy, either through reducing the incidence of pregnancy
or increasing the likelihood that girls will return to school after pregnancy. (Since the
composition of girls who get pregnant may change in cohorts affected by CSG eligibility,
I cannot disentangle these two explanations.)
In summary, these results suggest significant educational returns to the CSG expansion;
however, these gains in schooling appear to be caused by a reduction in teen pregnancy
or an improvement in school enrollment among teen mothers. These findings “flip the
script” on the causal role of schooling in the relationship between income and teen pregnancy. Possible explanations for these findings may be found in contextual differences
that distinguish rural South Africa from elsewhere in sub-Saharan Africa, namely: high
levels of school enrollment, late age at marriage, and the de-linking of fertility (and
pregnancy) from marriage. In rural Kenya and elsewhere, schooling may have an incarceration effect against early marriage and fertility [35, 44]; however, in rural South
Africa, marriage rates are low and pre-marital (especially teen) pregnancy is less likely
to be planned or wanted [47, 45].
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8 Conclusion
When South Africa introduced the CSG in 1998, the grant was originally intended to
support the nutritional needs and development of young children. Over time, the CSG
has become an important pillar of South Africa’s welfare system. It has been shown to
boost children’s nutrition and school enrollment and to be an important tool for poverty
alleviation [67]. However, as South Africa has extended eligibility to older children,
it has done so largely as an efficient transfer of resources to poor households. To date,
there is little evidence on the direct impact of the grant on these adolescent beneficiaries.
This study begins to fill this gap. Taking advantage of a discontinuity in elibility for the
CSG across birth cohorts, this study evaluates the effect of the grant on teen pregnancy
and school enrollment. In reduced form survival estimates, girls ages 14-17 born after
the eligibility cut-off had a 30% lower hazard of pregnancy than girls born prior to the
cut-off. Using the discontinuity at the cut-off as an instrument, I find that being a CSG
beneficiary reduces the probability of pregnancy by age 16 by two-thirds. Future rounds
of Africa Centre surveillance data will enable long term follow-up of affected cohorts,
and analysis of additional data sources will enable a better understanding of the mechanisms at work. Nevertheless, this analysis indicates very large benefits of the CSG for
the sexual and reproductive health of adolescent girls, in a setting with very high rates
of HIV infection.
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Table 1: Growth of the CSG
Panel A
CSG eligibility expansions

Date policy change in effect

Age 9 to those under 11 years
Age 11 to those under 14 years
Age 14 to those under 15 years
All children born after 31 Dec 1993

1 Apr
1 Apr
1 Jan
1 Jan

2004
2005
2009
2010

Source: Department of Social Development, Personal Communication Jan 2011

Panel B
Year

Value

2005
2006
2007
2008
2009
2010
2011

R
R
R
R
R
R
R

Number of beneficiaries

180
190
200
220
240
250
270

5,913,719
7,410,760
7,975,847
8,289,787
9,071,862
9,881,932
10,509,747

Source: South African Social Security Agency, as cited in [66].
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Table 2: Does teen pregnancy predict HIV incidence?

Predictor
Age 20, never pregnant (reference group)
First pregnancy ages 12 to 15 years
First pregnant ages 16 and 17 years
First pregnant ages 18 and 19 years
No longer under surveillance at age 20

Hazard ratio

z-stat

1.00
3.42
2.22
1.42
0.98

—
7.45
5.67
2.20
-0.06

N=1646. Sample consists of all girls in the community who turned 12 years between
1 January 2000 and 1 January 2002, and who had at least one HIV test result in the
population-based HIV surveillance.
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Table 3: The study sample, by year of birth

Year

N

1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997

1,051
1,073
1,146
1,099
1,096
1,143
1,186
1,062
1,038
1,085
382

Total

11,361
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Table 4: Characteristics of the study sample at birth and age 14

Variable
Type of exit from study
Completed follow-up (%)
Died before end of follow-up (%)
Exited surveillance (%)
Characteristics of individual
Mother’s age at birth (#)
Mother alive, age 14 (%)
Father alive, age 14 (%)
Beneficiary of CSG, ages 10-13 (%)
Attending school (%)
Place of residence
Resided in DSA at age 8 (%)
Resides in DSA (%)
Resides with mother (%)
Resides with father (%)
Km to nearest CSG paypoint (#)
Km to nearest level 1 road (#)
Km to nearest level 2 road (#)
Household characteristics
Household assets (#)
Household size (#)
Children under 7 (#)
Children under 14 (#)
Pension-eligible adults (#)

N

mean

s.d.

θ (s.e.)

11361
11361
11361

94
0.5
6

24
7
23

9358
11361
11361
7938
9785

27.1
84
73
35
98

7.2
36
44
48
14

-.22 (.48)
-1.2 (2.4)
0.5 (2.9)
8.5 (2.9)*
-0.3 (1.1)

4753
11361
9767
9952
9264
9460
9460

74
83
56
22
1.6
7.4
1.5

44
37
50
41
1.0
6.8
1.2

0.7 (3.2)
-7.0 (2.3)*
0.4 (3.3)
1.9 (2.7)
-0.1 (0.1)
-0.5 (0.4)
-0.1 (0.1)

9833
11361
11361
11361
11361

7.5
11.2
1.8
3.6
.48

3.9
5.5
1.6
2.6
.66

0.2 (0.2)
-0.3 (0.3)
-0.1 (0.1)
-0.2 (0.2)
0.0 (0.0)

Study sample includes all girls born 1 Jan 1987-1 Jul 1997 who were members of a household
in the Africa Centre demographic surveillance area at age 14 and had never been pregnant.
End of follow-up is age 18 or one year before last surveillance visit. Unless otherwise stated, all
variables were assessed on the child’s 14th birthday. Household assets and school attendance
were evaluated at the last HSE survey visit prior to the child turning 14 years old. The
rightmost column presents RD estimates of these baseline characteristics, based on a 2-year
window on either side of the cut-off (smaller N than presented in the left column). θ is the
difference in means at the discontinuity, estimated in a model including linear terms on either
side of the cut-off. Robust standard errors in parentheses, * p < 0.05.
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Table 5: Baseline characteristics and the incidence of teen pregnancy

Weibull hazards model

Hazard ratio

z-stat

Mother’s age at birth
Mother alive
Father alive
Resides in the DSA
Resides with mother
Resides with father
-log(Km to nearest paypoint)
-log(Km to nearest level 1 road)
-log(Km to nearest level 2 road)
CSG beneficiary, ages 10-13
Attending school
Household assets (count)
Children under 7 in household
Children under 14 in household
Adults of pension age in household
log(Household size)
Mother’s age at birth missing
CSG data ages 10 to 13 missing
Km to nearest paypoint missing

1.00
0.94
0.92
1.92***
0.83***
1.02
1.01
1.01
1.05**
0.77***
0.71**
0.96***
1.05*
0.99
0.99
0.94
0.69***
1.09
1.17

(-0.97)
(-0.79)
(-1.37)
(3.85)
(-2.87)
(0.29)
(0.24)
(0.33)
(2.35)
(-2.93)
(-2.17)
(-5.55)
(1.85)
(-0.44)
(-0.32)
(-0.64)
(-4.64)
(1.53)
(1.04)

Observations

11,361

All baseline characteristics evaluated at age 14, unless otherwise specified. *** p<0.01, ** p<0.05, * p<0.1
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Table 6: First stage RD regressions: the probability of being a CSG beneficiary

Birth cohorts
Ages
Post-’94
Post-’95

(1)
’90-’97
14-17

(2)
’90-’97
14-17

(3)
’90-’97
14-17

(4)
’90-’94
14-17

(5)
’90-’94
14-15

(6)
’90-’94
14-15

(7)
’93-’94
14-15

0.15***
(0.01)
0.30***
(0.01)

0.10***
(0.01)
0.26***
(0.01)
0.03***
(0.00)

0.12***
(0.01)

0.09***
(0.02)

0.12***
(0.01)

0.12***
(0.01)

0.02***
(0.00)

0.04***
(0.01)

0.04***
(0.01)

0.13***
(0.02)

-0.02*
(0.01)

0.09***
(0.03)

14,848
0.12

7,520
0.07

7,520
0.07

3,089
0.05

-0.06***
(0.01)

0.07***
(0.02)

0.09***
(0.02)
0.18***
(0.03)
0.02***
(0.00)
0.08**
(0.03)
-0.01
(0.03)
0.01
(0.01)

19,702
0.35

19,702
0.35

19,702
0.35

DOB
DOB*Post-’94
DOB*Post-’95
Constant

Observations
R-squared

Linear probability models. DOB = Date of birth – 1 Jan 1994. Standard errors
were clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.1
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Table 7: Reduced form regressions: pregnant by age 16

Bandwidth
Post-’94

(1)
3 months

(2)
3 months

(3)
6 months

(4)
6 months

(5)
1 year

(6)
1 year

-0.028
(0.025)

-0.025*
(0.015)

0.044***
(0.015)

-0.032
(0.030)
0.044
(0.076)
-0.062
(0.099)
0.056**
(0.028)

-0.015
(0.011)

0.067**
(0.030)

-0.059
(0.046)
0.056
(0.220)
0.251
(0.460)
0.072
(0.047)

0.045***
(0.012)

-0.030
(0.022)
0.004
(0.029)
0.022
(0.039)
0.047**
(0.019)

418

418

1,051

1,051

2,068

2,068

(7)
2 years

(8)
2 years

(9)
4 years

(10)
4 years

(11)
all data

(12)
all data

-0.017**
(0.008)

-0.019**
(0.008)

0.044***
(0.007)

-0.025*
(0.015)
-0.001
(0.003)
0.014
(0.017)
0.042***
(0.010)

-0.018**
(0.007)

0.047***
(0.009)

-0.024
(0.017)
-0.001
(0.010)
0.014
(0.019)
0.046***
(0.013)

0.047***
(0.006)

-0.030**
(0.014)
0.001
(0.001)
0.012
(0.017)
0.051***
(0.008)

3,415

3,415

5,455

5,455

8,489

8,489

DOB
DOB*Post’94
Constant

Observations

Bandwidth
Post’94
DOB
DOB*Post’94
Constant

Observations

OLS (linear probability) regression models. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 8: Parametric reduced form RD: incidence of teen pregnancy – Part 1
Date of birth = [1 January 1987 – 30 June 1997]
(1)
(2)
(3)
Post-’94

(4)

(5)

0.66***
(-4.49)

0.79
(-1.60)
0.97**
(-2.07)
0.93
(-0.53)

0.67*
(-1.79)
0.92*
(-1.71)
1.93
(1.50)
0.99
(-1.25)
0.75
(-1.53)

0.57**
(-1.97)
1.15
(1.09)
1.76
(0.60)
1.07*
(1.68)
0.60
(-0.58)
1.01*
(1.91)
1.03
(0.13)

Resides in DSA at 14

1.66***
(6.40)

1.65***
(6.36)

1.65***
(6.36)

1.65***
(6.33)

0.66
(-1.25)
1.03
(0.10)
0.90
(-0.06)
1.00
(-0.01)
2.54
(0.38)
0.99
(-0.26)
0.47
(-0.55)
1.00
(-0.50)
1.16
(0.60)
1.65***
(6.32)

Observations

11,242

11,242

11,242

11,242

11,242

DOB
DOB*Post-’94
sq DOB
sq DOB*Post-’94
cu DOB
cu DOB*Post-’94
qa DOB
qa DOB*Post-’94

Cox proportional hazards models.
p<0.01, ** p<0.05, * p<0.1
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Z-statistics in parentheses, ***

Table 9: Parametric reduced form RD: incidence of teen pregnancy – Part 2
Date of birth = [1 January 1992 – 31 December 1995]
(6)
(7)
(8)
Post-’94

(9)

(10)

0.71***
(-3.28)

0.71*
(-1.85)
0.99
(-0.06)
1.00
(0.01)

0.61*
(-1.71)
0.77
(-0.73)
2.88
(1.47)
0.88
(-0.74)
0.72
(-0.87)

0.73
(-0.86)
0.97
(-0.03)
0.53
(-0.37)
1.17
(0.16)
4.20
(0.68)
1.10
(0.28)
0.43
(-1.12)

1.67***
(3.85)

1.67***
(3.85)

1.67***
(3.85)

1.67***
(3.84)

0.59
(-1.16)
2.55
(0.55)
0.69
(-0.11)
9.94
(0.67)
0.02
(-0.52)
5.74
(0.68)
1.07
(0.01)
1.51
(0.65)
0.33
(-0.74)
1.67***
(3.84)

4,376

4,376

4,376

4,376

4,376

DOB
DOB*Post-’94
sq DOB
sq DOB*Post-’94
cu DOB
cu DOB*Post-’94
qa DOB
qa DOB*Post-’94
Resides in DSA at 14

Observations

Cox proportional hazards models.
p<0.01, ** p<0.05, * p<0.1.
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Z-statistics in parentheses, ***

Table 10: Non-parametric reduced form RD results: incidence of teen pregnancy

Bandwidth
Post-’94

(1)
45 days

(2)
45 days

(3)
3 months

(4)
3 months

(5)
6 months

(6)
6 months

0.66
(-1.04)

0.64
(-1.64)

1.82
(1.39)

0.60
(-0.94)
0.74
(-0.13)
2.84
(0.28)
1.83
(1.40)

0.72*
(-1.77)

1.12
(0.21)

0.45
(-1.08)
152.76
(0.80)
0.03
(-0.33)
1.11
(0.19)

2.11**
(2.46)

0.60
(-1.34)
1.05
(0.06)
1.87
(0.49)
2.12**
(2.46)

274

274

518

518

1,119

1,119

(1)
1 year

(2)
1 year

(3)
2 years

(4)
2 years

(5)
3 years

(6)
3 years

0.72**
(-2.42)

0.71***
(-3.12)

0.68***
(-3.84)

1.70***
(3.45)

0.71*
(-1.75)
1.01
(0.12)
0.98
(-0.11)
1.70***
(3.45)

1.76***
(4.18)

0.75*
(-1.67)
1.02
(0.29)
0.86
(-1.08)
1.77***
(4.19)

4,371

4,371

6,532

6,532

DOB
DOB*Post-’94
Resides in DSA at 14

Observations

Bandwidth
Post-’94

Resides in DSA at 14

1.62**
(2.44)

0.65
(-1.58)
0.88
(-0.45)
1.61
(0.99)
1.62**
(2.44)

Observations

2,218

2,218

DOB
DOB*Post-’94

Cox proportional hazards models. Z-statistics in parentheses, *** p<0.01, **
p<0.05, * p<0.1.
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Table 11: Reduced form RD results: pregnancies to term

Bandwidth
Post-’94

(1)
45 days

(2)
45 days

(3)
6 months

(4)
6 months

(5)
2 years

(6)
2 years

0.65
(-1.13)

0.70*
(-1.94)

2.03**
(2.52)

0.53*
(-1.72)
1.54
(0.61)
1.25
(0.18)
2.03**
(2.51)

0.71***
(-3.15)

0.96
(-0.08)

0.76
(-0.40)
8.43
(0.36)
0.00
(-0.70)
0.94
(-0.13)

1.61***
(3.55)

0.70*
(-1.88)
0.98
(-0.18)
1.05
(0.27)
1.61***
(3.55)

274

274

1,119

1,119

4,371

4,371

DOB
DOB*Post’94
Resides in DSA at 14

Observations

Cox proportional hazards models. DOB = Date of birth – 1 January 1994.
DSS = demographic surveillance system. Regressions exclude miscarriages and
abortions. Z-statistics reported in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Table 12: Fuzzy RD: two-stage least squares estimates
1993-1994 birth cohorts
Model
Outcome

(1)
Reduced form
Pregnant
by age 16

(2)
First stage
CSG
beneficiary

CSG beneficiary
Post-’94

-0.02*
(0.01)

(3)
2SLS
Pregnant
by age 16

(4)
2SLS
Pregnant
by age 16

-0.14*
(0.08)

-0.13
(0.08)

0.14***
(0.02)

Resided in DSA at 14
Constant

Observations

0.07***
(0.01)

0.09***
(0.01)

0.08***
(0.01)

0.03*
(0.01)
0.06***
(0.02)

1,895

1,895

1,892

1,892

(5)
Reduced form
Pregnant
by age 16

(6)
First stage
CSG
beneficiary

(7)
2SLS
Pregnant
by age 16

(8)
2SLS
Pregnant
by age 16

-0.12**
(0.05)

-0.11**
(0.05)

1990-1994 birth cohorts
Model
Outcome

CSG beneficiary
Post-’94

-0.02**
(0.01)

0.19***
(0.01)

Resided in DSA at 14
Constant

Observations

0.07***
(0.00)

0.05***
(0.00)

0.08***
(0.01)

0.04***
(0.01)
0.05***
(0.01)

4,781

4,781

4,781

4,781

OLS and 2SLS regressions. Standard errors in parentheses, *** p<0.01,
** p<0.05, * p<0.1
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Table 13: Fuzzy RD decomposition
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Table 14: Schooling reduced form RD regressions
1990-1996 birth cohorts
Age
14
Post-’94
DOB
DOB*Post-’94
Constant

Observations

15

16

17

-0.00
(0.01)
-0.01**
(0.00)
0.02**
(0.01)
0.96***
(0.01)

0.04***
(0.01)
-0.01***
(0.00)
0.01
(0.01)
0.92***
(0.01)

0.03*
(0.02)
-0.00
(0.00)
-0.00
(0.01)
0.91***
(0.01)

0.08***
(0.02)
0.00
(0.01)
-0.02
(0.03)
0.83***
(0.01)

4,538

4,535

4,233

3,901

15

16

17

0.04
(0.03)
-0.04
(0.03)
0.01
(0.05)
0.94***
(0.02)

0.05*
(0.02)
-0.04
(0.04)
0.03
(0.05)
0.91***
(0.02)

0.01
(0.03)
0.01
(0.03)
-0.00
(0.05)
0.92***
(0.02)

0.08**
(0.03)
-0.03
(0.04)
-0.02
(0.05)
0.84***
(0.02)

1,470

1,590

1,681

1,509

1993-1994 birth cohorts
Age
14
Post-’94
DOB
DOB*Post-’94
Constant

Observations

OLS regressions estimated separately by age. Standard errors in parentheses are clustered at the individual level, *** p<0.01, ** p<0.05, * p<0.1.
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Table 15: CSG reforms, pregnancy, and schooling
Dependent variable
In school? (0,1)

All observations
Coefficient Std. error

Censored at first pregnancy
Coefficient
Std. error

Age 11*Post-’94
Age 12*Post-’94
Age 13*Post-’94
Age 14*Post-’94
Age 15*Post-’94
Age 16*Post-’94
Age 17*Post-’94
Age 11
Age 12
Age 13
Age 14
Age 15
Age 16
Age 17
Post-’94

-0.000
-0.003
0.008
0.005
0.015
0.023
0.072***
-0.001
0.001
0.001
0.000
-0.023*
-0.053***
-0.120***
0.009

-0.000
-0.003
0.005
0.001
0.009
-0.003
0.030
-0.001
0.001
0.001
0.001
-0.016
-0.027*
-0.086***
0.009

Observations
R-squared

(0.009)
(0.011)
(0.013)
(0.015)
(0.015)
(0.016)
(0.019)
(0.008)
(0.009)
(0.010)
(0.012)
(0.014)
(0.016)
(0.018)
(0.009)

22,041
0.044

Wald test
p-value

(0.009)
(0.011)
(0.013)
(0.014)
(0.014)
(0.015)
(0.019)
(0.008)
(0.009)
(0.010)
(0.012)
(0.013)
(0.015)
(0.018)
(0.009)
21,288
0.029

OLS regressions for 1992-1995 birth cohorts. Models include indicators for year
of survey visit. Wald test is a test of the hypothesis that the coefficients from
these regressions are equal. Standard errors in parentheses are clustered at the
individual level, *** p<0.01, ** p<0.05, * p<0.1.
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0.48
0.52
0.04
0.30
0.29
0.001
0.000
0.48
0.48
0.48
0.49
0.006
0.000
0.000
0.48

