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Abstract

Researchers claim that children growing up away from their biological parents may be at a
disadvantage and have lower human capital investment. This paper measures the impact of child
fostering on school enrollment and addresses fostering’s endogeneity with household and child fixed
effects regressions. The data collection by the author involved tracking and surveying the sending
and receiving household participating in each fostering exchange, allowing a comparison of foster
children with their non-fostered biological siblings. Foster children are equally likely as their host
siblings to be enrolled after fostering and are 4.9 percent more likely to be enrolled than their
biological siblings. Relative to children from non-fostering households, host siblings, biological
siblings, and foster children all experience increased enrollment after the fostering exchange, indi-
cating fostering may help insulate poor households from adverse shocks. This Pareto improvement
in schooling translates into a long-run improvement in educational and occupational attainment.
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1 Introduction

Children comprise the majority of the population in many African countries and represent the
region’s future. If they lack the skills and knowledge needed to lead productive lives, Africa’s
economic development might be limited and its ability to grow out of poverty jeopardized (World
Bank, 2003). Most international development organizations and many academic researchers believe
that the widespread institution of child fostering, in which parents send their own biological children
to live with another family, has negative consequences for that child’s human capital investment
and welfare outcomes (Bledsoe and Brandon, 1989; Haddad and Hoddinott, 1994; Kielland, 1999;
UNICEF, 1999; Case, Lin, McLanahan, 2000; Bishai et al., 2003).

This paper uses data collected by the author during eighteen months of fieldwork in Burkina
Faso to measure the impact of child fostering on school enrollment.! Previous researchers have used
cross-sectional data to evaluate the effect of children not residing with their biological parents, but
cross-sectional data can only compare the current enrollment status for foster children with that of
their non-fostered host family siblings (Zimmerman, 2003; Case, Paxson, and Ableidinger, 2004).
Their results will be biased if there is some unobservable factor omitted from the analysis that is
correlated with both fostering and school enrollment.

The data include three years of retrospective information which I use to estimate a fixed effects
regression that measures the effect of fostering on school enrollment and deals with the potential
biases arising from using cross-sectional data.? While cross-sectional results suggest that only 17.6
percent of foster children are enrolled compared to 31.1 percent of host family siblings (Table 1),

controlling for the child’s enrollment status prior to the fostering episode indicates that, when

! According to these data, approximately 27 percent of households either sent or received a foster child between
1998 and 2000, and these children spent, on average, 2.75 years living away from their parents.

?Previous research has employed a similar empirical identification strategy using the time dimension in a difference
in differences framework to measure the impact on school enrollment for children living away from their biological
parents due to a parent’s death (Yamano and Jayne, 2004; Evans and Miguel, 2004).



compared to the host family siblings they live with, foster children are no worse off after moving
away from their biological parents. The fixed effects approach shows that not controlling for omitted
variables in measuring the welfare impacts of child fostering can yield seriously misleading results.

In addition to these comparisons of foster children and host family siblings over time, during
the data collection I located the sending and receiving household participating in each fostering
exchange. This research methodology makes these data particularly appropriate for understanding
the impact of fostering, not only on the foster child and the host siblings, but also on the biological
siblings who stayed behind. The results show that after being fostered, foster children are 4.9
percent more likely to be enrolled when compared to their non-fostered biological siblings. How-
ever, these results mask substantial heterogeneity depending on where the sending and receiving
households live and the reason for the fostering.® Children who, according to their parents, were
fostered for schooling reasons are significantly more likely to experience a positive welfare outcome
in terms of school enrollment compared to children fostered for child labor reasons.

These fixed effects regressions control for household level unobservables and provide evidence
that after a household selects which child to send, there is actually a strong positive impact of
the fostering on that child’s enrollment, relative to both the child’s host and biological siblings.*
However, the biological parents are probably selecting the child with the best chance to succeed
in the host household. The decision of which child the biological parents foster may be based on
factors that are unobservable to the researcher but which clearly influence how well the child does

in the host household. To control for these factors, I estimate a child fixed effects regression that

3Evidence of this welfare outcome heterogeneity is also seen in rural Mali where children who were requested by
the receiving family had better nutritional outcomes than children sent due to crisis fostering (Castle, 1995).

4 A related empirical literature attempts to understand why households foster children and finds that the demand
for child labor, risk-coping in response to exogenous income shocks, human capital investment in the child, and high
quality social networks are possible motivations for why a household decides to send out a child (Isiugo-Abanihe,
1985; Page, 1989; Ainsworth, 1996; Zimmerman, 2003; Akresh, 2004; Cichello, 2004). In addition, theoretical work
by Serra (2003) argues that demand for child labor by the host family and aspirations for human capital investment
by the biological family could simultaneously explain a given fostering exchange.



measures the impact of fostering on that child’s educational enrollment, conditional on the child’s
unobserved attributes. The results suggest foster children after leaving their parents are neither
worse nor better off relative to their host and biological siblings. Conditional on the child’s type
(via the child fixed effects regression), there would be no school enrollment impact following the
fostering, as opposed to a positive enrollment impact when the biological parents have knowledge
about these unobservable factors and make an optimization decision about which child to send out.

The data allow me to compare these three groups of children (host siblings, biological siblings,
and foster children) with children who live in households that never fostered a child. In both house-
hold and child fixed effects specifications, foster children are better off after the fostering compared
to children from non-fostering households. In addition, in the child fixed effects regressions, the
host and biological siblings are better off after the fostering compared to the non-fostering house-
hold’s children. The results provide evidence that the institution of child fostering and the ability
of a household to send out a child when it needs to can lead to a Pareto improvement in school
enrollment for all children involved: the host siblings in the receiving family, the biological siblings
left behind in the sending family, and the foster child. This Pareto improvement for all parties
involved is the major finding of this paper, and it appears to stem from the ability of African
households to ease the constraint of a purely biological notion of a household.

Finally, I can also measure the long-run impacts of a fostering experience. I find a strong
positive correlation between current wealth (measured as current assets or income) and the survey
respondent having been fostered as a child, even after controlling for observable characteristics of
the respondent and the respondent’s biological parents. Additional evidence for a positive long-run
return to fostering is provided by household fixed effects regressions comparing brothers and sisters
from the same family. Those siblings that were fostered as children are more likely to be educated

and have a good occupation such as a businessman, government employee, or teacher, and are less



likely to be a farmer and live in a rural village. These results are important for understanding why
a household adjusts its structure and the long and short-run implications of that decision.

The remainder of the paper is organized as follows. Section 2 describes the empirical setting
where I collected the data. In Section 3, I describe the empirical identification strategy. Section 4

presents the empirical results and Section 5 concludes.

2 Data and Empirical Setting

2.1 Empirical Setting

The data were collected in Bazega province in central Burkina Faso, located approximately fifty
miles from the capital, Ouagadougou.® Households in this region consist predominantly of subsis-
tence farmers growing millet, sorghum, and groundnuts and have an average annual income of $183
(based on an average foreign exchange rate from 1998 to 2000 of $1 = 641 FCFA). On average,
these households have 10.6 members consisting of a household head, 1.5 wives, 3.6 children under
age 18, 3.2 children over age 18, and 1.3 members that might include the household head’s mother,
brothers, sisters, grandchildren, distant relatives, and individuals with no direct relationship.

The fieldwork component of the project improved on previous studies in several ways. First, I
instituted a methodology that involved locating and interviewing the sending and receiving house-
holds of each fostering exchange. For example, if a household interviewed in the initial sample
had sent a child to another family, then the receiving household was located and interviewed in
the tracking phase of the survey. Similarly, if a household interviewed in the initial sample had
received a child, then the biological parents of the child (sending household) were located and inter-

viewed. This is the first time that both the sending and receiving household from a given fostering

®More detailed information about the fieldwork, including the survey instruments, field enumerator training man-
uals, and project reports can be found on the website: http://www.econ.yale.edu/ “rsa7.



exchange had been tracked and interviewed, and it enables a better understanding of the impact of
the fostering not only on the host siblings and the foster child (which is possible with some existing
datasets), but also on the foster child’s biological siblings who stayed behind.

Second, I asked retrospective questions covering the years 1998 to 2000 concerning the child’s
school enrollment history that allows me to compare enrollment before and after the fostering
exchange and to measure more accurately the impact of fostering. Most datasets collected in Africa
do not have school enrollment information covering a three year time period and researchers must
instead rely on cross-sectional comparisons using current enrollment. Third, I began the project
with an extensive qualitative component in which I conducted focus group discussions as well as
semi-structured, individual interviews to help develop and informally test different hypotheses that
might explain child fostering and better understand the consequences of this institution.

The survey consisted of two distinct phases. Phase 1 entailed interviews with 606 household
heads and their 812 wives in fifteen randomly selected villages in Bazega province. In these villages,
the unit of analysis for the sampling frame was the compound, with some compounds containing
multiple households.® Within each compound, an enumerator individually interviewed the head of
every household and then separately interviewed all of his wives, if applicable.”

Phase 2 of the survey consisted of finding the 316 paired households that had exchanged a foster
child and interviewing the head of each household along with all of his wives using the same survey

instrument from Phase 1. I restricted the tracking to those households that had exchanged a foster

To increase the number of households in the sample that had fostered children, I adopted a two part sampling
frame that included a random sample and a choice-based sample both drawn from a village level census that included
information about the fostering status of every household. The choice-based sample consisted of compounds that had
fostered a child between 1998 and 2000. All results in this paper use the entire sample, but results are quantitatively
similar and robust when I restrict the observations to just the random sample. Using the population fostering weights
from the village level census to adjust the choice-based sample does not significantly alter the results. A total of
383 compounds containing 606 households were selected with approximately sixty percent of the compounds in the
random sample.

"The particular household definition (described in Akresh, 2004b) that assigned every individual living in the
compound to a specific household was implemented to ensure that individuals in the compound who might have been
involved in making a fostering decision would be interviewed.



child between 1998 and 2000 and where the child’s age at the time of fostering was between five
and fifteen inclusive.

Children under age five were excluded from the tracking for three reasons. First, these children
cannot be enrolled in school. Second, researchers studying child fostering in Africa have argued
that young children are fostered for different reasons than older children (Vandermeersch, 2002).
In particular, young children are not routinely performing domestic chores and are essentially
just consumers. Around age five, children are expected to become economically helpful to the
family, undertaking tasks in the household, fields, and marketplace. At this time, a household
would become concerned with human capital investment and possibly with offsetting demographic
imbalances in the number of its children of a given age and gender. Third, results from this
survey confirm that fostering of young children is much less common than older children, showing
a significant jump in fostering rates at age six. Approximately one percent of children under age
five were fostered between 1998 and 2000, compared to ten percent of children aged five to fifteen.

Children aged sixteen and older were also excluded from the tracking because, at that age,
most villagers in rural Burkina Faso would consider them adults. They are physically mature, have
passed initiation rites, and females are of an acceptable age for marriage. In addition, for older
children, it becomes difficult to disentangle what is child fostering and what is an example of a
household splitting off members to form distinct and separate households.

The success of the tracking phase makes these data particularly unique and appropriate for
measuring the impact of fostering on school enrollment. Approximately sixty percent of the paired
households were located within a twenty-five mile radius of the Phase 1 villages, twenty-five percent
were located in the capital fifty miles away, six percent were scattered across the other provinces
of Burkina Faso about one hundred and fifty miles away, and nine percent were in Cote d’Ivoire

approximately eight hundred miles away. There were 316 paired households to be found during the



tracking phase, and the field research team located 94.9 percent of them, 300 households in total.®

2.2 Data

In addition to the 316 foster children, in the sending households there were 994 biological siblings
who have never been fostered. In the receiving households, there were 640 host siblings who had
never been fostered. Analyzing the school enrollment rates for these different groups of children in
Table 1 shows that foster children and the biological siblings they left behind have similar average
enrollment rates (17.6 percent for foster children and 19.5 percent for biological siblings). However,
children in the host households have a much higher average enrollment rate of 31.1 percent. Average
and median age are similar across the three groups of children ranging from 9.7 to 10.4 years old,
but foster children are more likely to be girls.

Table 2 analyzes how children’s school enrollment changes over time before and after the fos-
tering episode. Many development organizations are concerned that after a child is sent away from
his biological parents he will stop attending school, but the data do not confirm this. Only two
percent of foster children were no longer enrolled after being sent to the host household despite
being enrolled prior to the fostering. This compares with 3.3 percent of host siblings and 2.3 per-
cent of biological siblings who discontinued enrollment after the fostering exchange. Following the
fostering, approximately the same percentage of children in each group were newly enrolled stu-
dents, with rates ranging from 4.5 to 4.9 percent. The largest difference between the three groups

is the percentage of children who were never enrolled. There are 82.7 percent of foster children and

8 The sixteen tracked households that were not interviewed included four households (three in the capital and one
in Cote d’Ivoire) that were found but refused to be surveyed, four households in the capital in which the child left
the village in search of work and had not yet contacted his biological parents to indicate the family with whom he
was now living, two households where the parents left children in the village in Burkina Faso and went to work in
Cote d’Ivoire but the receiving household did not have information to locate them, and three households (two in
Cote d’Ivoire and one in Togo) that had contacted the parents to inform them they were moving towns and would
send more contact information once they were settled. Finally, the remaining three cases included issues of disputed
paternity, alleged adultery, and confirmed sorcery.



77.9 percent of biological siblings in this category, but only 60.5 percent of host siblings were never
enrolled. I can reject the null hypothesis that the percentage of children in each transition group
(never enrolled, discontinued enrollment, newly enrolled, and enrolled both years) is the same across
host siblings, biological siblings, and foster children with a likelihood ratio x2(6) test statistic of
51.00 and a corresponding p-value of 0.00. However, the likelihood ratio x?(3) test statistic testing

for equality between foster children and biological siblings cannot be rejected with a p-value of 0.34.

3 Empirical Strategy

3.1 Empirical Identification in Previous Research

Several recent empirical papers try to measure the school enrollment impact of children living away
from their biological parents. Most of these papers compare school enrollment for children living
with their biological parents with those foster children living without their parents, in one time
period. Current school enrollment is a function of that child’s school enrollment history. Without
controlling for that history prior to the fostering episode, the econometrician will incorrectly mea-
sure the fostering impact. Foster children are more likely to come from households that experienced
negative income shocks (Akresh, 2004), and due to these shocks, it is likely the child’s parents could
not afford the school fees and the child would not have been enrolled prior to the fostering (Thomas
et al., 2004). As a consequence, if the host family maintains the foster child’s pre-fostering enroll-
ment status, in a cross-sectional comparison it will appear that the foster child is worse off than
the host siblings. Using cross-sectional data to measure this impact would yield misleading results
if there are factors (such as school enrollment history, wealth, or network quality) omitted from the
regressions that are correlated with both the fostering and school enrollment measure.

Lloyd and Blanc (1996) using Demographic and Health Surveys (DHS) from seven countries



in sub-Saharan Africa show that children’s school outcomes (measured by current school enroll-
ment and grade four completion) are more influenced by characteristics of the child’s extended
family network and the household in which the child resides than by characteristics of his biological
parents. Zimmerman (2003), using 1993 household survey data from South Africa, finds that the
risk for foster children of not attending school is lower than it would have been if the child had
stayed with his biological parents. Both studies rely on cross-sectional data which are subject to
the aforementioned problems. Overall, some researchers have found similar results to Zimmerman
(Eloundou-Enyegue and Shapiro, 2004), while others have found that foster children are less likely
to be enrolled and more likely to be working (Kielland, 1999). Cichello (2004) extends Zimmer-
man’s analysis by incorporating information from a 1998 survey collected on a sub-sample of the
households used by Zimmerman. This allows him to construct a school progress measure defined as
the number of additional years of schooling attained between 1993 and 1998. He finds there are no
positive gains for foster children in terms of school progress, despite higher initial school enrollment
in 1993. Despite using the additional 1998 information to develop an improved measure of human
capital investment, Cichello does not address the endogeneity of fostering.

A related literature measures the school enrollment impact for the subset of foster children who
are orphans. Case, Paxson, and Ableidinger (2004) use DHS data from ten countries in sub-Saharan
Africa and find that orphans are less likely to be enrolled than non-orphans with whom they live.
Ainsworth and Filmer (2002) using DHS and World Bank Living Standards Measurement Surveys
from 28 developing countries find that while there are some countries with large differentials in
enrollment by orphan status, in most countries the gap between orphans and non-orphans is small
compared to the gap between children from rich and poor households. While the results differ
between these two studies, both use cross-sectional data and are subject to the previously discussed

potential biases. Gertler, Levine, and Ames (2004) find that parent death is negatively associated



with children’s school enrollment using a large cross-sectional dataset from Indonesia. They address
the endogeneity issues using village fixed effects and a propensity-score matching estimator that
matches orphan children with children who have similar observable characteristics living in the
same neighborhood.

Two papers analyzing the impact of orphan status on school enrollment address the endogeneity
issues by using the time dimension in a panel dataset to estimate a child fixed effects regression
(Yamano and Jayne, 2004; Evans and Miguel, 2004). With this estimation strategy they can control
for time-invariant factors, such as wealth and network quality. Yamano and Jayne using a two-year
panel from a national household survey in Kenya find a negative impact of parent death on school
enrollment for poor households. Evans and Miguel find similar results using four years of data from
one district in Kenya but with a larger sample size.

These papers studying orphans have the advantage that parent death might be unexpected
and measuring the schooling impact due to this potentially exogenous event seems straightforward.
However, these papers focus on only one of the reasons why a child lives away from his biological
parents, and their data do not allow for comparisons with the biological siblings left behind. This
paper is able to address the broader question of the impact of fostering children for potentially
endogenous and exogenous reasons. This is possible because the fieldwork design collected data not
just on a foster child and his host siblings, but also his left behind biological siblings. The biological
siblings are a good comparison group if the fostering endogeneity operates purely at the household

level, and thus is differenced out when comparing a foster child with his biological siblings.

3.2 Identification Strategy

In this paper, I employ two main estimation strategies, household and child fixed effects regressions,

to address the endogeneity problems regarding the fostering decision discussed in the previous

10



section. The household fixed effects regression, by controlling for household level unobservable
factors, measures the impact of fostering on school enrollment, conditional on the household having
optimized its decision of which child to send. This contrasts with the child fixed effects regression,
which goes further and conditions on a given child’s unobserved type.

These strategies were previously used to study the impact on school enrollment for children
whose parents died, but this is the first time they have been used to address the endogeneity of
child fostering and the unobserved factors influencing fostering and school enrollment. If foster-
ing is correlated with household characteristics such as wealth or network quality, which are also
important determinants of school enrollment, then failing to control for these factors can yield bi-
ased estimates of the fostering impact on school enrollment. The household fixed effects regression
compares the school enrollment for a foster child and the host siblings, within the same household,
before and after the fostering episode, and the household fixed effect captures any time-invariant
household characteristics that influence school enrollment.

The identification strategy can be illustrated using a two-by-two difference in differences table.
Panel A of Table 3 shows average school enrollment rates for foster children and the host siblings
they live with for the year before the fostering and the year after the fostering. The results are
imprecise because not all available information is used, in particular children who were fostered in
1998 are excluded from this table.® The cross-sectional results indicate that foster children, in the
year prior to the fostering, are much less likely to be enrolled compared with the host siblings they
are living with. Average enrollment for host siblings is 35.0 percent while only 12.4 percent of foster
children are enrolled. These results are consistent with previous research that uses cross-sectional

data. For both foster children and host siblings, average enrollment increased after the fostering,

9For households fostering a child in 1999, T use 1998 enrollment as pre-fostering enrollment and 1999 enrollment
as post-fostering enrollment. For households fostering a child in 2000, I consider 1999 as pre-fostering enrollment and
2000 as post-fostering enrollment. Results in Table 3 are similar if instead I exclude the children fostered in 2000 and
use enrollment in the year of fostering as pre-fostering enrollment and post-fostering enrollment is the following year.

11



but it increased more for the foster children. The difference in differences result can be interpreted
as the impact of fostering on enrollment under the assumption that, without the fostering episode,
the change in enrollment for the two groups would not systematically differ. After the fostering,
the change in enrollment for foster children is 1.8 percent higher than that of host family siblings.
The result is not statistically significant, but making full use of the panel dimension of the data in
the following sections yields more precise estimates.

To incorporate all available information, I use a household fixed effects regression which is com-
parable to the difference in differences estimator. In the simplest household fixed effects specification

(additional age and gender controls are added later), I estimate the following:

Sijt = By +7; + B1(EverFostered;j x After Fostering;i) + Bo( Ever Fostered;;) + 0¢ + €ij¢ (1)

where S;j; is the school enrollment status for child 4 in household j at time ¢, where household j
refers to either the host or biological household, ; is the household fixed effect, EverFostered;; *
AfterFosteringj; indicates the years after the fostering for the foster child, EverFostered;; indi-
cates if the child is a foster child, §; are time dummies intended to capture any secular time effects
in school enrollment, and €;;; is a random, idiosyncratic error term.!® The coefficient 3 is the
effect of fostering on school enrollment for the foster child compared to the host siblings in the
same household. The main identification assumption for the estimate of 3; to be consistent is that
any factors that influence why certain households send and receive children are captured by the ;
household fixed effect term, and these factors do not vary over time. The household fixed effects
specification is identified by variation across children within the same household over time.

In addition to controlling for unobservables within the household that might be correlated with

10The secular time effects could also be captured by including an A fterFostering main effect, although that is
more restrictive than including unrestricted time dummies as in the text. Both approaches yield similar results.
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fostering and school enrollment, a related exercise would be to control for a given child’s unobserved
attributes which might influence both fostering and school enrollment. In the following child fixed
effects specification, I measure the impact of fostering on that child’s educational enrollment, con-

ditional on the child’s unobserved attributes:

Sijt = Bo + i + B1(EverFostered;;  After Fosteringj;) +n; + . (2)

where S;;; and EverFostered;; x After Fostering;; are as previously defined, n; are time dummies
to capture any secular time effects in school enrollment, «; refers to the child fixed effect, and v;;
is a random, idiosyncratic error term.'' The child fixed effects specification is identified by within
child variation over time and relies on the identification assumption that any unobservable factors
that influence fostering and school enrollment outcomes do not vary over time. All time-invariant
factors, such as a child’s ability or personality, will be captured by the fixed effects.!?

While these two estimation strategies (household and child fixed effects) improve measurement
of the fostering impact on school enrollment, most panel datasets are only able to compare foster
children with their current host siblings and are still not able to fully measure the fostering impact.
Even if the foster child is treated poorly and is worse off after the fostering relative to his new
host siblings, the foster child still might be better off in terms of school enrollment relative to the
treatment he would have received if he had stayed behind with his biological family. It is impossible
to measure the “true” counterfactual that would compare the school enrollment change for the foster

child if he is sent to a host family with the school enrollment change for the same foster child in the

"Tn equation 2, I do not include the term EverFostered;; because it will be absorbed by the fixed effects.

12Tf the source of the fostering’s endogeneity is time varying, the fixed effects estimation strategy will not be
able to address this problem. To deal with any time-varying unobservable factors, I tried an instrumental variables
estimation strategy using household level agricultural shocks and network quality as instruments for fostering. These
instruments have strong explanatory power in explaining why a household sends out a child in a given year (Akresh,
2004), but they have low power as instruments for the Ever Fostered;; * A fter Fostering;: variable which implicitly
is also measuring the duration of the fostering.
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same time period if he had instead remained behind. However, with this dataset, it is possible to
compare the school enrollment change for the foster child with the foster child’s biological siblings
who were left behind. This comparison will give a lower bound for the fostering impact, since the
biological siblings who remained behind were also affected by the fostering by having more resources
available to spread among fewer children and may themselves be better off after the fostering. A
comparison of the biological siblings with children from non-fostering households can be used as
the baseline to measure the improvement for the biological siblings relative to households that do
not engage in fostering.

In Panel B of Table 3, I compare foster children before and after the fostering episode with
their biological siblings who stayed behind. As in Panel A, the results are imprecise because not
all available information is used, specifically children who were fostered in 1998 are excluded from
this table. After the fostering, foster children have 0.8 percent higher enrollment compared to the

biological siblings from the same household.

4 Empirical Results

4.1 Household Fixed Effects Results

In Panel A of Table 4, I estimate the household fixed effects regression from equation 1 comparing
foster children with the host siblings they live with.'> Column 1 presents the simple specification
(with no controls for gender or age) in which foster children are 3.2 percent more likely to be
enrolled after being fostered compared to the host siblings. The coefficient is not significant, but

the standard error is smaller than in Table 3, indicating foster children are unlikely to be much worse

13 All households that fostered a child in 1998, 1999, or 2000 are included in the regressions. There are 2682
observations which consists of 640 host household siblings and 316 foster children measured over 3 years minus 186
observations that were excluded because the child is under age 5 in a given year.

14



off following the fostering, with a 90 percent confidence interval ranging from a 1.9 percent drop to
an 8.3 percent increase. However, foster children come from households that have 18.6 percent lower
enrollment rates, which is consistent with results in Akresh (2004) where the receiving household is
better off. All the regressions in this table include year dummies intended to capture secular time
trends in school enrollment.

In column 2, I analyze whether the fostering impact varies based on the child’s gender by in-
cluding an interaction of the variable Ever Fostered;;x A fter Fostering;; with a variable indicating
if the child is male. Both foster girls and boys do better after the fostering relative to the host
siblings they live with, but foster boys are 4.9 percent more likely to be enrolled than foster girls,
yet this difference is not significant. Column 3 presents a household fixed effects regression con-
trolling for the child’s age. Young foster children (aged 5, 6, or 7) are 18.4 percent more likely to
be enrolled after the fostering relative to older foster children, and the coefficient is statistically
significant at the 5 percent level. Children aged eight to eleven are 10.3 percent more likely to be
enrolled after the fostering compared to older foster children, but the coefficient is not significant
at standard levels (t-statistic is 1.59). These results indicate that for certain children, fostering is
a strong positive experience (at least in terms of school enrollment), while for other children (in
particular older children), the results are more mixed and potentially negative.

Panel B of Table 4 presents household fixed effects regressions comparing foster children with
their biological siblings. The regression in column 4 indicates foster children are 4.9 percent more
likely to be enrolled after the fostering than the biological siblings who remained behind. This is
strong evidence that while foster children may not be better off compared to their host siblings
(column 1), they are more likely to be enrolled after the fostering compared to their biological
siblings. Column 5 estimates the regression controlling for the child’s gender, and column 6 controls

for the child’s age. Foster boys do better than foster girls, but the difference is not significant.
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Controlling for the child’s age indicates that relative to their biological siblings, young foster children
are 13.1 percent more likely to be enrolled after the fostering than older foster children.'*

Due to the different enrollment outcomes for young and old foster children and foster boys
and girls, I further explore this heterogeneity. Table 5 presents household fixed effects regressions
comparing foster children with their host siblings (Panel A) and foster children with their biological
siblings (Panel B). Only the coefficient on the term EverFostered;;+A fter Fosteringj; is presented,
although all regressions also include controls indicating if the child was ever fostered and year
dummies as in equation 1. Column 1 repeats the previous results from Table 4, columns 1 and 4.
The rest of the table presents household fixed effects regressions broken down by the reason for the
fostering and the location of the sending and receiving households.

For each foster child, the head of the biological household answered why the child was sent to
live with another family. Based on those responses, if the foster child is sent for schooling reasons,
then after being fostered the child is 52.1 and 45.6 percent more likely to be enrolled compared
with their host and biological siblings, respectively. This result contrasts with foster children sent
for child labor reasons. These children are 3.3 and 1.6 percent less likely to be enrolled after the
fostering compared with their host and biological siblings, respectively, although the results are not
significant. Children fostered due to crisis events such as the parent’s death, divorce, or the parents
being too poor to support the child are significantly better off compared to the biological siblings
left behind, with enrollment 15.2 percent higher after the fostering.

There is evidence that where the foster child is sent is correlated with how well that child does

14 Appendix Table 1 presents household fixed effects regressions comparing the host and biological siblings from
a paired sending and receiving household, in which the household fixed effect is for the joint sender/receiver paired
household. Biological siblings are slightly worse off after the fostering compared with host siblings, but the results
are not statistically significant. However, in the case of children fostered because of crisis events (column 6), the
biological siblings are significantly worse off, with a 17.8 percent lower enrollment after the fostering compared to the
host siblings. Likewise, when foster children are sent to households living in the same village, the biological siblings
are 9.0 percent less likely to be enrolled after the fostering compared with the host siblings.
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relative to the child’s host and biological siblings. Foster children sent to live with households
in Cote d’Ivoire or Ouagadougou are 12.2 and 8.8 percent more likely to be enrolled after the
fostering compared with, respectively, their host and biological siblings. This result contrasts with
the outcome for foster children sent to households living in the same village, which often occurs
following a parent death. These foster children are 11.3 percent less likely to be enrolled after the

fostering compared with their host siblings, although the coefficient is imprecisely measured.

4.2 Child Fixed Effects Results

In using the household fixed effects specification, I can address the issue that certain households are
more prone to foster children than other households and that these unobservable factors influencing
fostering might also affect school enrollment. However, there might also be factors (unobservable
to the econometrician) at the child level that influence the fostering decision and that child’s school
enrollment. These factors could include the child’s ability or personality (which are probably known
by the biological parents) and would bias the measurement of the impact of fostering on school
enrollment. A child fixed effects regression controls for these factors and measures the impact on
school enrollment after that child is fostered.

In Table 6, I present results from child fixed effects regressions comparing foster children with
host siblings (Panel A) and biological siblings (Panel B). After controlling for the foster child’s
type, there is no impact of fostering on the foster child’s school enrollment relative to either host
(column 1) or biological siblings (column 4). Foster boys are 3.5 percent more likely to be enrolled
after the fostering compared to host and biological siblings, but the coefficients are not significant.
Similar to the household fixed effects, younger foster children do better than older foster children
relative to either host siblings or biological siblings. Results in columns 3 and 6 show that younger

foster children are 12.0 and 11.8 percent more likely to be enrolled after the fostering exchange
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compared to host and biological siblings, respectively.

These results indicate that, after conditioning on the child’s type, there are no longer any
positive enrollment impacts following the fostering, with the exception of younger foster children.
This provides evidence that the biological parents, in selecting which child to send out, are probably
taking into account these factors that are unobservable to the researcher yet clearly influence how
well the foster child does in the host household. Even after controlling for the child’s type, the

impact of fostering, while not positive, is still not negative as many individuals believed.

4.3 Comparisons with Children of Non-Fostering Households

While understanding the impact of fostering for foster children relative to their host and biological
siblings is important, it is also necessary to compare these children with children from non-fostering
households. This additional comparison provides insight into the benefits to households from being
able to reallocate resources by sending away children. Table 7 presents an overview for children
from non-fostering households with information similar to Tables 1, 2, and 3. In Panels A and
B, these children appear similar to the biological siblings, with an average enrollment rate of
18.3 percent, an average age of 9.4 years, and a school enrollment transition rate in which 76.4
percent of them are not enrolled in either year and 2.8 percent discontinued enrollment in 2000.
Panel C presents difference in differences results comparing foster children with children from non-
fostering households using pre and post-fostering enrollment for the foster children and 1999 and
2000 enrollment for the other children, with similar results using 1998 and 1999 enrollment for these
other children. There is no statistical difference between foster children and these other children in
terms of enrollment after foster children are sent away, but again the table does not use all available
information and is presented only as a comparison to Table 3.

The child and household fixed effects specifications in Table 8 provide evidence that child

18



fostering can lead to a Pareto improvement in terms of school enrollment for all children involved:
the host siblings in the receiving family, the biological siblings remaining behind in the sending
family, and the foster child. The dataset used in Table 8 contains observations from 640 host
siblings, 994 biological siblings, 316 foster children and 470 children from non-fostering households
measured over 3 years, with the reference group in the regressions being the children from the
non-fostering households.

In column 1, I control for the child’s type in a child fixed effects regression and find that the host
siblings and biological siblings are, respectively, 3.5 and 2.7 percent more likely to be enrolled after
the fostering compared to the non-fostering household children. The coefficient for the host siblings
is significant at the 5 percent level, while the coefficient for the biological siblings is significant at
the 1 percent level. Foster children are 2.6 percent more likely to be enrolled after the fostering
compared to the non-fostering household children, but the coefficient is not statistically significant.
The point estimates for host siblings, biological siblings, and foster children in column 1 are roughly
equal which is comparable to the child fixed effects results in Table 6, where foster children are no
better off following the fostering relative to either host or biological siblings.

The earlier tables showed age was a significant factor affecting enrollment outcomes for these
children, and in columns 2, 3, and 4, I estimate child fixed effects regressions for subsets of children.
For households that exchange young children, the results indicate that relative to non-fostering
household children, all the other children are much better off after the fostering. Host siblings
increase enrollment by 23.9 percent, biological siblings by 11.3 percent, and foster children by
21.5 percent relative to the non-fostering household children, and all coefficients are significant at
the 1 percent level. For older children aged 8 to 11, the positive impact of fostering relative to
children from non-fostering households diminishes, with biological siblings’ enrollment increasing

by 4.1 percent and host siblings having a positive but insignificant enrollment increase. Foster
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children aged 8 to 11 actually experience a significant 5.6 percent drop in enrollment after the
fostering relative to the non-fostering household children. The oldest children in the fostering
households fare the worst relative to the non-fostering household children, with host and biological
siblings experiencing a 9.4 and 5.4 percent drop, respectively, in enrollment after the fostering.
The older foster children experience an insignificant negative drop in enrollment relative to the
non-fostering household children. Based on the child fixed effects results, on average all children
in the households involved in fostering experience an improvement in enrollment, but the effect is
largest for the youngest children.

Columns 5 to 8 contain household fixed effects regressions that control for time-invariant factors
that might influence which households are involved in fostering children. In the regression using all
children, those fostered have a 5.6 percent higher enrollment than the children from non-fostering
households, with the coefficient significant at the 5 percent level. Young foster children have a
larger 17.9 percent increase in enrollment after the fostering relative to the non-fostering household
children. For older foster children, there is no significant impact after the fostering. For the host
and biological siblings, the regression pooling all ages shows no impact on enrollment after the
fostering, but older biological siblings are 5.7 percent less likely to be enrolled. The point estimates
for the household fixed effects regression in column 5 are comparable to the Table 4 results which
show foster children to have a higher enrollment after the fostering relative to the host and biological

siblings.

4.4 Adult Welfare Outcomes

Having provided evidence that child fostering can be a Pareto improvement in school enrollment
for the children in both the sending and receiving households, it is also important to understand if

fostering only has a short-run impact or if the effects are long-lasting and translate into other social
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welfare gains for the fostered individual. In addition to the tracking component in the fieldwork, a
unique aspect of the data is that they contain information about the childhood fostering experience
for every current adult head of household who was interviewed. Results in Table 9 indicate a strong
positive correlation between current wealth and the survey respondent having been fostered as a
child.'® Results in columns 1 and 4 show that respondents who were fostered as children have 40.1
percent higher asset levels and 54.3 percent higher income levels.

The table does not claim that fostering causes higher wealth because there could be other
factors that influence the respondent’s wealth such as gender, education, and family background.
In columns 2 and 5, I estimate ordinary least squares regressions to measure the impact of being
fostered as a child on current wealth, controlling for observable factors that might influence current
wealth including whether the respondent’s father or mother held a position of responsibility in
the village, the number of the father’s wives, the respondent’s marital status, age, occupation,
education and gender. The point estimate on the fostering variable is reduced slightly compared
with columns 1 and 4, but there is still a positive, significant correlation between being fostered as
a child and higher current wealth levels.

Columns 3 and 6 measure the impact of being fostered as a child for various durations and show
that children who spent less than 5 years living away from their biological parents have higher
levels of current wealth compared with non-fostered children (71.9 percent higher in assets and 59.7
percent higher in income). For foster children who lived away from their biological parents for more
than 10 years, there is a negative but insignificant impact on assets and a positive but insignificant
impact on income. This is consistent with the conclusions in Akresh (2004) that households use

fostering as a transitory risk-coping strategy in response to negative, exogenous income shocks. It is

15T use two measures of current wealth, the average value of all assets owned between 1998 and 2000 and the
average level of income over the same time period. Assets include seventeen different items that rural households
might typically own, such as a bicycle, a radio, a wheelbarrow and a cart. To account for heterogeneity in asset
quality across individuals, the value of each asset as reported by the respondent is used to measure total asset value.
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possible that for children whose fostering duration was greater than 10 years, the biological parents
never recovered from the transitory shock and this explains their lower current wealth levels.

Despite controlling for observables that might influence current wealth, foster status as a child
could still be endogenous with unobservable factors correlated with fostering status and wealth
biasing the regression estimates. For example, certain households might have better quality social
networks and be more likely to foster a child and that child could have higher current wealth not
because of being fostered as a child, but because of the parent’s better social network. To address
this endogeneity, I use information about the respondent’s brothers and sisters and the childhood
fostering status of each of these siblings. In addition, the respondents provided information about
the education, occupation, and location for each of his siblings. I can therefore estimate a household
fixed effects regression which compares the welfare outcomes for siblings who were fostered as
children with the welfare outcomes of siblings from the same family who were not fostered as
children. The evidence in Table 10 indicates that those siblings who were fostered as children are
10.4 percent more likely to have attended school, are 16.1 percent more likely to have a “good”
occupation such as a businessman, government employee, teacher, or manual laborer, are 10.5
percent less likely to be farmers, and are 9.6 percent less likely to live in a rural village.

The data do not contain information about current assets or income for each of the siblings, so
it is not possible to replicate the OLS regressions from Table 9 using the household fixed effects
estimation strategy. To compare the household fixed effects and OLS results using the same depen-
dent variables, in columns 1, 3, 5, and 7, I present OLS estimates measuring the impact of being
fostered as a child on education, having a “good” job, being a farmer, and living in a rural area.

The OLS point estimates are similar in sign and significance but are larger in magnitude.
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5 Conclusion

Given previous research that details the negative implications for African children living away from
their biological parents, the results of this paper are somewhat surprising. This paper systematically
analyzes the school enrollment outcomes of children living away from their parents and finds a
Pareto improvement in school enrollment due to the institution of fostering and a household’s
ability to adjust its structure. On average, all children in the households involved in fostering (host
siblings in the receiving household, biological siblings in the sending household, and the foster child)
experience an increase in school enrollment relative to children from non-fostering households.

For economists who often assume there should be gains from trade between willing parties, these
results should not be viewed as a surprise. Two households that choose to reallocate resources by
sending a child from the biological parents to the host family would only do so if there was the
expectation of an improvement in that household’s welfare. The host household would be unlikely to
receive a child if that was going to make them worse off, and likewise, the sending household would
not send a child if that was going to make them worse off. Not only are the two households not
worse off, but they actually experience an improvement in their children’s school enrollment. This
has significant policy implications for international development organizations who are currently
trying to prevent children from growing up away from their biological parents.

These results about the impact of a household adjusting its structure have implications for
the larger issue in Africa and even the United States of how to define a household and what is
the appropriate unit of analysis for studying the impact on a child’s welfare outcomes. A large
literature in the United States analyzes the schooling and health outcomes of children who live
in non-traditional household structures and generally finds that not having the biological mother

present is detrimental to the welfare outcomes of the child (McLanahan and Sandefur, 1994; Case
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and Paxson, 2001; Ginther and Pollak, 2003). This paper finds substantially different outcomes
for children from rural Burkina Faso. The results are based on an estimation strategy, household
and child fixed effects, that can deal with the endogeneity issues related to fostering. The paper
also describes the advantages of a research methodology, tracking both households involved in the
fostering exchange, without which I could not examine the impact of fostering on the biological
siblings who were left behind.

This analysis is informative for understanding why families choose to adjust their structure
and reallocate resources between two households (sender and receiver) in such a way as to make
everyone better off in terms of school enrollment. However, while there is strong evidence of a
short-run Pareto improvement in schooling for all children associated with fostering and a long-
run improvement in the welfare outcomes for the foster child, future research needs to examine
additional welfare measures to see if fostering also has a positive impact along other dimensions,

such as health and nutrition.
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Table 1: Summary Statistics Comparing Foster Children, Host Household Siblings, and
Biological Household Siblings

(1) (2) 3)

Host Foster Biological

Siblings Children Siblings
Enrollment Rate (% currently enrolled) 31.1% 17.6% 19.5%
Average Age 10.1 10.4 9.7
Median Age 10 10 9
Percentage Male 55.6% 37.0% 50.7%
Number of Children 640 316 994

Note: All summary statistics exclude those observations in which the child is under age 5 in
a given year. Data source: Author’s survey.
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Table 2: Tabulation of School Enrollment Transitions (Before and After Fostering Episode) Comparing Foster Children, Host
Siblings, and Biological Siblings (Column Percent)

School Enrollment Transitions (1) (2) 3)
Column % Host Siblings Foster Children  Biological Siblings
MN)
Never enrolled (Not enrolled before, Not enrolled after) 60.5% 82.7% 77.9%
(204) (167) (468)
Discontinued Enrollment (Enrolled before, Not enrolled after)  3.3% 2.0% 2.3%
(11) 4 (14)
Newly Enrolled (Not enrolled before, Enrolled after) 4.5% 4.9% 4.5%
(15) (10) (27)
Enrolled both years (Enrolled before, Enrolled after) 31.7% 10.4% 15.3%
(107) (21) (92)
Observations 337 202 601
Testing for equality of all 3 columns: LR %% (6) = 51.00 p-value=0.00
Testing for equality of columns 1 & 2: LR > (3)=37.11 p-value=0.00
Testing for equality of columns 1 & 3: LR %% (3) =36.22 p-value=0.00
Testing for equality of columns 2 & 3: LR % (3)=3.36 p-value=0.34

Note: I restrict the table to households that fostered in 1999 and 2000 because of the need for enrollment information prior to the
fostering episode. There are 244 host siblings, 108 foster children, and 310 biological siblings that were fostered in 1998 that are
excluded from the table. All results also exclude children under age 5. There were 59 host siblings, 6 foster children, and 83 biological
siblings under age 5 in the year prior to fostering who were also excluded from the regressions. For households fostering in 1999, 1
consider 1998 enrollment as prior enrollment and 1999 enrollment as after. Results are similar if instead I focus on households involved
in fostering in 1998 and 1999 and, for households fostering in 1998 use 1998 enrollment as before and 1999 enrollment as after. Testing
for the equality of all 3 columns yields a LR * (6) test statistic of 51.00 with the corresponding p-value of 0.00. Testing for the equality
of columns 1 and 2 yields a LR y* (3) test statistic of 37.11 with a p-value of 0.00. Testing for the equality of columns 1 and 3 yields a LR
¥’ (3) test statistic of 36.22 with a p-value of 0.00. Finally, testing for the equality of columns 2 and 3 yields a LR y” (3) test statistic of
3.36 with a p-value equal to 0.34. Data source: Author’s survey.
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Table 3: Difference in Differences Comparing Average School Enrollment for Foster Children with
Host Siblings and Biological Siblings

Panel A:
Foster Children Host Siblings Difference
(N=202) (N=337)
Pre-Fostering 0.124 0.350 -0.226
[0.023] [0.026] [0.039]
Post-Fostering 0.154 0.362 -0.208
[0.025] [0.026] [0.039]
Difference 0.030 0.012 0.018
[0.034] [0.033] [0.055]
Panel B:
Foster Children Biological Siblings Difference
(N=202) (N=601)
Pre-Fostering 0.124 0.176 -0.052
[0.023] [0.016] [0.031]
Post-Fostering 0.154 0.198 -0.044
[0.025] [0.016] [0.032]
Difference 0.030 0.022 0.008
[0.034] [0.022] [0.044]

Note: Standard errors in brackets. I restrict the table to only households involved in

fostering in 1999 and 2000 because of the need for enrollment information prior to the
fostering episode. For households fostering in 1999, I consider 1998 enrollment as pre-
fostering enrollment and 1999 enrollment as post-fostering. For households fostering in
2000, 1999 is pre-fostering enrollment and 2000 is post-fostering enrollment. Only
children 5 years and older are included in this table. Data source: Author’s survey.
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Table 4: Household Fixed Effects Estimation Comparing School Enrollment of Foster Children with Host Siblings and
Foster Children with Biological Siblings

Panel A: Foster Children Compared to Host Siblings Panel B: Foster Children Compared to Biological Siblings

(D 2 3) (4) 4 (6)
Ever Fostered * After Fostering 0.032 0.015 -0.039 0.049* 0.028 0.018
[0.031] [0.037] [0.049] [0.027] [0.033] [0.044]
Ever Fostered -0.186%**  -0.180%**  -(.248%** -0.075%** -0.024 -0.088**
[0.028] [0.037] [0.048] [0.023] [0.029] [0.041]
(Ever Fostered* After Fostering)*Male 0.049 0.058
[0.059] [0.053]
Ever Fostered * Male -0.012 -0.086*
[0.059] [0.048]
Male 0.012 0.113%**
[0.020] [0.014]
(Ever Fostered* After Fostering)*Young 0.184** 0.131*
[0.074] [0.067]
(Ever Fostered* After Fostering)*Middle 0.103 -0.008
[0.065] [0.058]
Ever Fostered * Young 0.197%*** 0.056
[0.068] [0.058]
Ever Fostered * Middle -0.020 -0.016
[0.062] [0.053]
Young -0.137%** -0.092%%*x*
[0.023] [0.017]
Middle 0.130%** 0.119%**
[0.021] [0.016]
Year = 1999 -0.001 -0.001 0.003 -0.006 -0.006 -0.002
[0.018] [0.018] [0.017] [0.014] [0.014] [0.014]
Year = 2000 0.005 0.005 0.019 0.003 0.003 0.009
[0.018] [0.018] [0.018] [0.014] [0.014] [0.014]
Constant 0.319***  (.312%**  (.307*** 0.202°%** 0.143%** 0.185%**
[0.015] [0.018] [0.019] [0.011] [0.013] [0.015]
Observations 2682 2682 2682 3632 3632 3632

Note: Standard errors in brackets. *, ** *** indicate significance at 10%, 5%, and 1% respectively. The dependent variable is school enrollment with a mean of 26.4 in
Panel A and 19.0 in Panel B. All households that fostered a child in 1998, 1999, or 2000 are included in the regressions. The dataset in Panel A consists of 640 host
siblings and 316 foster children measured over 3 years. The dataset in Panel B consists of 994 biological siblings and 316 foster children measured over 3 years. In Panel
A, T exclude 186 observations in which the child is under age 5 in a given year, and in Panel B, I exclude 298 observations for the same reason. For columns 3 and 6, the
omitted age category is children over age 12. Young children are aged 5, 6, or 7. Middle children are aged 8 to 11. Data source: Author’s survey.
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Table 5 Household Fixed Effects Estimation Comparing Foster Children with Host Siblings and Foster Children with Biological Siblings

(1 2) A3) 4 ) (6)
All Only Only Only Households Only Only
Households Households  Households  Fostering for Households Households
Fostering for  Fostering for  Parent Death/ Fostering To & Fostering
Schooling Child Labor  Divorce/ Poverty From Cote Within Same
Reasons Reasons Reasons d’Ivoire/Ouaga Village
Panel A: Foster Children Compared to Host Siblings
Ever Fostered * After Fostering 0.032 0.521%** -0.033 0.048 0.122%* -0.113
[0.031] [0.119] [0.039] [0.091] [0.057] [0.084]
Observations 2682 327 1332 390 861 382
Number of Households 316 32 193 36 106 57
Panel B: Foster Children Compared to Biological Siblings
Ever Fostered * After Fostering 0.049* 0.456%** -0.016 0.152* 0.088* 0.018
[0.027] [0.107] [0.032] [0.084] [0.049] [0.065]
Observations 3632 248 2366 295 1139 588
Number of Households 316 32 193 36 106 57

Note: Standard errors in brackets. *, **, *** indicate significance at 10%, 5%, and 1% respectively. Each regression also includes controls
indicating if the child was ever fostered and year dummies. Panel A, column 1 is copied from Table 4, column 1, and Panel B, column 1 is copied
from Table 4, column 4. All households that fostered a child in 1998, 1999, or 2000 are included in the regressions. The dataset in Panel A
consists of 640 host siblings and 316 foster children measured over 3 years. The dataset in Panel B consists of 994 biological siblings and 316
foster children measured over 3 years. In Panel A, I exclude 186 observations in which the child is under age 5 in a given year, and in Panel B, I

exclude 298 observations for the same reason. Data source: Author’s survey.
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Table 6: Child Fixed Effects Estimation Comparing Foster Children with Host Siblings and Foster Children with Biological Siblings

Panel A: Foster Children Compared to Host Siblings

Panel B: Foster Children Compared to Biological Siblings

€] 2) (€)) 4 ©) (6)
Ever Fostered * After Fostering -0.009 -0.022 -0.046* -0.007 -0.020 -0.042*
[0.019] [0.023] [0.025] [0.019] [0.023] [0.024]
(Ever Fostered* After Fostering)*Male 0.035 0.035
[0.036] [0.036]
(Ever Fostered* After Fostering)*Young 0.120%** 0.118***
[0.041] [0.041]
(Ever Fostered* After Fostering)*Middle 0.040 0.039
[0.028] [0.028]
Year = 1999 0.017* 0.017* 0.019* 0.016* 0.017* 0.018%*
[0.010] [0.010] [0.010] [0.009] [0.009] [0.009]
Year = 2000 0.048%**  (0.048%***  (.053*** 0.046%** 0.046%** 0.049%**
[0.011] [0.011] [0.011] [0.009] [0.009] [0.009]
Constant 0.244%**  (0.243%*** (241 %** 0.170%** 0.169%** 0.167***
[0.007] [0.007] [0.007] [0.006] [0.006] [0.006]
Observations 2682 2682 2682 3632 3632 3632
Number of Children 956 956 956 1310 1310 1310

Note: Standard errors in brackets. *, **, *** indicate significance at 10%, 5%, and 1% respectively. The dependent variable is school enrollment with
a mean of 26.4 in Panel A and 19.0 in Panel B. All households that fostered a child in 1998, 1999, or 2000 are included in the regressions. The dataset
in Panel A consists of 640 host household siblings and 316 foster children measured over 3 years. The dataset in Panel B consists of 994 biological
siblings and 316 foster children measured over 3 years. In Panel A, I exclude 186 observations in which the child is under age 5 in a given year, and in
Panel B, I exclude 298 observations for the same reason. For columns 3 and 6, the omitted age category is children over age 12. Young children are
aged 5, 6, or 7. Middle children are aged 8 to 11. Data source: Author’s survey.
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Table 7: Overview For Children of Non-Fostering Households

Panel A: Summary Statistics Panel B: School Enrollment Transitions (1999-2000)

1) )
Children of Non- Children of Non-
Fostering Households Fostering Households
[Column %]
Enrollment Rate (% currently enrolled) 18.3% Never enrolled (Not enrolled 1999, Not enrolled 2000) 76.4%

Average Age 9.4 Discontinued Enrollment (Enrolled1999, Not enrolled 2000) 2.8%
Median Age 9 Newly Enrolled (Not enrolled 1999, Enrolled 2000) 6.1%
Percentage Male 50.9% Enrolled both years (Enrolled 1999, Enrolled 2000) 14.7%
Number of Children 470 Number of Children 423

Panel C: Difference in Differences Comparing Average School Enrollment

Foster Children Children of Non- Difference

(N=202)  Fostering Households

(N=423)
Pre-Fostering 0.124 0.175 -0.051
[0.023] [0.018] [0.032]
Post-Fostering 0.154 0.208 -0.054
[0.025] [0.020] [0.034]
Difference 0.030 0.033 -0.003
[0.034] [0.026] [0.046]

Note: Statistics in the table are based on children aged 5 years and older. Panel A contains summary statistics, similar to Table 1, for the children
of non-fostering households, and Panel B contains school enrollment transition information, similar to Table 2, for these children. In Panel B, I
use 1999 and 2000 enrollment rates for these children, but results are similar using 1998 and 1999 enrollment rates. In Panel B, I exclude 47
children aged 4 in 1999 because they are too young to be enrolled. Panel C presents difference in differences results comparing average school
enrollment for foster children with children from non-fostering households using pre and post-fostering enrollment for the foster children and 1999
and 2000 enrollment for the other children, with similar results using 1998 and 1999 enrollment for these other children. Data source: Author’s
survey.
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Table 8: Household and Child Fixed Effects Regressions Comparing Host Siblings, Biological Siblings, Foster Children and Children
From Non-Fostering Households

Dependent Variable: Child Fixed Effects Household Fixed Effects
School Enrollment (D) (2) 3) (4) (5) (6) (7) (8)
All Children  Children Children All Children  Children Children
Children Aged 5-7 Aged8-11 Aged>=12 Children Aged 5-7 Aged8-11 Aged>=12
Host*After 0.035**  0.239***  (0.023 -0.094%%*x* -0.003 -0.046 0.004 -0.039
[0.014] [0.043] [0.024] [0.019] [0.022] [0.035] [0.036] [0.034]
Biological*After 0.027***  0.113***  0.041** -0.054%*x* -0.010 -0.009 0.060** -0.057**
[0.010] [0.028] [0.018] [0.015] [0.017] [0.026] [0.028] [0.027]
Foster*After 0.026 0.215%**  -0.056* -0.015 0.056**  0.179*** 0.020 -0.003
[0.018] [0.056] [0.031] [0.024] [0.027] [0.050] [0.046] [0.043]
Host Sibling 0.207*** (0.122%**  (.204***  (.272%**
[0.029] [0.047] [0.050] [0.051]
Biological Sibling 0.090***  0.005 0.071 0.145%**
[0.026] [0.043] [0.044] [0.046]
Year = 1999 0.011 0.055 0.019 -0.035 0.001 -0.038 0.047 -0.040
[0.015] [0.034] [0.024] [0.023] [0.026] [0.036] [0.043] [0.046]
Year = 2000 0.044%** 0.195***  -0.025 -0.059** 0.022 0.054 0.006 -0.073
[0.015] [0.038] [0.027] [0.023] [0.026] [0.037] [0.044] [0.045]
Constant 0.200***  0.018 0.310%**  (.247*%* 0.126***  (0.088***  (.215%**  (.100%**
[0.005] [0.013] [0.009] [0.008] [0.019] [0.029] [0.032] [0.033]
Observations 6656 1998 2449 2209 6656 1998 2449 2209
Number of children 2420 1074 1222 952
Number of households 489 445 420 393

Note: Standard errors in brackets. *, **, *** indicate significance at 10%, 5%, and 1% respectively. Dataset includes 640 host siblings, 994
biological siblings, 316 foster children, and 470 non-fostering household children measured over 3 years with the reference group being children
from non-fostering households. Columns 1 and 5 exclude 604 observations in which the children were under age 5 in a given year. In the age
restricted columns, I run the same child or household fixed effects regression but the dataset is restricted to include children of that age range. The
year dummies are interacted with an indicator variable for children from non-fostering households to capture the control group’s time trend. Data
source: Author’s survey.
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Table 9: OLS Regression Estimating Correlation Between Being Fostered as a Child and Income and Wealth

Dependent Variable = Dependent Variable =
Ln (Asset Value) Ln (Income)
(1) @) (3) @) 5) (©6)
Fostered as a Child 0.337%%* 0.279* 0.433***  (.376%***
[0.156] [0.154] [0.141] [0.142]
Foster duration < 5 years 0.542%*%* 0.468**
[0.246] [0.227]
Syears<=Foster duration<=10 years 0.269 0.402*
[0.229] [0.212]
Foster duration > 10 years -0.075 0.204
[0.287] [0.264]
Father in Position of Responsibility -0.183 -0.213 0.049 0.039
[0.146] [0.147] [0.134] [0.136]
Mother in Position of Responsibility 0.595**  0.569** 0.234 0.225
[0.232] [0.233] [0.214] [0.215]
Number of Father's Wives 0.083***  (.083*** 0.028 0.028
[0.026] [0.026] [0.024] [0.024]
Divorced / Widowed -0.407 -0.408 -0.548 -0.548
[0.365] [0.364] [0.336] [0.336]
Never Married -0.063 -0.067 0.192 0.188
[0.378] [0.378] [0.348] [0.349]
30< Age <=40 0.350%* 0.336* 0.575%**  0.568***
[0.182] [0.182] [0.167] [0.168]
40< Age <= 50 0.084 0.077 0.249 0.245
[0.208] [0.208] [0.191] [0.192]
50< Age <= 60 0.260 0.276 0.272 0.277
[0.196] [0.197] [0.181] [0.181]
Age > 60 0.141 0.150 0.143 0.146
[0.206] [0.206] [0.190] [0.190]
Businessman, Teacher, 0.722%** (. 719%** 0.454%** 0.449%**
Government Employee [0.234] [0.234] [0.215] [0.216]
Unemployed, retired -0.344 -0.181 -1.133 -1.053
[0.852] [0.859] [0.784] [0.793]
Primary Education 0.470**  0.513** 0.129 0.149
[0.208] [0.209] [0.191] [0.193]
Male 1.126* 1.248** 0.443 0.485
[0.581] [0.588] [0.535] [0.542]
Constant 10.837%%*  9.182%**  9.065***  11.160*** 10.301*** 10.261***
[0.064] [0.612] [0.618] [0.058] [0.563] [0.570]
Observations 445 445 445 445 445 445

Note: Standard errors in brackets. *, **, *** indicate significance at 10%, 5%, and 1% respectively. The omitted

categories for the dummy variables are age of the respondent is under 30, married for more than 3 years, occupation
is farmer, and duration of fostering is never fostered. For those respondents who were fostered, 36% were fostered
for less than 5 years, 39% were fostered for between 5 and 10 years, and 25% were fostered for more than 10 years.
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Table 10: OLS and Household Fixed Effects Regressions Using Extended Family Members to Estimate the Impact of Having Been Fostered as
a Child on Education, Occupation, and Living in a Rural Village

Dependent Variables: Education “Good” Job Farmer Rural
(1) ) 3) 4) (5) (6) (7) (8)
OLS HH FE OLS HH FE OLS HH FE OLS HH FE
Fostered as a Child 0.212%**  (.104%** 0.234%***  (.161%** -0.302%**  -0.105%* -0.219%**  -0.096*
[0.041] [0.028] [0.046] [0.046] [0.045] [0.053] [0.046] [0.053]
30< Age <=40 -0.022 -0.024 0.014 0.003 0.025 0.050%* 0.061%* 0.060**
[0.016] [0.016] [0.024] [0.026] [0.029] [0.030] [0.028] [0.030]
40< Age <=50 -0.045%**  -0.050** -0.044* -0.055* 0.119%** (. 113%** 0.162%**  (,154%**
[0.016] [0.020] [0.025] [0.033] [0.031] [0.038] [0.029] [0.039]
50< Age <= 60 -0.058***  -0.069*** -0.053* -0.080** 0.143%** (. 155%** 0.183***  (.186***
[0.018] [0.025] [0.030] [0.041] [0.035] [0.047] [0.035] [0.049]
Age > 60 -0.084***  _0.081** -0.192%**  .(0.226%** 0.193%**  (.178*** 0.267***  0.286%**
[0.014] [0.032] [0.027] [0.052] [0.039] [0.060] [0.036] [0.062]
Male 0.061%**  (0.065%** 0.252%**  (0.240%** -0.167%**  -0.160%**  -0.220%**  -0.225%**
[0.012] [0.012] [0.019] [0.019] [0.022] [0.022] [0.021] [0.023]
Constant 0.057***  0.064%** 0.107***  (.129%** 0.668***  (.648%** 0.669***  (.664***
[0.011] [0.013] [0.015] [0.021] [0.020] [0.024] [0.020] [0.025]
Observations 1922 1922 1838 1838 1838 1838 1921 1921
Number of Households 440 433 433 440

Note: Robust standard errors in brackets. *, ** *** indicate significance at 10%, 5%, and 1% respectively. All observations in the dataset are
brothers and sisters of the head of household. The fixed effects regressions are household fixed effects for brothers and sisters from the same
household. Education is defined as having attended school. “Good” job is defined as the individual being a businessman, government employee,
teacher, manual laborer, or another type of employee. Farmer is defined as the individual being a farmer and rural is defined as the person living in a
village. Data source: Author’s survey.
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Appendix Table 1: Household Fixed Effects Estimation Comparing Host Siblings and Biological Siblings

(1) ) 3) “) ) (6) (7 ®)
All All All Only Only Only Households  Only Only
Households Households Households Households Households Fostering for Households Households
Fostering for  Fostering for ~ Parent Death/ Fostering Fostering To &
Schooling Child Labor ~ Divorce/ Poverty =~ Within Same  From Cote
Reasons Reasons Village d’Ivoire/Ouaga
Biological Sibling *After -0.015 -0.030 -0.042 -0.082 -0.011 -0.178** -0.090* 0.003
[0.021] [0.026] [0.032] [0.119] [0.026] [0.071] [0.053] [0.041]
Biological Sibling -0.124%** 0. 181***  -0.107***  -0.177 -0.164%** -0.102 -0.2327%%* -0.231%**
[0.021] [0.026] [0.032] [0.114] [0.027] [0.069] [0.055] [0.042]
(Biological Sibling* After)* 0.029
Male [0.032]
Biological Sibling * Male 0.099%**
[0.027]
(Biological Sibling* After)* -0.020
Young [0.040]
(Biological Sibling* After)* 0.086**
Middle [0.038]
Biological Sibling * Young 0.050
[0.041]
Biological Sibling * Middle -0.070*
[0.039]
Young -0.125%**
[0.024]
Middle 0.139%#:*
[0.022]
Year = 1999 0.005 0.005 0.005 0.010 -0.002 0.024 0.022 0.007
[0.015] [0.015] [0.015] [0.055] [0.020] [0.044] [0.039] [0.030]
Year = 2000 0.018 0.019 0.023 0.030 0.002 0.124** 0.031 0.034
[0.016] [0.016] [0.016] [0.055] [0.022] [0.049] [0.045] [0.033]
Constant 0.314%#* 0.317%** 0.296%** 0.453 4 0.350%** 0.259%** 0.418%** 0.423%*
[0.015] [0.015] [0.019] [0.046] [0.021] [0.039] [0.042] [0.029]
Observations 4458 4458 4458 387 2566 475 632 1374
Number of households 309 309 309 29 190 36 57 101

Note: Standard errors in brackets. *, ** *** indicate significance at 10%, 5%, and 1% respectively. The regressions include all households that fostered a child in 1998, 1999,
or 2000. The household fixed effect is for the joint sender-receiver paired household. The dataset consists of 640 host siblings and 994 biological siblings measured over 3
years. All regressions exclude children under age 5. There are 444 observations where the child is under age 5 in a given year that were excluded from the regressions. The
omitted age category is children over age 12. Young children are aged 5, 6, or 7. Middle children are aged 8 to 11. Data source: Author’s survey.
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