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Impact Evaluation of Burundi’s 2018 Child Benefit Scheme

As of 2016, Burundi had a national Gross Domestic Product (GDP) per capita of 263 U.S.
dollars, which placed it as the world’s second poorest country (Haidara, 2012). The
multidimensionality of economic depravity in Burundi is further underscored by the reality that it was
also ranked 184 out of the world’s total 188 countries in the 2016 human development index (Sibanda
& Villararribas, 2018), making it also one of the world’s most developmentally-hindered nations. It is
a land-locked, sub-Saharan nation that has long been subjected to the harms of post-Cold War
conflicts (Mercier, Ngenzebuke & Verwimp, 2020). The presence of conflict not only initially injures
national development, economic security, human capital and the preservation of institutions, but
injures them in such a way that can lead to continual degradation of these factors and instigate
persistent conflict (Mercier, Ngenzebuke & Verwimp, 2020).

The damages affiliated with poverty extend beyond monetary depravity, but lend themselves,
in the longer term, to impede the ability of individuals to meet their basic needs in a sustainable
manner, among these needs being food, access to education and access to basic services like sanitary
resources and healthcare (United Nations DESA, n.d.). The nature of poverty in Burundi, where the
larger part of the nation—the World Food Programme estimated as high as 65 percent—lives below
the poverty line, becomes even more dire when acknowledging that upwards of 45 percent of the
nation’s population is under only 15 years of age (Sibanda & Villararribas, 2018, pp. 1-2). Applying
the multidimensional nature of poverty, which necessarily translates into minimized access to basic
goods for individuals to meet their most basic needs, to the context of Burundi’s extremely young
population highlights the need for any poverty reduction strategies to prioritize the needs of Burundi’s
young, poor demographics.

In line with these notions, UNICEF has implemented a poverty reduction program with the
alleviation of the afflictions of poverty on Burundi’s children as its generalized core objective. This
strategy employed a targeted, rather than universal, rollout of benefits through two main steps to
address those most vulnerable to poverty in Burundi: first, a proxy means test to identify the
households that are the most poor based on the assets they own or to which they have access/easier
access, and second, a categorical targeting strategy that selects households that have children who are
under 19 years of age and in which the head of the household is either unemployed or is employed by
the nation’s informal economy. For the households that did qualify for the program’s benefits, based
on these two targeting methods, UNICEF distributed cash transfers at a flat rate, and the value of
transfers were not dependent upon household size. On average, the transfers measured out to be 15%
of the baseline household consumption within the nation.

The issue that remains at hand is whether or not this poverty reduction program actually
served to alleviate some of the pressures associated with poverty, among those households that
received the treatment, and if so, the extent to which it achieved this alleviation. Further, there is a
designated interest in the specific outcomes that this programme had on: food expenditure, food
security, education performances of participating households’ youngest children and the mental health
wellbeing of households’ youngest children. These status of these, according to Burundi’s
government, can serve to indicate whether this program helped to benefit the grander wellbeing of
children in Burundi, and further, whether it is a worthwhile program to continue and expand in order
to ultimately diminish the harms of poverty among Burundi’s children. Each insight into the quality of
poverty reduction programs is beneficial to the overall effort to counter poverty and all of its
afflictions at large by demonstrating how and where future programs can improve.
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Data & Methodology

In order to perform this assessment, Burundi’s government provided a dataset collected by
their own Comité National de L'Information Statistique (CNIS), or the National Committee on
Statistical Information, to be utilized in the evaluation of their targeted child welfare intervention (UN
DESA Statistics Division, 2022).It is a panel dataset which offers insight, at the household level, into
the sample population via indicators and characteristics of social and economic well-being at both
pre-intervention and end-line points in time.

These variables, however, do not offer clear-cut measurements of the evaluation’s outcomes
of interest; that is, again, food expenditure, food security, education performances of participating
households’ youngest children and the mental health wellbeing of households’ youngest children. It is
a convention to utilize proxy measures in assessments of poverty, and especially of food security, due
to the abstract nature of these issues, which renders them inherently immeasurable on their own
(World Food Programme, 2009, p. 27). The dataset does offer variables which can be used as proxy
measurements of the indicators, and these are: total consumption of the household to measure food
expenditure and security, the test scores of the household’s youngest child to measure educational
performance and a hope index of households’ youngest children to measure the mental health
wellbeing of the youngest child.

This dataset provided by the government, although sparse, does contain sufficient information
to perform an evaluation of the program’s impact through the modality of a quasi-experimental
method. Among the three possible modalities of such an evaluation, this evaluation employs the
propensity score matching methodology of evaluation due to having variables at both points in time
and due to having more baseline characteristics than endline, which facilitates the matching of treated
and non-treated households which are included in the sample survey. In short, propensity score
matching is an “algorithm” (Essama-Nssah, 2006, p 5) which matches individuals in the treatment
group of the intervention with non-treated individuals, and calculates the probability of the individuals
being selected into program participation dependent upon observable characteristics which are
measured at the baseline of the program. Ideally, the matching should yield an unbiased estimation of
the average treatment effect on the treated individuals because the effect is, again, ideally, dependent
upon those baseline characteristics. Additionally, given the nature of the program’s targeting strategy,
which is categorical and, therefore, not at-random, there is a need to employ a methodology that can
still derive a certain level of causality between the program and its impacts without randomization
(Essama-Nssah, 2006). Further, because the treatment selection is not completely random, there is a
need to recognize the characteristics that are similar among those who are selected for treatment to
understand more fully the true effects of the program (Essama-Nssah, 2006). Propensity score
matching is a helpful technique of non-experimental impact evaluation which fits these constraints at
hand.

In order to conduct this evaluation, there are three core steps. First, a binary model of program
participation must be established; this means to select the characteristics, among the total amount of
those provided, that offer information on baseline characteristics of the sample which are determinants
of program participation. These characteristics, too, will be the guides for matching treated and
non-treated households. The characteristics used in this instance were: the age of the household’s
youngest child, a binary indicator of whether or not the household’s parents are alive, a binary
indicator of whether the household is located in a rural area at the baseline, an asset index
measurement from the baseline, the household size at the baseline, the score of the youngest child’s
math test at the baseline and the household’s total consumption at the baseline. There is a need to not
include too many variables in this step, otherwise the heightened dimensionality of potential selection
makes difficult the ability to match treated with non-treated individuals due to overspecification.
Second, the region of common support must be defined, and the binary model of program
participation must be assessed for balance, as balance is a necessary requirement for a substantive and
accurate evaluation. The region of common support refers to the overlap of distributions of propensity
scores, which are assigned via the binary model, among groups of treated and non-treated households.



5

The region of common support, too, speaks to the similarity of these groups, and for this purpose, the
more similarities between groups, the better, as it provides a better insight into the program’s impact.
Thirdly is matching treated and non-treated groups, utilizing one of four methods: nearest-neighbor
matching, radius matching, stratification matching and kernel matching. One of these methods is
selected, and the remaining three are also performed later on for robustness checks to ensure that the
results of the evaluation are reliable.

Results & Analysis

Applying the methodology of the propensity score matching technique to this intervention
offers more specific insights into how the treatment of these cash transfers on the treatment group,
based on the characteristics that inclined
them to be selected for treatment.

Descriptive Statistics
The dataset has a total of

3,632 observations, where each
observation is household level
data. Of these, 490 households
received treatment and 3,142 did
not. As Table 1 indicates, those in
the treated group have a higher
amount of consumption on average
than those in the non-treated
group, and the overall
consumption average at the
baseline. This, however, does not
give perfect insight into the
poverty of these households
because they may have higher consumption due to other factors, like having more members in

the household. These same findings
hold up at the endline, as well. This
suggests that Burundi’s poor may not
necessarily consume less.

The seemingly counterintuitive nature
of the above descriptive statistics of
the treated and non-treated groups’
consumption is also captured in Figure
1, which demonstrates how biased the
covariates are, before and after
matching treated with non-treated
households. The consumption baseline
variable maintains a substantially,
comparatively large amount of bias
prior to matching, meaning that using
consumption on its own as a condition

of selection for treatment would not yield an unbiased estimate of the probability that a
household is selected for treatment. In other words, this means that consumption at the
baseline is not, on its own, truly indicative of the nature of poverty as it exists in this context.
Thus, the other six covariates were included so as to reduce the bias of selection which would
have occurred if consumption at the baseline was used on its own.
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After matching treated and non-treated households, the binary model of treatment
yielded a region of common support from propensity score .03286087 to propensity score
.31447134. This means that the region of common support, using these variables for the
model, captured 3,627 of the households in the sample and left only 5 households out of it.

This overlap is
visualized in This
indicates that, based on
these variables for
matching, the treated
and non-treated groups
are heavily similar. This
ultimately benefits the
analysis due to the goal
of it being that the
effects of the treatment
are measured as an
outcome of the
observable
characteristics rather
than on receiving the
treatment alone.

Robustness Check
As mentioned in an earlier section, there is a need to attempt multiple modes of

matching to ensure that the evaluation technique yields robust results regarding the average
treatment effect on the treated group. Addressing the first outcome of concern, food
expenditure, the consumption endline variable was used as a proxy in assessment. As
demonstrated in Table 3, there was a statistically significant effect of the program on the
treated households’ food expenditure, indicated through the statistically significant t-values
across all four of the matching techniques, at the 1% significance level. Because the same
indicator was utilized for the food security outcome, it yielded the same results, as
demonstrated in Table 4.

These outputs signify that, among the treated group, the program had an average treatment
effect within the range of 533.472 to 933.918; this means that, based on the nearest neighbor
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mode of matching, for those who were treated, their consumption increased, on average, by
533.472 units.

In terms of the educational outcome, the treatment did not have as great of an effect on the
educational performance as it did on the food outcomes. The variable used in this instance
was the endline science test score of the youngest child, as a proxy of education performance,
and among the treated group, had a mean of -.01734475 , which speaks to why the average
treatment effects in this output are so small.

All of these average treatment effects are statistically significant, as indicated by the t-values
which are all statistically significant at the 1% level. This output can be interpreted to mean
that, for those that received treatment, using the nearest neighbor matching technique, their
youngest child’s test score increased, on average, by 0.051 units. Based on the average test
score of the treated group, this seems to be a significant benefit of the treatment.

Finally, the outcome regarding the mental health well-being of the youngest child
demonstrates that there was a statistically significant effect on the hope index of the youngest
child at the endline by the treatment, indicated by the t-values which are all statistically
significant at the 1% significance level.

Utilizing the output from the nearest neighbor matching technique, for those who received
treatment, their youngest child’s hope index value increased, on average, by 0.307 units. This
is regarding a variable that ranged from 2.099 to 7.672 with a mean of 4.2703, so it might not
be as great of an impact as on above outcomes, but it is still significant within the context of
that variable’s measurement.

Heterogeneous Impact
Overall, this evaluation also demonstrated that the average effect treatment had on the

treated group was different among different demographics of the treated population, most
namely being those households that were treated and were located in rural and non-rural areas
at the baseline and those that were treated and had heads that were unemployed or not
unemployed.

In Table 7 the difference among those who were treated and were located in rural
areas is demonstrated, across the four outcomes of interest in this analysis. Though many of
the figures were not statistically significant, the outcomes in food expenditure, food security
and mental health wellbeing of the youngest child all indicate, with statistical significance at
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the 1% significance level that those households in rural areas reaped more benefits from the
treatment than those whose households were not located in rural areas at the baseline.

This difference among groups, too, is present in assessing the average treatment effect
on the treated group among those households whose heads were unemployed at the baseline
versus those that were not unemployed. Here, again, it is made clear that in the areas of food
expenditure, food security and mental health wellbeing of the youngest child, there is a
statistically significant difference, at the 1% and 5% significance levels, between those who
received treatment with an unemployed household head and those with a non-unemployed
household head.

Ultimately, these differences signify the need to angle future policy interventions that
aim to reduce poverty at those households in rural areas and with unemployed heads, because
they reaped a comparatively larger benefit from the treatment than those that were not rural
households or households with an unemployed head.
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Policy Recommendations and Conclusion

Recognizing the heightened vulnerability of Burundi’s rural and unemployed populations
signifies the need for future poverty reduction strategies to acknowledge these demographic
vulnerabilities and target them specifically. These two demographics, however, collectively point to a
potential opportunity that exists in the overlap of their domains: the agricultural sector of the economy
(International Finance Corporation, 2022; Mercier, Ngenzebuke & Verwimp, 2020; Sibanda &
Villararribas, 2018). As of November 2022, the World Bank Group noted that despite Burundi’s main
agricultural exports, which are coffee, tea, cotton and palm oil, make up less than 5% of the nation’s
GDP, there is a major dependency on these exports in the nation's economy in the areas of
employment, national revenues and foreign exchange (International Finance Corporation, 2022, p. 4).

As it exists now, Burundi’s agricultural sector does not exploit its own full potential in the
areas of employment and diversity of products; it is additionally hindered due to difficulties
surrounding the acquisition of rural land to be used in agriculture, lack of knowledge regarding
updated sustainable agriculture technologies and lack of local branding, competitiveness and market
knowledge (International Finance Corporation, 2022). Ultimately, liberalization of the agricultural
sector, to which the government has already expressed their commitment under the current regime,
will allow more private enterprises to participate in the public agriculture market (International
Finance Corporation, 2022, p. 47). This, in turn, will help to stimulate job creation for the
demographics that were identified as the most vulnerable in this evaluation: those in rural areas and
those who are unemployed household heads (International Finance Corporation, 2022, p. x). Beyond
the fiscal benefits of expanding this sector, overall agricultural sector development could, in the
longer term, also serve to alleviate some of the harms associated with food insecurity in Burundi,
especially if additional products like animal protein and cereals receive investments from private
enterprises as a result of liberalization (International Finance Corporation, 2022, p. 44) as they would
allow Burundi to spend less of its finances on importing those products.

Overall, the nature of poverty in Burundi is underlined by its extremely young population, and
those who are in rural areas or live in households with an unemployed head experience a heightened
risk of food insecurity compared to those who do not have those characteristics. To substantively
counter poverty as it exists in Burundi necessitates the prioritization of these demographics in any
such efforts. Though it is the world’s second poorest nation, Burundi maintains a unique area of
opportunity to alleviate its poverty and reverse the stunting of its developmental capacities.
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Appendix

Appendix 1: Propensity Score Comparison

Figure 7: Comparison of Propensity Scores by Treated and Non-Treated Groups

Appendix 2: Propensity Score Comparison 2

Figure 8: Two-way Vertical Comparison of Propensity Scores by Treated and Non-Treated Groups


