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ABSTRACT

Poverty reduction programs modeled on BRAC's graduation approach build up both tangible
productive assets and intangible psychosocial assets such as self-confidence and the aspiration for
upward mobility. The goal of this paper is to better understand how psychosocial factors operate
and shape the impact of graduation programs. After deriving a set of hypotheses about the
impacts of psychosocial constraints from a dynamic optimization model of the choice between a
low income, casual wage-labor occupation and a higher earning entrepreneurial activity, this
paper exploits a randomized controlled trial of a graduation program implemented in the
pastoralist regions of Northern Kenya. Key empirical findings include that the estimated highly
favorable average treatment effects disguise substantial heterogeneity, with beneficiaries who
began with severe depressive symptoms gaining little from the program. The RCT's saturation
design also allows us to identify substantial spillover effects onto the asset accumulation of
women who were not enrolled in the graduation program. Spillovers are also estimated to
positively affect non-beneficiary women's preference for upward economic mobility, providing a
plausible explanation for their accumulation of capital despite no direct support from the
graduation program. The paper draws out the implications of these findings for the cost-effective
design and implementation of graduation programs.
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1 Introduction

Multifaceted “graduation” programs transfer tangible productive assets and also intensively
mentor transfer recipients to build up their skills, self-confidence and aspirations.! Asset
transfers are meant to relax capital constraints, whereas mentoring is meant to relax what
Bossuroy et al. (2022) call psycho-social constraints to asset accumulation and the shift to
more productive livelihoods and occupations. While capital constraints are relatively well-
understood, our goal in this paper is to better understand psychosocial constraints, how they
operate and how they shape the direct and spillover impacts of graduation programs.

We begin with a dynamic stochastic optimization model of the choice between a low
income, casual wage-labor occupation and a higher earning but risky business activity that
relies on capital and entrepreneurial acumen. This model elucidates the potential sources of
the pronounced heterogeneity in impacts that has been empirically observed in evaluations of
graduation programs (e.g., Bandiera et al. (2017) and Gobin et al. (2017)). When combined
with insights from the economics of depression (de Quidt and Haushofer (2016)), the theory
suggests an empirical strategy for identifying one important source of that heterogeneity,
namely the severity of initial depressive symptoms in the beneficiary population. In addi-
tion, we also use the theoretical occupational choice model to illustrate how a graduation
program might be expected to relax psychosocial constraints through an endogenous prefer-
ence mechanism that operates through the “sour grapes” or adaptive preferences described by
Elster (1983) in which preferences adapt to constraints. Importantly, the theory illustrates
how this endogenous preference mechanism would be expected to generate social spillovers.

To examine the empirical veracity of these ideas, we implemented a randomized con-
trolled trial of a woman-targeted graduation program implemented by the BOMA Project
NGO in the pastoral regions of Northern Kenya. We first show that conventionally mea-
sured average treatment effects (ignoring spillovers) are sizable, as treated women’s holdings
of productive assets, family cash income and financial savings all significantly increase by

414%, 12% and 500% 24 months after the program began. However, hiding beneath these

!This approach was pioneered by the NGO BRAC which had noticed that their signature micro-credit
programs were not appropriate for the poorest. BRAC thus developed their “Targeting the Ultra-Poor,” or
TUP program that intended to build the tangible and intangible assets of the poorest such that they were
ready to graduate to micro-credit (see the discussion in Hulme and Moore (2008) and Hashemi (2011)).



average treatment effects is substantial impact heterogeneity. First using an a-theoretic con-
ditional quantile analysis, we show that approximately 25% of the beneficiary population
experienced no benefits form the program, a finding similar to those in the Bandiera et al.
(2017) and Gobin et al. (2017) studies. Digging deeper, and following the lead of our theo-
retical modeling, we show that the almost 20% of the beneficiary population that exhibited
severe depressive symptoms at baseline had drawn down about half the assets transferred to
them, had experienced no income gain, but had built up savings stocks at a rate similar to
that of non-depressed women.

To explore endogenous preference effects and social spillovers, we leverage the rollout
and saturation design of the RCT which allows us to define an exposure measure to benefi-
ciaries of the BOMA graduation program. Defined as the probability that a random social
interaction would be with a BOMA project beneficiary during the 24-month period between
the baseline and follow-up, this measure varies between 0 and 60%. Using this measure
reveals statistically significant spillovers on both beneficiary and non-beneficiary women.?
For non-beneficiary women, the impacts suggest an asset accumulation rate at 25% of that
for beneficiary women, even though the former received no direct asset grant or other sup-
port from the BOMA program. Employing a ladder-of-life-based measure of the desire for
upward economic mobility, we show that a plausible explanation for these real spillovers is a
statistically significant impact of exposure to BOMA beneficiaries on the non-beneficiaries’
preference for upward mobility.

The remainder of the paper is organized as follows: Section 2 presents the dynamic
optimization model of occupational choice and highlights its key implications regarding psy-
chosocial constraints. Section 3 describes the BOMA Project graduation program and the
research design employed to assess its direct and spillover impacts. Section 4 estimates aver-
age treatment effects and impact heterogeneity related to baseline mental health indicators.
Section 5 introduces the spillover exposure measure and estimates its effects on economic
variables and preferences. Finally, Section 6 concludes by discussing the implications of these

findings for designing more cost-effective graduation programs.

2Taking these spillovers into consideration and calculating the total causal effect of the BOMA program
raises the benefit-cost ratio by 29%.



2 Theoretical Perspectives on Psychological Assets and
Graduation Programs

Poverty trap models that allow exploration of non-linear asset dynamics offer a compelling
framework to understand the situations of individuals targeted by graduation programs who
seem trapped in chronic poverty. This section begins by presenting a dynamic stochas-
tic model of occupational choice. It is demonstrated that this model predicts systematic
heterogeneity in the outcomes of graduation programs, which can potentially be identified.
Furthermore, the latter part of this section illustrates how endogenous "adaptive" prefer-
ences would be expected to operate and generate spillover effects from treated to non-treated

populations.

2.1 A Dynamic Theory of Occupational Choice and the Hetero-

geneous Impact of Graduation Programs

Consider an economy comprised of individuals each endowed with an initial level of wealth
(kjo) and a level of entrepreneurial skill (a;), as suggested by Buera et al. (2014). Note that
for individuals who have never been entrepreneurs, «; is a latent variable. In this model,

individuals can devote their resources to one of two different occupations:
e Casual Wage Labor which generates income Fj{ = wo + f*(kj;); or,

e Entrepreneurial Occupation which generates income Ff, = (wo — A) + a; f(kjt).

Note that wy is the returns from full-time work in the causal labor market. Income can also be
earned from accumulated capital wealth, through either a low-return investment associated
with the wage labor occupation (F'"), or a higher returning entrepreneurial investment (F'¢)
that requires withdrawal of a discrete amount of time from the labor market (to run the
business), w%, and is sensitive to the agent’s level of entrepreneurial skill. We assume that
both investment functions are increasing and concave in k,® that f.(k) > f,(k)Vk and that

0 < A < wy. Combining these two income generation processes yields a a non-concave

3This assumption of course allows f* to be linear in k, as it would be if capital under the casual wage
labor were put into a simple savings, or buried in the backyard, earning no interest.



income possibility set with locally increasing returns to scale: F' (a, k) = max [, F¢].* To

ease discussion, we assume that earnings from casual wage labor occupation are below the

poverty line and that someone who persists in that occupation is chronically poor.
Following Tkegami et al. (2019), we assume that capital wealth is subject to shocks and

evolved according to:
kjerr = (kje + f(Kjt) = ¢it) (B2 — 0)

where ¢j; is consumption, 0 < ¢, < 1 is a random capital depreciation shock with known
probability distribution function and § is a standard, fixed rate of capital depreciation.’®
To study the dynamics of occupational choice and consumption dynamics, we assume

that individuals solve the following inter-temporal maximization problem:
max E@Z Bru(ci)
“t =0
subject to:
(1) Cjt < kje + Flag, kji)
F(aj, kjt) = max [F*, F¥]
kjerr = (Kje + (ki) = ¢je) (05141 = 9)

ki > 0

where Fj is the expectation taken over the distribution of the negative shocks and f is the
time discount factor. u(c;;) is the utility function defined over consumption.

The key question that this model allows us to address is from which positions in the
a, k space is it optimal to accumulate capital and adopt the higher income, entrepreneurial
occupation. Figure 1, taken from Ikegami et al. (2019), provides the answer to that question
based on numerical analysis of dynamic optimization problem 1. The horizontal axis mea-

sures the entrepreneurial skill parameter, «, while the vertical axis measures initial tangible

4Note that even an individual trying to join the entrepreneurial class will operate the wage labor process
until she has sufficient capital to make it worth while to begin to run the entrepreneurial technology.

5Under this specification, both terms of capital are subject to depreciation through theft or other mech-
anism of loss.



Figure 1: Optimal Occupational Choice & The Heterogeneous Impact of Asset Building
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productive capital, k. For purposes of this graph, we assume that decision makers know
their true skill parameter. The probabilities associated with the heat map (and captured in
the side bar in the figure) measure the chances that the individual will, in the long-run, end
up in the high earning, entrepreneurial equilibrium.®

As can be seen, the probability of escaping the low earning, casual labor occupation

(and chronic poverty) is 0 for initial positions on the west side, or yellow-colored portion

of the diagram. The boundary between this portion of the diagram and the portion where

6To derive these probabilities, we numerically solve the model for a wide array of initial asset positions
over a number of randomly drawn shock sequences. Specifically, for each of 1500 initial positions evenly
distributed across the initial endowment space shown in Figure 1. The infinite horizon model was solved for
each asset position, generating an optimal consumption value as well an optimal asset holding. A random
shock was then generated, assets were updated and infinite horizon model was again solved for each updated
asset position. This procedure was repeated 60 times, yielding a single history of consumption, income and
assets for each initial asset position. At the end of each 60-year, an indicator variable was formed indicating
whether or not the individual was pursuing the wage labor or the entrepreneurial livelihood in period 60.

This entire process was then repeated 1000 times, generating 1000 histories for each of the 1500 initial
endowment positions. The heat map in Figure 1 displays the probability that an individual at the indicated
initial asset position will end up at the higher income entrepreneurial occupation across the 1000 histories.



that probability falls becomes greater than 0, demarcates what Tkegami et al. (2019) call
the Micawber Frontier. From asset positions west/south-west of that boundary, it is not
dynamically optimal in the sense of optimization problem 1 to even attempt to become an
entrepreneur. To the north/northeast of that boundary, it is optimal to try to accumulate
and advance to the higher income entrepreneurial equilibrium. However, as can be seen, not
everyone who attempts to advance will succeed in the stochastic environment captured in
the optimization problem as the probabilities of escaping poverty just to the right of the
frontier between 1 and 0.

As can also be gleaned from the figure, there is a critical minimum value of «, below
which it is not optimal to stay at the high equilibrium even if the individual were gifted a
large capital stock. Foreshadowing later discussion, this would be true even for an individual
who incorrectly perceives her entrepreneurial capabilities to be below «y,. Note also, that
individuals with values of o > «ay, will (almost) always escape chronic poverty and move to

the high income entrepreneurial equilibrium.

2.2 Implications of Dynamic Model for Graduation Program Im-

pact Heterogeneity

We can use Figure 1 to derive predictions about the impact of a graduation program like that
implemented by the BOMA Project in Northern Kenya. By design, graduation programs
are means-tested based on observable characteristics. For illustrative purposes, we assume
that any individual observed with capital below the dashed horizontal line is eligible for the
graduation program, whereas those above it are not. Under the numerical parameterization
used to derive Figure 1, this horizontal line is approximately mid-way between the low and
high steady state capital stocks. As discussed earlier, multi-faceted graduation programs
transfer tangible assets, moving beneficiaries to the north in the figure. They also transfer
intangible assets including hard entrepreneurial skills, as well as soft skills intended to boost
beneficiaries confidence in their own capabilities. This second transfer is portrayed as a
rightward shift in Figure 1.

We have projected onto the figure four types of asset positions, labelled A to D. We



illustrate the first order impact of the graduation program as a shift to the northeast, moving
a beneficiary at A to A’, B to B’, etc. We can use the probabilities shown on the graph to
predict the expected outcome of the graduation program on each of these stylized positions.
If we assume that individuals are distributed across the entire domain of o values shown in
the Figure, then we can immediately appreciate the heterogenous impacts that this stylized,
multi-faceted graduation program will have. Four kinds of impacts are possible depending
on the individual position in the tangible-intangible asset space (impacts means impact
relative to an otherwise identical individual who did not receive and was uninfluenced by the

program):

1. Position A: The asset building transfers move the individual to point A’, but are inad-
equate to move the individual above the Micawber frontier. The optimization problem
above implies that the optimal policy for the individual is to draw down (consume)
their tangible assets such that in the long-run the individual ends up at the low level
equilibrium. Were we to compare that individual to an otherwise identical person who
did not receive the transfers, we might observe short-term effects on consumption and

income, but in the long run the impact would be zero.

2. Position B: The Asset transfers move the individual into the multi-colored band, where
she may or may not succeed in reaching the high equilibrium (note that B’ is in a
position where the chances of escaping the low equilibrium is only 25%). Average
causal impacts of a graduation program for individuals in this position would be a mix

of those who escaped the low level equilibrium and those who did not.

3. Position C: Graduation program asset transfers would move this person to position
C', which is firmly in the zone where the probability of reaching the entrepreneurial
equilibrium in the long term poverty is quite high. Impacts for individuals in this posi-
tion (compared to someone at C' who did not receive the program) would be expected
to be substantial over the long-term as beneficiaries would likely move from the low to

the high equilibrium.

4. Position D: Individuals beginning at point D would also be predicted to move the

high equilibrium in the long run. While graduation program transfers would help



them approach the high equilibrium more quickly than a control person at position
D, the longer term impact would be predicted to be zero as the control person is also

predicted to escape poverty and also end up at a similar long-run position

As this overview of the possible impacts of a graduation program makes clear, any average
treatment effect estimated from a well-balanced sample would be expected to be a data-

weighted average of these different, and highly heterogenous, effects.

2.3 Economics of Depression and the Heterogeneous Impact of

Graduation Programs

As is apparent from Figure 1, the expected impact of a graduation program will depend
fundamentally on an individual’s initial wealth and their entrepreneurial acumen. While
conditional quantile analysis can reveal some information about impact heterogeneity (see
Section 4.2), one barrier to a more structural analysis of heterogeneity stems from the fact
that entrepreneurial skill («) is not directly observable. Importantly, entrepreneurial skill is
not only unknown to the econometrician, but it is also unknown to most chronically poor
women who do not have lived experience as entrepreneurs. While we might imagine that
in the absence of empirical evidence, most women would hypothesize themselves to have an
average level of «, there is one, observationally distinguishable group that we would expect
to systematically understate their true entrepreneurial skill.

Citing psychiatrist Aaron Beck’s exposition on depression (Beck, 1967), de Quidt and
Haushofer (2016, 2019) note that depression leads individuals to underestimate their intrinsic
abilities. Depression, considered one of the most common mental illnesses, specifically major
depressive disorder, encompasses a constellation of disruptive symptoms affecting mental
well-being. This well-being is defined as ‘a state in which the individual realizes their abilities,
can cope with life’s normal stresses, remains productive, contributes to their community’
(World Heath Organization, 2017). Formally modeled by these authors, depression prompts
individuals to behave as if their entrepreneurial efficacy or skill (analogous to « in our model)
is lower than its actual level. Given that impoverished women trapped in the low equilibrium

lack personal experiences to counterbalance this underestimation, we can hypothesize that



depression influences decisions as if individuals are situated on the left side of Figure 1. Even
assuming that there is no intrinsic correlation between entrepreneurial skill and depression,
this perspective suggests that women with depressive symptoms will disproportionately act
as if they are low skill types.” Section 5.3 will return to use this insight to see if lower
graduation program impacts are indeed found amongst those with high baseline levels of

depressive symptoms.

2.4 Adaptive Preferences and the Psychosocial Spillovers of Grad-

uation Programs

While graduation programs could generate an array of spillover benefits (see Section 5 below),
this section lays the conceptual foundation for a specific type of spillover that could be
particularly relevant in our study area, namely one that operates through an endogenous
preference mechanism. Specifically, we build on the notion of adaptive preferences put
forward by Elster (1983). Elster argues that although conventional economic analysis views
the preferences that guide utility maximization as independent from the constraints that
limit the maximum achievable utility, the latter in fact can reshape the former. To illustrate
the notion that preferences adapt to constraints, Elster draws on the Aesop’s fable, “Sour
Grapes.” In the fable, a fox wants to enjoy a bunch of grapes hanging from a vine. Despite
multiple attempts to reach the desired grapes, the fox can never reach the not quite low-
hanging fruit and ultimately walks away saying he did not really want the grapes after all
because they were sour. In the fable, constraints cause preferences to change.

One approach to encapsulate Elster’s concepts is by proposing that we deduce our poten-
tial highest achievable living standard by observing individuals whom we perceive as similar
to ourselves. This aligns with Appadurai’s notion of an ’aspiration window,” which individ-
uals use to assess whether others are sufficiently akin to them to serve as credible models for
adopting reasonable levels of living standards (Appadurai, 2004). For a person i we write

this perceived maximum attainable living standard as ¢(cy(;)), where ¢y is the vector of

"de Quidt and Haushofer (2016) also note that depression can lower effective labor supply. Incorporating
this insight into the model above as an decrease in wyp, will result in a further shift right in the Micawber
threshold, again making it more likely that depressed people will find themselves in a position like A in
Figure 1.



Figure 2: Adaptive, Sour Grapes Preferences
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observed living standards of those in #’s social reference group ¢(i).* The notion of adaptive
preferences is that we sour on living standards that we see as unattainable, undervaluing
living standard advances beyond ¢ relative to what we value them if we thought they were
attainable. In other words, adaptive preferences suggest an endogenous consumption thresh-
old beyond which the utility function flattens out, indicating that we expect few gains in our

subjective well-being from material advance beyond the threshold level:

ul(cy)if ey < ¢(cq(s))
u(ey) =
ul(cit) otherwise

Figure 2 illustrates this preference structure. The upper, dashed-blue curve is a standard
constant relative risk aversion utility function. The lower solid, orange curve represents
an adaptive preference function for an individual who sees her maximum attainable living
standard as ¢. Adapting to that constraint, the individual ascribes little incremental value
to advance beyond ¢ as the utility function flattens out beyond that level.

The notion of a threshold consumption level where preferences discontinuously change

has featured in a number of models of endogenous preferences (e.g., Genicot and Ray (2017),

8For example, ¢ could be the mean, median or max of the vector Cq(i)-
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Lybbert and Wydick (2018)). Adaptive preferences as presented here is built on the notion
that we are happier (less frustrated) when we do not highly value unattainable living stan-
dards and instead are happy enough with the attainable. Elster suggests that this tendency
to devalorize what we see as unobtainable is consistent with cognitive dissonance theory.’
Section 5.3 below presents a strategy for empirically measuring endogenous adaptive
preferences. We close this section by using the dynamic occupational choice model (1) to
illustrate the behavioral implications of a shift in endogenous adaptive preferences. The
probabilities for upward mobility illustrated in Figure 1 were derived assuming adaptive
preferences with a low critical value, set in the vicinity of the steady state income for some-
one pursuing the poor, informal wage-labor occupation. We then ask what happens if the
threshold level shifts up to the steady state level of the entrepreneurial occupation, perhaps
because members of the community begin to move forward economically. Figure 3 shows the
results of resolving the dynamic model using these new preferences. The color scale shows
the change in the probability of reaching the entrepreneurial equilibrium after the preference
shift. The black solid curve projected across the figure is the Micwaber Frontier from Figure
1. As can be seen, the largest change in the probability of economic advance are for those
endowment positions that are just to the west of the original Micawber Frontier. A shift
in preferences fundamentally alters behavior for individuals at these endowment positions,
indicating that the preference change would induce them to try to accumulate productive
assets and reach the higher income entrepreneurial equilibrium Note also that the preference

change has no effect on the behavior of those far away from the original Micawber Frontier.

3 Program Intervention and Research Design

This study examines the impacts of the REAP program on its participants and those in
their community. It is part of a larger agenda that is assessing not only the impacts of

REAP, but also the impacts of the Index Based Livestock Insurance (IBLI)!? product, and

9Economic analyses that draw on cognitive dissonance theory include Montgomery (1994) and Laajaj
(2017).

10TBLI is a commercial insurance product that households can purchase from Takaful Insurance of Africa.
IBLI policies last 12 months and make payouts if a proxy for forage conditions in the insured area fall
below a threshold. The proxy is based on the Normalized Differenced Vegetation Index (NDVI) collected

11



Figure 3: Endogenous Preferences & Change in the Prospects of Upward Mobility
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will test for synergies between the two. The larger agenda included randomized treatments
of both REAP and IBLI and has three waves of data collection: 2018, 2020, and 2022. This
manuscript focuses on the heterogeneity of REAP’s impacts and its spillovers on others. As
will be discussed in the following section, the research design was developed specifically to
examine REAP’s spillovers, but does so using only the 2018 and 2020 data. At the same
time, the assessment of IBLI requires data from the 2022 collection, which is after several
droughts had moved through the region. For this reason, we leave the discussion of IBLI
and related treatments out of this manuscript, except for those cases in which it is relevant

for this study.

by NASA through sensors located on satellites and processed by the USGS. More on IBLI can be found at
https://ibli.ilri.org/. For more on NDVI, visit https://www.usgs.gov/landsat-missions/landsat-normalized-
difference-vegetation-index.
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Figure 4: Intervention and Study Design
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3.1 The REAP Graduation Program

The REAP program aims to help poor women move out of, and stay out of, poverty by pro-
viding financial and business training, and mentoring participants as they develop and launch
a local business. The REAP intervention targets the poorest women using a community-
based assessment procedure known as the Participatory Rural Appraisal (PRA). ' Once
identified through the PRA, BOMA staff then visit each of the PRA-qualified households to
verify that they are consistent with their PRA classification and to determine if they have
a member that is eligible for the REAP program. Eligibility requires that the participant
is female, is of productive age, is of sound mind, is a permanent resident of the community;,
and does not suffer from drug addiction. '2

Once enrolled, participants of the REAP program receive mentoring and skills training
from a BOMA staff member throughout the duration of the program. BOMA staff also
help participants form into 3-person business groups and to develop a business plan. Upon
approval by the mentor, the 3-person business receives a seed grant worth approximately
USD200 with which to purchase any needed assets and the starting inventory for the business.
A “jump grant” worth approximately USD100 is provided to the business after three months
of operation as long as they have been adhering to the principles of the program. The left
panel of Figure 4 coarsely illustrates the timelines of the REAP intervention.

BOMA relies on full-time staff, called mentors, to implement the REAP program. Each

mentor is assigned a catchment area and is responsible for the training and monitoring of

11The PRAs involve working with community members to identify locally defined wealth groups and then
allocating community members into them. It is common for communities to agree on four to five wealth
categories and allocate about half of the households into the lowest two categories. No matter the number
of wealth categories that the communities uses, BOMA targets women from the lowest two.

12Reportedly, alcoholism is common disease in some regions that BOMA operates in and can cause con-
siderable dysfunction among the business members.

13



participants in their area. For practical reasons, the mentors enroll and implement the REAP
intervention in waves, so that at any point a mentor might be working with women that are
at several different stages of the REAP program in the same community. These waves are

commonly rolled out every six months.

3.2 Research Design

This research was implemented in northern Samburu County, Kenya. This study region was
selected because the BOMA Project had plans to launch REAP there (relevance) but had
not yet done so (uncontaminated). The pastoral and agro-pastoral communities of northern
Samburu County are similar to the communities that BOMA works with across northern
Kenya; they are remote, suffer from high levels of poverty, and they are often unable to take
advantage of and, or are overlooked by government and development interventions. Most
households live in relatively small clustered settlements called manayattas. In the remainder
of this paper, we will simply refer to manyattas as communities.

The study’s research design and sample selection was performed to ensure comparability
between the treatment and control groups. To begin with, BOMA completed the PRA and
verification process, and then provided the research team with a roster of REAP-eligible
women. The research team then stratified the roster by community, and used a random-
ization process to distribute participants into those that would participate in the study and
those that would enter the pool of REAP-eligible, but non-study, individuals. Within each
community, those that were selected to participate in the study were provided with a ran-
dom rank. When it was time to enroll new participants in REAP, those with the lowest
rank were offered the opportunity to enroll in REAP. If they excepted, they were then desig-
nated “anchor women”. Each anchor woman would then select two women from the pool of
REAP-eligible non-study individuals to participate in their 3-person REAP business. This
approach allowed us to maintain an uncontaminated and relevant control group, while also
maximizing the power of the sample size by splitting all the REAP-treated study partici-
pants into different REAP businesses. Further, it provided a clear and exogenous process

for identifying study participants that would be recruited for the next wave of REAP in a

14



context in which we expected reasonably high attrition.!3

In total, 88 communities participated in the project at baseline and the number of control
and anchor women selected in each community was set in proportion to the number of
REAP-eligible women in each community. A sample of 1,502 REAP-eligible women enrolled
in the study, and the study had a target of 700 anchor women that would participate in
the REAP program. The study also included a sample of 373 “vulnerable” women from the
same 88 communities that were drawn from the population identified in the PRAs as being
from the wealth category just above the REAP-eligible threshold. We call these women
“vulnerable” because they are close to, but not in, the REAP-eligible (poorest) categories.
These vulnerable women were not eligible to receive the REAP treatment but could be
impacted by spillovers from it and were eligible to receive the IBLI treatment. As Section

5.1 discusses in detail, the RC'T was designed to detect spillovers on to all sub-populations.

3.3 Integrity of the experimental design

Table A2 in Appendix B present the baseline test for the outcome variables used as the
primary outcome measures in the study. Panel A presents the mean comparisons and t-tests
for equality of means between the treatment and control groups of poor households in the
sample. The treatment status is defined based on assignment to treatment by the endline
survey. We observe no significant difference in either the primary outcome variables or the
household characteristics at the baseline. While the difference of means of treatment and
control poor households on household earnings is significant at the 10% level, the aggregate
test, reported in Panel B of Table A2, finds that we are not able to reject the equality
of means across all the measures (p-value = 0.11). Overall, the sample balance was good
between the treatment and control poor groups.

Table A3 in Appendix B presents an analysis of survey attrition for both midline and

endline data collections. The follow-up rate was excellent. We managed to survey 92% of

13During the study design phase of the project, we assumed that attrition rates between the 2018 and 2020
study would be a relatively high rate (10%) in part because the population is migratory by nature and we
planned to drop households that moved out of the study region and becuase there would be a large number
of study participants—both those that would be control and those that would not enroll in REAP unitl later
waves—that were not recieving any engagements from the project at all.
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baseline respondents in the midline, and 86% in the endline (Panel A). We do not observe
any significant differences in attrition rates across treatment and control groups. Panel B
of Table A3 presents an analysis of the characteristics of respondents who were more likely
to be resurveyed during the midline and endline. Panel C presents a test of whether being
assigned to receive treatment affected the type of person who completed both midline and
endline surveys. We did not find evidence that the treatment caused a sample composition
bias by affecting attrition rates. We fail to reject that the treatment status indicator and all
the outcome variables interacted with treatment status were zero. The p-values for the test
are 0.66 (midline) and 0.17 (endline), thus supporting the contention that survey attrition

did not lead to a different sample frame across treatment and control groups.

4 Average Treatment Effects and Impact Heterogene-
ity by Baseline Depressive Symptoms

This section presents our empirical analysis using the standard approach commonly found
in the literature, which does not account for spillover effects. However, Section 5 will delve
into the consideration of spillovers. In this section, our focus is solely on significant mate-
rial outcomes, namely women’s business assets, family cash income, and women’s savings.
Regarding women’s business assets, we acknowledge that some participants only reported
their private business assets instead of collective assets. To address this, we employed a
conservative measurement for imputing the missing data on business assets. For detailed
information on the imputation procedures, please refer to Appendix C. Results for several
key psychological outcomes are presented in Appendix Table A6. Despite the program’s
intensive mentoring, these results indicate no impact on depressive symptoms, as measured
by the Center for Epidemiological scale. However, there was an observed increase in indi-
viduals’ perceived control over events that influence their lives, indicating an internal locus

of control, as defined by Rotter (1966).
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4.1 Conventional Average Treatment Effects

We start our discussion first by presenting standard intent-to-treat (ITT) treatment results,

estimating the following ANCOVA model:
(2) Yhm = Q0 + alylgm + BanCLLm + ﬁbelL)m +Enm

where yp,,, is the 2020 outcome variable of interest for individual A in community m, 39, is
the 2018 baseline value of that same variable, W and W}  are binary indicator variables
for assignment to waves 1 or 2 and 3 or 4, respectively of the BOMA program.'* The error
term ey, is clustered by community. Under this specification, the control is comprised of
women selected for eligibility for REAP, but not assigned to any of the first four treatment
waves. A fraction of these women were later assigned to later treatment waves, but they did
not change their status at the time of the 2020 follow-up survey.

The % (w = a,b) parameters identify the intent-to-treat impact of the program under
two assumptions: random assignment to treatment and no spillovers between treatment and
control households. Later, we will relax the latter assumption by exploiting our saturation
design. We can compare the treatment effects obtained from this initial estimation with
the treatment effects that take into consideration the spillover effects on the control women
within the same cluster.

The first and last columns of Table 1 report the OLS estimates of the §* parameters in
equation 2. As can be seen, the REAP program on the key economic outcomes. For waves 1
and 2 women, who on average have been enrolled in the program for 20 months by the time
of 2020 data collection, women’s total business assets increased by $PPP 190, household’s
annual cash income by $PPP 98 and amount deposited to savings increased by $PPP 56.
All these estimated impacts are significant at the 1% level and represent increases of 414%,
12% and 500% over the 2018 baseline levels.?

We find no significant impact on household earnings for women who enrolled in waves 3

14 After estimating the model with separate parameters for each of the four waves, we combined them into
two groups as the coefficients on waves 1 and 2 were similar, as were those for waves 3 and 4.

15Hinting at some spillover effects, these percent increases are only 251%, 18% and 325% over control
group 2020 levels.
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Table 1: Average and Conditional Quantile Treatment Effects

Treatment Waves 1-2 Treatment Waves 3-4
Average Conditional Quantile Estimates Average
Impact (OLS) Q25 Q50 Q75 q90 Impact (OLS)

Women’s Business Assets ($PPP) 190%** NE  161%F%  346%F*  534.9%F* 125%**

(22.3) NE (13.76) (34.57)  (54.33) (18.6)
Household Income ($PPP) ggHHk 60.06* 4% 124.7 2034 4.4

(34.2) (20.75) (37.24) (106.5)  (129.8) (36.3)

Women’s Savings ($PPP) HEHH* NE NE J7H*189.9%H* 25%*
(8.27) NE NE (12.69) (24.54) (6.2)

Observations 1385

Notes: Regressions include baseline levels of the dependent variable. Standard errors for the average
treatment effects are clustered at the community level. For the quantile regressions, standard errors
were calculated using the bootstrap method with 20 replications. For some lower quantiles, impacts
were not estimable (NE) because there was no variation in the dependent variable. *** p<0.01, **
p<0.05, * p<0.1

and 4 (who on average had been in the REAP program for 9 months) but their reported total
business assets increased by $PPP 125 and the amount deposited to savings also increased
by $PPP 24.8. For women who have enrolled in the program for 18-24 months, we document
some increase in their business assets. Moreover, we find evidence on transfer of business
assets of the women group businesses into their household earnings and savings.

The REAP program, similar to other graduation programs, involves providing cash grants
to women. By the time of the midline assessment, women enrolled in waves 1 and 2 would
have received both a jump grant (amounting to $PPP 163 as an individual share from the
three-woman business group) and a progress grant (amounting to $PPP 82 as an individual
share from the three-woman business group if the business survives after 6 months). When
comparing the treatment effects on women from waves 1 and 2 with the amount transferred
through the program, we observe a decrease in the business assets held by the women’s
business groups. However, there is an increase in the reported cash income of these women’s
households and the amount deposited into savings.

For women who enrolled in the program during waves 3 and 4, we do not observe a
significant increase in their household cash income, in contrast to the cohorts who started
the program earlier. Additionally, the amount deposited into savings by these women is only
44% of what women from waves 1 and 2 have. These findings, which indicate that the assets
accumulated by waves 3 and 4 women, is not surprising as many of these women were just

starting their businesses at the time of the midline survey.
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4.2 Conditional Quantile Analysis

We now present the Conditional Quantile Treatment Effects (QTEs) to emphasize the sub-
stantial heterogeneity in treatment effects that will be further explored in subsequent sec-
tions. As elucidated in the theoretical framework section, individuals display considerable
variation in their initial ability levels. In the absence of engagement in entrepreneurial ac-
tivities, these individuals frequently lack opportunities to realize their full potential. This
diversity can result in highly heterogeneous treatment effects of the REAP program, which
may not be fully captured by the overall Intent-to-Treat (ITT) effects.

By examining the conditional quantile function of economic outcomes in relation to the
treatment indicators, we can evaluate whether the dispersion in earnings, total business as-
sets, and savings increases or decreases with the REAP program. It’s important to note that
while the treatment effects on the percentiles we estimate here represent the residual distri-
bution conditional on baseline levels and treatment wave indicators, our aim is to illustrate
the diverse impacts that can occur within the targeted population. As demonstrated in the
remaining section of Table 1, the treatment effect on the 90th percentile of the conditional
distribution of total business assets is approximately three times that of the 50th percentile.
Similarly, the disparities in household income between the 90th percentile and the 25th per-
centile of the conditional distribution are roughly 3.5 times the level observed at the 25th
percentile.

For instance, among women falling within the 75th percentile and above in the total
business assets distribution, provided their assignment to waves 1 and 2 and conditioned
on the baseline business assets level, they begin accumulating greater business assets (1.4
- 2 times the initially transferred grants). This insight illuminates the diverse impacts of
the program within the ultra-poor population, which is crucial for comprehending how to
enhance the program’s cost-effectiveness. In the subsequent sections, we will delve into
exploring the observed heterogeneity in treatment impacts by examining the psychological

pathways available for testing.
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4.3 Unpacking Impact Heterogeneity by Baseline Depression

Using data from both the baseline and midline assessments, our intention is to observe
how the treatment effects of REAP vary based on the respondents’ baseline psychological
assets, specifically their level of depression. Depression is measured in terms of the 10-point
Center for Epidemiological Studies Depression (CES-D) score, which quantifies depressive
symptoms. The CES-D (Radloff, 1977) score is a widely used measure in studies focusing on
the impact of economic interventions or shocks on mental health. For instance, Christian et
al. (2019) employs CES-D scores from waves 4 and 5 of the Indonesian Family Life Survey
(IFLS) conducted in 2007 and 2014 as the depression measure.

In our study, CES-D scores range from 0 to 30, with higher scores indicating more severe
depressive symptoms. A CES-D score of 12 is employed as a threshold to indicate clinically
diagnostic depression. Notably, Baron et al. (2017) discuss studies conducted in the US and
China that identify depression cut-off scores ranging from 8 to 16. In their own study in
South Africa, the authors establish cut-off scores of 11, 12, and 13 based on the specific
population. Hence, the depression cut-off score likely varies due to geographic, cultural, and
population differences.

InKilburn et al. (2018), it is revealed that 37% of the youth (aged between 15 and 25) in
their Kenyan sample had a CES-D score of 10 or higher, with a mean CES-D score of 8.61.
In our sample of the poor group, 35.6% of women had a CES-D score of 10 or higher, and
the mean score is 8.41. We adopt a threshold of 12 to indicate severe depression. Figure
(5) displays the histogram of the baseline CES-D scores for the respondents, demonstrating
that just under 20% of the poor group had a CES-D score exceeding 12.

As discussed earlier, depression might create an added vulnerability for women in poverty
that will limit their ability to benefit from REAP. The model presented in Section 2 suggests
that those not suffering from depression prior to treatment should be more likely to follow
an upward trajectory towards the higher equilibrium outcome in the long run following
treatment. On the other hand, the group considered depressed at baseline should be less
likely to be placed on an upward trajectory, despite the program. The concept of depression

is multifaceted and extends beyond the scope of underestimating one’s own abilities (« in
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Figure 5: Histogram of baseline CES-D scores
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the Section 2 model). There may be other models that would link depression to the impact
of a graduation program. Because we do not measure actual and perceived entrepreneurial
ability, we cannot definitively identify the linkage posited by our theory.

To study the impact of depression on graduation program impacts, we modify regression
equation 2 by adding an interaction between treatment and baseline depression dummy
variable (Dy,,) to identify the impacts on two sub-populations, baseline depressed and non-

depressed groups:

Yhm =Cp + alylgm + 6aW}(le + BbelL)m +

Dy X [0+ 8 Wi + 8"WP L] + €

The new binary depression indicator variable takes on the value of one for baseline CES-D
scores greater than 12. When an individual who is baseline depressed receives treatment in
wave w, their treatment effect from the program will be % + 0" + §¢ (w = a,b).

Table 2 summarizes the results from estimating equation 3, displaying the expected
treatment effects for both the depressed and non-depressed subpopulations. The complete
regression results can be found in Appendix Table A4. Treated women with a baseline CES-

D score greater than 12 experienced smaller impacts from the program on their business
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Table 2: Heterogeneous Impacts by Baseline Depression, I'TT Estimates

Treatment Waves 1-2 Treatment Waves 3-4

Not Not
Depressed  Depressed — Depressed — Depressed
Women’s Business Assets ($PPP) — 209%** 93 137k 55
(23.1) (45) (26) (54)
Household Income ($PPP) 121 -21 2.9 4.1
(39) (76) (43) (91.2)
Women’s Savings ($PPP) 56 51 25 17
(7.6) (15) (8.5) (17.8)
Observations 1385

Notes: Regressions include baseline levels of the dependent variable. Standard errors for the
average treatment effects are clustered at the community level. *x*p < 0.01,%* p < 0.05,% p < 0.1

assets and earnings compared to their non-depressed counterparts at baseline, resulting in a
substantial divergence in outcomes between these two groups. Table A4 demonstrates that,
consistent with the direct and spillover effects discussed in the previous section, participants
in the REAP program experienced positive and statistically significant treatment effects.
The interaction term is negative and statistically significant for Waves 1 and 2 concerning
total business assets. The negative coefficient of the interaction term indicates that the
group with baseline depression experienced a smaller impact on business assets compared
to the group without baseline depression. This divergence suggests that the non-depressed
group is accumulating more assets than the depressed group. The estimated impact for
the baseline non-depressed group is $PPP 209 (se = 23.1), while for the baseline depressed
group, it is $PPP 93. To facilitate a direct comparison between the impacts on the baseline
depressed and non-depressed treated women, we normalized the treatment impacts on the
two groups as a percentage of the intent-to-treat (ITT) impacts estimated in column 1 of
Table 1. Figure 6 illustrates the comparison between the baseline depressed and baseline
non-depressed groups for the three economic outcomes.

For the baseline non-depressed group, the average impact on women’s assets is 129% of the
average treatment effect estimated. However, for the baseline depressed women, the increase
in women’s assets is less than half (45%) of that. Furthermore, while the treatment impacts
on family cash income for the baseline depressed women are not statistically significant, the

increase in income for the baseline non-depressed women is 209% of the average treatment
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Figure 6: Treatment effect between baseline depressed and baseline non-depressed groups
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effects. As observed, except for savings, the treatment impacts on the non-depressed group
are substantially larger. The p-values from the Wald tests assessing the equivalence of
treatment effects on the depressed and non-depressed groups are 0.075 for total family cash
income and 0.015 for women’s assets.

It is possible that this divergence could be a result of the second grant that successful
businesses received, and whether a business was successful was driven by the level of de-
pression of the women running it. Thus, it could be that these asset accumulation patterns
are reflecting the second grant. If it is true that the non-depressed were those who had
successful businesses and thus received the second grant, this suggests that the depressed
had a harder time benefiting from the first grant and the other components of the program,
which supports the theory that the depressed are in a position that makes it harder for them
to benefit from a program such as REAP.

The results also show that, though smaller compared to the non-depressed-at-baseline
group, the impact of the program on business assets is nonetheless positive for the depressed-
at-baseline group. The next point of interest is how an increase in assets will impact the

earnings of the depressed-at-baseline group compared to the non-depressed-at-baseline group.
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More specifically, in relation to the theory discussed in 2.1, the depressed-at-baseline group
should be less likely to translate an increase in their assets into an increase in earnings due
to the added vulnerability to poverty depression creates. In agreement with the direct and
spillover impact on earnings, only Waves 1 and 2 women have experienced a statistically
significant treatment effect on earnings. The coefficients on the interaction terms are not
statistically significant, however they are negative and either fully or nearly cancel out the
positive wave specific impact of the program on earnings for Waves 1 and 2 women. This
again suggests that the depressed-at-baseline group is falling behind the non-depressed-at-
baseline group in terms of earnings.

The absence of divergence in savings between these two groups may be attributed to
several factors. One possibility is that non-depressed women were able to reinvest their
savings into their businesses, whereas depressed women faced challenges in accumulating
substantial savings. Another consideration is that savings accumulated by treated women
within the savings groups underwent rigorous monitoring. Each individual group member
was required to adhere to the established rules of the savings groups to access their savings.
This mechanism could have functioned as a protective measure for women experiencing
depression, particularly when uncertainty surrounded the specific utilization of the funds.
However, it could also introduce additional inflexibility in situations requiring prompt access
to funds for emergent needs. Section 6 will delve further into the implications of these

findings for the design, targeting, and implementation of graduation programs.

5 Spillovers

There are a number of mechanisms by which an asset building graduation program could
generate spillovers and influence others. In the first instance, there could be relatively
straightforward pecuniary spillovers in which increases in the number of program beneficiaries
influence the returns other individuals receive from their own economic activities. These
pecuniary spillovers would be negative if more beneficiaries congests the market and lowers
the prices that any individual can get for producing a good service. In our study area,

many graduation program beneficiaries establish local shops or kiosks that service their local
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community with limited demand. Pecuniary spillovers could also be positive if they create an
agglomeration economies. For example, other beneficiaries establish livestock fattening and
trading businesses that service a larger market. In these cases, a growth in local businesses
may make it easier to bulk purchase inputs or transport services at favorable prices.

In addition, spillovers could take place through psychosocial channels. Like other grad-
uation programs, the BOMA REAP program intends to build both tangible physical assets
as well as intangible psychosocial assets. A key difference between these two types of assets
is that the former are rival goods whereas intangible assets are not, meaning that beneficia-
ries” psychological assets, such as self-confidence and aspirational preferences can spillover
and be shared without reducing beneficiaries’ stock of self-confidence or aspirations. While
our reduced form identification strategy does not allow us to pin down the precise source of
spillovers, we will provide evidence that at least some of the estimated reduced from spillover

effects take place through psychosocial channels.

5.1 Saturation Design & Measurement

To study the impacts of spillovers from REAP participants to other REAP participants or
to non-participants, the distribution of businesses started across the four treatment waves
was randomly varied between communities. This was done by randomly allocating the
communities across four different implementation schemes. Table 3 provides the intended
distribution of communities across the four REAP distribution schemes. For example, in
Scheme A communities, 60% of the REAP participants were enrolled in the first wave (March
2018), which led to relatively high saturation rates of REAP treated women (i.e., receiving
the REAP training and mentoring) and REAP businesses by the 2020 data collection period.
For communities in scheme B, most REAP treatments would not start until well after the
2020 survey so that there was a relatively low saturation of REAP participants and businesses
in those communities during the 2020 survey. By the end of the fifth wave, all communities
were to have similar saturation levels, but there was considerable variation at the time of

the survey in 2020.16

16The 5th wave of REAP groups was launched just after the 2020 followup survey. By the end of wave 5,
approximately 20% of all REAP-eligible women in each community had been offered the chance to participate
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Table 3: Distribution of communities across saturation groups

% of businesses started in each wave

Wavel Wave 2 Wave3d Wave4d Wave )

Scheme % of Communities

A 20% 60% 10% 10% 10% 10%
B 20% 10% 10% 10% 10% 60%
C 50% 10% 30% 20% 30% 10%
D 10% 10% 10% 60% 10% 10%

By the time of midline data collection, BOMA women started the programs in different
waves had been enrolled for different durations. (i.e. wave 1 women would have been in
the program for 24 months, wave 2 for 18 months, wave 3 for 12 months and wave 4 for 6
months). To capture the treatment duration in our saturation measures, we use a treatment-
duration-weighted saturation measure (.S), which we define as the probability that a random
social interaction with a REAP-eligible women in the community over the 24 months between
baseline and midline would have been with a woman in the REAP Program:

4 w w

S =
24 x P, ’

where n is the number of businesses assigned to community m in wave w, so the number
of treated women is three times that number as each business is comprised of 3 women, as
described above. The d“ terms are the duration weights, which equals 24, 18, 12 and 6 for
businesses established in waves 1-4, respectively. The numerator is the number of REAP-
eligible women (P,,) with whom interactions are possible, weighted by the full 24-month
period. Note that the weighted saturation measure S,, would be 100% if all eligible women
in the community were treated in wave 1, and 0 if no women had been treated through wave
4. The mean value of this weighted saturation measure is 0.19, with a standard deviation of

0.08 and minimum and maximum values of 0 and 60%.

in REAP.
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5.2 Econometric Analysis of Spillovers

To measure the intent-to-treat (ITT) impact of assignment to the REAP program and the
spillover effects on both the treated and non-treated women, we estimate the following mod-

ified version of equation 2:

(4) Ynm =00 + alygm + 5aW;zlm + BbW}lzm +

S X [6°I5,, + 0"Wi + 8Wh T + +epm
where S, is the community level saturation measure. Ij  is an indicator variable for an
eligible woman in the control group at midline. The estimated direct impacts for a woman
who enrolled in waves 1 and 2 in community m thus can be represented as: 5% + d* X S,,.
The estimated spillover effects for a within-cluster non-treated woman in community m are
d¢ X S,,. Following Baird et al. (2018), we define the total causal effect of being assigned to
treatment wave w in community m as 8% 4 6% x S, + 6 x (1 — Sp).

Table 4 presents the primary treatment and spillover results for the three key economic
outcome variables that the program aimed to improve. The full regression results can be
found in Appendix Table A5. Results for zero saturation are calculated by setting the satu-
ration variable, S,,, to zero. These results thus depend on the functional form to interpolate
back to the zero saturation point. To ease discussion, we focus primarily on estimated
impacts for women assigned to receive treatment in waves 1 and 2. Beginning first with
business assets, at the median duration-weighted saturation level of 0.19, this implies a large
and statistically significant increase for those women treated in waves 1 and 2 ($PPP 240.34,
se=3PPP 28.8, with a control group mean of $PPP 72.2). In addition, we see that spillovers
are estimated to lead non-treated, within-cluster control households to accumulate business
assets. The estimated coefficient ($PPP 270) is statistically significant and at the median
duration-weighted saturation level, this implies an impact of $PPP 51.3 on the accumula-
tion of those non-treated households. In sum, spillover impacts on the non-treated control
households are about 20% of the impact on the treated.

We also find a statistically significant increase in the reported annual cash earnings
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Table 4: Impacts and Spillovers at Different Saturation Levels

Control Treatment Waves 1-2 Treatment Waves 3-4

Mean Zero Mean Zero Mean
Saturation Saturation  Saturation  Saturation  Saturation
Women’s Business Assets ($PPP) 51%* 258*H* 240%H* 195%+% 171#%%
(26.6) (57.2) (28.8) (58) (24)
Household Income (3PPP) 14.0 293%kk 137.1%* 35 17
(50.5) (103.1) (62.6) (120) (59.8)
Women’s Savings ($PPP) 10.8 T3%E 67.2%%* 55%* 34.5%%x
(8.3) (30) (11.7) (27) (8.5)

Observations
Note: Estimates are in the Appendix Table Ab5.

(3PPP 137.1, se=$PPP 62.6, with a control group mean of $PPP 535) as well as in the
amount deposited into savings ($PPP 67.16, se=$PPP 11.68, with a control group mean
of $PPP 16.6). However, we observe a significant negative spillover impacts on treated
households. These impacts suggest that increased competition from other REAP businesses
reduces earnings. At the median duration-weighted saturation level, these estimates imply
a $PPP 155.42 drop in earnings. This drop is of a magnitude that could overturn the entire
amount of increase in the earnings. Since we cannot reject the hypothesis that there are no
spillover effects onto the treated women, this pattern suggests that the potential impacts of
REAP are reduced as more community members are treated. On the other hand, we do not
observe statistically significant spillover impacts on non-treated control women for earnings.

It thus seems that while greater exposure to REAP neighbor role models spurred asset
accumulation, greater competition from them led to a pattern of declining income benefits
from those assets. This pattern generally holds up for both directly treated households and
for non-treated households that were subject to spillover effects. The pattern for savings
broadly parallels that for earnings (as would be expected if increase earnings are the source of
increased savings). Impacts on savings are negative for treated and non-treated households,
and in this case are uniformly statistically insignificant.

Figure 7 shows the impacts on the women who received treatment in waves 1 and 2
accounting for the spillover effects on them graphically. Note that the average value of the
asset transfer of the program was $PPP 245.43 (US$100) per participant. The measured

impact on the treated women including the spillover effects roughly equals to the amount
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Figure 7: Causal impacts on key economic outcomes
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that was transferred to them. This reflects no further accumulation of assets yet at the
median saturation level villages and suggests that those treated women have managed to
preserve their capital stock while generating income and savings.

To summarize, we see that increased saturation spurs asset accumulation, but lowers the
income impact of those assets. One way to evaluation this tradeoff is to compare the present
value of the multi-year total causal effect to the present value of the full program cost. We
project out the impacts of the BOMA graduation program out over a ten year horizon.!'”

Full details on this approach are given in Appendix Appendix F. While the analysis rests

on a number of assumptions (namely that the benefits estimated after 24 months persist for

1"The ten year horizon follows the analysis in Sedlmayr et al. (2020) of a graduation-like program in
Uganda. While that study ignores spillovers and considers only direct impact on the treated, it does suggest
a defensible way of projecting the benefits of asset-building forward into the future.
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another 6 years before they begin to dissipate), it does allow us to gauge the impact of the
program as a function of the saturation rate. We also use the Table 1 average treatment
effects to calculate the benefit-cost ratio we would have obtained had we ignored spillovers.
From the perspective of the implementing program, these benefit-cost numbers represent
their return on investment in the poor population in the pastoralist regions.

The results of this analysis are as follows. Ignoring spillovers, we obtain a benefit-cost
ratio of 1.7. In words, every dollar invested in the REAP program generated $1.7 in benefits
for REAP eligible women. That same measures rises to 2.2 when we evaluate impacts at
the average saturation level of 19%. Finally, if we calculate the total causal effect at a lower
saturation ratio of only 15%, then the benefit-cost ratio rises to just over 3. While program
design is more complex than maximizing the benefit-cost ratio, these data indicate that a

lower saturation level may be called for in the program being evaluated.

5.3 Do Adaptive Preferences Explain Spillovers?

While the negative impacts of more businesses on cash earnings is not necessarily surprising
given that most BOMA program beneficiaries live in small, remote communities where it is
easy to imagine saturating the market,'® the more intriguing result is the finding that women
who were not in the REAP program began to changed their behavior and accumulate tangible
assets. While this behavioral change could be explained by simple exogenous social effects
(e.g., asset accumulation became more profitable when neighbors began to build up their

own businesses and income)!?

, we here explore Section 2.4’s suggestion that treated women
showed their untreated peers that women could start businesses and obtain higher living
standards for themselves and their families. In the notation of Section 2.4, this demonstration
effect shifted out the perceived income ceiling, ¢, inducing an increase in the perceived
marginal utility of economic advancement, as suggested by the theory of adaptive preferences.

While measurement of the subjective marginal utility of income is non-trivial, we built

our approach on a five-step ladder of life that portrayed different levels of living standards of

8Indeed, prior to this study, the REAP program purposefully limited the number of women treated in
any community to no more than one-third of the eligible population.
19See discussion in Manski (1993) on social effects
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Figure 8: Ladder of Life for Pastoralist Population
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local communities.?? This ladder of life approach is adapted from the Cantril ladder, which
asks respondents to evaluate their current life as a whole using the mental image of a ladder.
The Gallup World Poll, which remains the principal source of data in the World Happiness
Report (Helliwell et al. (2022)), uses the responses to this question as life evaluations of the
measurement of subjective well-being. We characterized each step of the ladder over three
dimensions: livestock, business and food based on community understandings of different
standards of living for who is destitute, poor, vulnerable, middle income and well-off. Re-
spondents were then asked to place themselves on the ladder described using Figure 8 (most
on steps 1 & 2) and told us how important (on a scale from 1 to 5) it was to work hard to
advance to each one of the higher steps. We then standardize the importance index to the
next steps to be our measure on respondents’ beliefs on the importance of moving up the
social ladder. The underlying assumption is that the importance assigned by any respondent
to moving up the ladder is an analogue measure of marginal utility.

Using the same empirical approach outlined in the spillover equation 4in Section 5.2, we
examine the direct and spillover effects of the REAP program on individuals’ valuations of
upward mobility in life. As depicted in Table 5, our analysis reveals that, in comparison to a

pure control group, the treatment exerts a substantial and statistically significant influence

20The REAP program uses this same ladder approach in its participatory poverty assessment that is used
to determine graduation program elibigibility.
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(0.48 standard deviations, se = 0.21) on the aspiration to progress to step 3, accompanied
by a slightly smaller impact (0.37 standard deviations, se = 0.19) on advancing to step 4.
Furthermore, we note a similar albeit diminished impact on control women (0.84 standard
deviation increase, se = 0.48 for step 4). We present the Ordinary Least Squares (OLS)
regression results, as the interpretation of the coefficients remains relatively straightforward.
Additionally, the results of the ordered probit regression are provided in the appendix, under
Table A7, utilizing the importance scale (ranging from 1 to 5, with 5 indicating high impor-
tance) as the dependent variable, yielding qualitatively consistent outcomes. The overarching
goal of graduation programs like REAP is to enhance the resilience of program participants
by alleviating constraints. Furthermore, our findings indicate that the program not only
influences participants’ desires, but also lead to an increase in their neighbors’ assets, as
discussed above. This increase is consistent with a behavioral change induced by the en-
dogenous change in preferences (as analyzed theoretically in section 2.4). We cannot rule
out other explanations, such as gift-giving from treated to non-treated women.

triggers a social spillover or demonstration effect among their neighbors. While we have
yet to ascertain the exact proportion of the estimated impacts attributable to social multi-
pliers, a discernible pattern is emerging between these shifts in preferences and the cascading

effects on capital accumulation.

6 Conclusion

The arid and semi-arid pastoralist regions of the Horn of Africa constitute one of the most
challenging environments for graduation programs attempt to reduce poverty by build pro-
ductive assets for women. We indeed confirm that the variant of the graduation program
model developed by the BOMA Project NGO indeed works and exhibits a benefit-cost ration
in excess of 2.

However, the goal of this evaluation steps beyond simply stress-testing the graduation
model in difficult environment. In particular, the evaluation was designed to allow explo-
ration of the psychosocial channels through which graduation programs operate. Drawing on

equal measures of the economics of poverty traps (Ikegami et al., 2019) and the economics
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Table 5: Regression results on Ladder of Life

VARIABLES Importance to Importance to Importance to

get to ladder 3 get to ladder 4 get to ladder 5
ITT Wave 1 & 2 0.48%* 0.37* 0.30*

(0.21) (0.19) (0.18)
ITT Wave 3 & 4 0.14 -0.13 -0.28

(0.25) (0.25) (0.22)
ITT wl-w2 * -1.08 -0.96 -0.68
Saturation

(0.7) (0.75) (0.67)
ITT w3-w4 * 1.08 2.12%* 2.43%*
Saturation

(0.99) (1.07) (1.08)
Control * 0.62 0.84* 0.57
Saturation

(0.62) (0.48) (0.52)
Baseline level of -0.017 0.02 0.012
outcome variables

(0.029) (0.034) (0.024)
Constant -0.13 -0.15 -0.099

(0.11) (0.092) (0.097)
Observations 830 1,353 1,382
R-squared 0.013 0.009 0.007

Note: Standard errors clustered at the community level. Importance scale (1-5 very important)
standardized at control mean.*** p<0.01, ** p<0.05, * p<0.1.

of depression (de Quidt and Haushofer, 2016), we show that consistent with theory the im-
pressive average treatment effects are primarily driven by beneficiaries who exhibited strong
baseline mental health. The 20% of the beneficiaries with severe depressive symptoms in
fact benefit not at all from the program, drawing down on the assets transferred to them
and experiencing no income gain. While we cannot claim that this finding explains the often
observed heterogeneity in impacts in which 25-30% of beneficiaries experience no benefits
(e.g., see Bandiera et al. 2017 and Gobin et al. 2017), the consistency of the theory and
empirical evidence is suggestive.

The second psychosocial mechanism we explore is an endogenous preference mechanism
(adaptive, or sour grapes preferences modeled on (Elster, 1983)) that is shown theoretically
to generate substantial behavioral change in untreated population. Using the empirical
study’s randomized saturation design, we are able to document spillovers from the treated

to untreated that result in increased business asset accumulation by the latter. We further
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find evidence that increased exposure to treated women increases the subjective value that
women assign to economic advancement. These spillover effects are economically substantial
and they increase the estimated benefit-cost ratio of the program from 1.7 to 2.2. There is
also evidence that the existing program modestly over-saturates the remote communities in
the study area as a lower saturation rate would increase the benefit-cost ratio to just over 3.

A final observation is that these reported benefit-cost numbers include the drag of the
women who lacked the psychological assets to benefit from the program. One implication is
that the program could generated more benefits per-dollar expended if additional potential
beneficiaries were screened for the kind of severe depressive symptoms that seem to limit
program impact. Another, and perhaps more palatable implication, would be to design a
two-track program in which women without severe depressive symptoms would move forward
with the program as currently designed while those showing depressive symptoms would
take a different track. Recent work on cognitive behavioral therapy reported in Barker et al.
(2022) suggests that low cost interventions may be able to resolve the mental health issues
that afflict other women. Resolving those health issues first, in a second track graduation
program, may lead to better average outcomes, while still making those benefits available to
all women who need them based on an economics means test.

In closing, as is clear from the theory of poverty traps analyzed in Section 2, another
source of impact heterogeneity stems from different exposure to shocks. In forthcoming
analysis, we use a second follow-up survey to study the impact of an index insurance contract
to ward off the ill effects of shocks on women’s ability to preserve asset built by the BOMA

program.
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Appendices For Online Publication

Appendix A Numerical Parameterization of Occupational Choice

Model

Table Al: Functional Forms and Parameters used in Numerical Simulations

Production Technology and Parameters
F ﬁ = Wy + k};{tL
Fjet = (U)() — A) + Oéjk';-yf

v =0
vg = 0.56
A =395
wy = 3.95

Utility Function and Parameters

u(cir) if e < (cyy)
u"(cit) otherwise

17p171

Conventional prefeneces utility function: u'(c;) = “——

1—py
8 =0.95
o =0.75
pn = 2.5
Distribution of Shocks
The probability of 0;; is assumed to be:

0.3 6, =011
0.18 6, =0.021
0.13 0 = 0.031
density of 0, =  0.11 6;, = 0.041
0.10 6; =0.051
0.02 0 = 0.061
[0.01 6; ={0.071,0.081, ...,0.191}

Adaptive preferences utility function: u(cy) = {
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Appendix B Balance and Attrition Tables

Table A2: Baseline Balance

Panel A: T-test comparing means of baseline characteristics by endline treatment status

Control mean Treatment mean p-value Normalized difference
[standard error| [standard error| from t-test

Baseline Reported Annual Cash Earnings (KES) 33313.454 36319.322 0.071%* -0.097
[1100.568| [1258.628]

Baseline Total Business Assets (KES) 1880.193 2242.171 0.5 -0.036
[290.374] [472.487)

Baseline Amount Deposited Into Savings (KES)  466.494 665.586 0.212 -0.067
[90.057] [137.083]

Tropical Livestock Units BL 3.108 3.057 0.796 0.014
[0.128] [0.156]

Baseline Household Dietary Diversity Score 3.1 3.019 0.166 0.075
[0.040] [0.042]

Ladder of Life Step 2.089 2.111 0.446 -0.041
[0.019] [0.021]

Locus of control scores (higher - more external) — 33.883 33.432 0.214 0.067
[0.248] [0.263]

Baseline Internal Locus of Control Score 17.278 17.154 0.291 0.057
[0.080] [0.085]

Baseline CES-D 8.397 8.429 0.901 -0.007
[0.171] [0.200]

Baseline importance to move to ladder 3 4.579 4.585 0.841 -0.012
[0.021] [0.023]

Baseline importance to move to ladder 4 4.643 4.65 0.82 -0.012
[0.019] [0.019]

Baseline importance to move to ladder 5 4.731 4.69 0.133 0.081
[0.018] [0.021]

Other people sharing business knowledge -0.016 -0.353 0.241 0.063
[0.132] [0.272]

Age of HH head 43.821 43.342 0.618 0.028
[0.643] [0.716]

Age of respondent 36.101 35.159 0.286 0.058
[0.605] [0.639]

% respondent with husbands 0.612 0.583 0.273 0.059
[0.018] [0.020]

HH head yrs of schooling 1.195 1.177 0.916 0.006
[0.112] [0.125]

HH size 5.437 5.331 0.345 0.051
[0.076] [0.081]

# of obs control # of obs treatment

Panel B: Regression of Treatment on all outcomes

F-test from regression of treatment
on all outcome variables listed above
p-value 0.11

1.49
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Table A3: Attrition: Dependent Variable: Completed Survey, OLS

Panel A
Midline Endline
Treatment Status -0.0071 -0.00013
(0.013) (0.017)
Observations 1,874 1,874
R-squared 0.052 0.063
Outcome mean 0.92 0.86
Panel B
Treatment Status -0.0059 0.0012
(0.013) (0.017)
Household Reported Cash Earnings(KES) 8.3e-08 2.3e-07
(1.1e-07)  (1.5e-07)
Total Business Assets(KES) 7.1e-08 -2.1e-07
(3.1e-07) (4.1e-07)
Savings(KES) 4.6e-07 -1.6e-06
(1.4e-06) (1.8e-06)
Household Dietary Diversity Score -0.00021 0.0026
(0.0063) (0.0083)
Ladder of Life Step -0.0035 -0.010
(0.025) (0.033)
Locus of Control -0.00018 -0.00022
(0.0011) (0.0014)
Internal Locus of Control -0.00073 -0.00046
(0.0033) (0.0043)
Shared with Business Knowledge -0.050** -0.033
(0.0014) (0.0018)
CES-D Score -0.0042***  _0.0039**
(0.0014) (0.0018)
TLU (Tropical Livestock Units) -0.00072 -0.0013
(0.0018) (0.0024)
Importance to move to ladder 3 0.0089 0.0062
(0.017) (0.023)
Importance to move to ladder 4 -0.0036 -0.00042
(0.019) (0.024)
Importance to move to ladder 5 -0.0049 0.011
(0.018) (0.023)
Observations 1,874 1,874
R-squared 0.062 0.070
Outcome mean 0.92 0.86
Panel C
Treatment Status 0.36 0.50
(0.25) (0.32)
Baseline characteristics YES YES
Baseline characteristics interacted with Treatment YES YES
Observations 1,874 1,874
R-squared 0.069 0.080
Outcome mean 0.92 0.86
P-value from test that Treatment and all other variables above
interacted with Treatment are jointly O 0.66 0.17
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Appendix C Imputing the missing data on BOMA total business

assets

During the midline data analysis, we encountered a discrepancy between the reported total
business assets from the survey responses of women assigned to the treatment group and
the BOMA administrative data from February 2020. To investigate this further, in March
2021, we conducted a follow-up round of discussions with BOMA mentors to understand the
reasons behind these discrepancies.

In summary, out of the total sample of 241 women, 8 (approximately 3%) were confirmed
as attrition cases, either due to non-participation at the time of the survey or never having
participated in the program. Among the remaining 233 women, around 14% (33 women)
experienced various disruptions during the midline data collection period, such as forest
evictions, security concerns, or temporary travel /migration.

According to the mentors’ feedback, there were several reasons for the reported zero
business assets. First, some participants did not realize that the mentors were referring
specifically to their BOMA businesses, leading to confusion in their responses. Second,
a significant proportion of women (approximately 66% based on the provided Excel sheet)
either did not fully understand the question or had difficulty comprehending it. Additionally,
some women admitted to not being fully focused during the interview or feeling shy, which
could have affected their responses. Among the women, 10% (23 women) were mentioned
by mentors as being less active or not directly involved in the day-to-day operations of
the business during the midline survey period. Finally, mentors suggested that a subset
of women (approximately 12%, or 27 women) intentionally withheld information from the

enumerators, even if they understood the questions.

Imputation of missing values

For the cases where participants reported zero business assets but had business value recorded
in the BOMA administrative data, we made a change in our analysis. Specifically, we marked
the zero total business assets as missing for those participants who were identified by the

BOMA mentors as "Did not understand the question" only. Among the total sample of 241
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cases, 135 (approximately 56%) were identified by the BOMA mentors as having non-zero
business assets.

However, we did not make any changes to the reported zeros for the other categories
of participants. This decision was made because we observed instances of zero business
assets reported by the control group, even when they self-identified as owning businesses.
Additionally, we lacked information regarding the reasons behind the control group’s reported
zero business assets. Therefore, we chose not to alter the reported zeros for these categories

during the analysis.

Predictive mean matching

We used predictive mean matching to impute those missing values. In STATA, it is under
multiple imputation method. Predictive mean matching (PMM) is a partially parametric
method that matches the missing value to the observed value with the closest predicted
mean (or linear prediction). It was introduced by Little (1988) based on Rubin’s (1986)
ideas applied to statistical file matching. PMM combines the standard linear regression and
the nearest-neighbor imputation approaches. It uses the normal linear regression to obtain
linear predictions. It then uses the linear prediction as a distance measure to form the set of
nearest neighbors (possible donors) consisting of the complete values. Finally, it randomly
draws an imputed value from this set. By drawing from the observed data, PMM preserves
the distribution of the observed values in the missing part of the data, which makes it more

robust than the fully parametric linear regression approach.?!

21For detailed information on this step: STATA manual mi impute pmm Methods and formulas.
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Appendix D Impact Regression Tables

Table A4: Full Regression Results

Standard ITT Baseline Depression Heterogeneity
Business Assets  Family Income  Savings Business Assets Family Income  Savings
Waves 1 & 2 190%** 08.2%%* 5. 3¥** 209%** 121%%* 56.0%**

(22.3) (34.2) (8.27) (23.1) (39.2) (7.64)
Waves 3 & 4 125%** 4.43 25.07%%* 137%** 2.89 25, 1%

(18.6) (36.3) (6.19) (25.6) (43.4) (8.45)

Waves 1 & 2 x Depression S111%* -133 1.77
(55.9) (94.6) (18.4)

Waves 3 & 4 x Depression -76.9 10.6 -1.19
(64.4) (109) (21.2)

Depression -4.74 -9.37 -6.66

(29.7) (50.3) (9.79)
Baseline Level Dep. Variables 0.13* 0.11%** 0.20%* 0.13*** 0.10%** 0.20%**
(0.064) (0.029) (0.092) (0.036) (0.020) (0.040)
Constant 66.2%F* 449+ 14.5%** 66.9%** 452%%% 15.7%%*

(10.7) (28.0) (2.94) (12.3) (26.2) (4.03)

Observations 1,385 1,385 1,385 1,385 1,385 1,385

R? 0.071 0.027 0.066 0.076 0.030 0.066

Notes: Baseline levels of the outcome of interest and an indicator for vulnerable group are included
in both specifications for ITT and quantile regressions. Total income was measured by adding
reported cash income from sales of livestock, livestock products, crops, casual labor, salaried em-
ployment, and business, duka, and petty trading for each household. Assets were calculated by
summing up the cash, stock, assets, savings, and credits related to each individual business that
the respondents own. Standard errors clustered at the community level. *** p<0.01, ** p<0.05, *
p<0.1.

Appendix E ATE on Psychological Variables

Table A6 presents results on psychological outcomes. While accounting for spillovers does
not change the result that the REAP program had no impact on women’s CES-D score. We
do see a consistent pattern of positive program impacts on mental health (lower numbers
mean less likely to be depressed, and lower numbers means more internal locus of control)
and improvement in the life evaluation on the Waves 1 and 2 women (measured as the current
step on the ladder of life). Nor did we find any statistically significant improvement on the
within-cluster control women on the CES-D score. On locus of control, which measures the
degree to which people believe that they have control over the events that affect their lives
— internal locus of control —, as opposed to external forces — external locus of control
— (Rotter (1966)). We find that the REAP program reduces the locus of control measure

for the participants (which moves them towards more internal locus of control). However,
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Table A5: Impact Estimates Accounting for Spillovers

VARIABLES Total Business Reported Annual ~ Amount
Assets ($PPP ) Cash Earnings Deposited Into
($PPP ) Savings ($PPP )
ITT Wave 1 & 2 258%*** 2034k 72.6%*
(57.2) (103) (30.4)
ITT Wave 3 & 4 195%** 35.4 54.9%**
(58.0) (120) (27.5)
ITT wl-w2 * -92.1 -818** -28.7
Saturation
(220) (409) (118)
ITT w3-w4 * -123 -96.7 -107
Saturation
(283) (523) (122)
Non-treated 270%* 73.7 57.0
Control *
Saturation
(140) (266) (43.6)
[0.207] [0.414] [0.243]
Baseline Level of  0.12%* 0.11%%* 0.20**
Dependent
Variables ($PPP
)
(0.064) (0.029) (0.092)
Constant 19.2 4367HF* 4.59
(19.3) (54.2) (6.57)
Observations 1,385 1,385 1,385
R-squared 0.073 0.030 0.067
Control Mean of  72.2 535 16.6
Dependent
Variable

Note: Standard errors clustered at the community level. Sharpened g-values for estimated coeffi-
cients on within-cluster control reported in square brackets. *** p<0.01, ** p<0.05, * p<0.1.
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Table A6: Treatment effects on secondary outcomes

VARIABLES CES-D Locus of Control  Life Evaluation
ITT Wave 1 & 2 -0.018 -0.34* 0.35%*

(0.18) (0.18) (0.15)
ITT Wave 3 & 4  -0.31 -0.42 -0.13

(0.19) (0.27) (0.24)
ITT wl-w2 * -0.32 1.32% -0.69
Saturation

(0.73) (0.79) (0.57)
ITT w3-w4 * 1.27 2.59%* 1.31
Saturation

(0.82) (1.38) (1.35)
Non-treated -0.073 0.14 0.27
Control *
Saturation

(0.47) (0.49) (0.48)
Baseline level of  0.11%** -0.019 0.23%**
outcome variables

(0.028) (0.027) (0.034)
Constant 0.013 -0.025 -0.048

(0.093) (0.095) (0.088)
Observations 1,384 1,378 1,385
R-squared 0.015 0.008 0.061

Note: Standard errors clustered at the community level. Outcome variables standardized at control
mean. *** p<0.01, ** p<0.05, * p<0.1.

accounting for the spillover effects undercut the direct effects and we find no sign of spillovers

to control on locus of control, either.

Appendix F Benefit-Cost Methodology for Total Causal Effects

One way to gauge the effectiveness of the REAP program and these individual impacts is
to calculate the estimated discounted present value of all benefits (direct & indirect) and
compare those benefits to the present value of the program cost. We evaluate the return
on investment ratio (ROI) taking into account this admittedly complex pattern of spillovers

and the fact that non-treated households receive spillover benefits without any additional
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Table A7: Ordered Probit results on Ladder of Life

VARIABLES Importance to Importance to Importance to

get to ladder 3 get to ladder 4 get to ladder 5
ITT Wave 1 & 2 0.654** 0.491** 0.401%*

(2.35) (2.18) (1.96)
ITT Wave 3 & 4  0.178 -0.087 -0.309

-0.52 -0.31 -1.11
ITT wl-w2 * -1.5 -1.375 -0.874
Saturation

(1.56) (1.55) (1.15)
ITT w3-w4 * 1.598 2.38% 3.088**
Saturation

(1.12) (1.90) (2.05)
Control * 0.991 1.015* 0.875
Saturation

(1.26) (1.71) (1.38)
Baseline level of -0.051 0.051 0.035
outcome variables

(0.75) (0.63) (0.51)
Observations 830 1,353 1,382

Note: Standard errors clustered at the community level. Importance scale (1-5 very important)
estimated using ordered probit.*** p<0.01, ** p<0.05, * p<0.1.

expenditure. We calculate the ROI using the following formula:

(5) ROI(S Z

—~ Inx S X S X ¢

10 {TC’Et }: W L S(BY+50%) + (1 —5)(S%x0°)

=1

where c is the cost per-treated person. Note that the TCE(S) in the numerator is, as before,
the total benefits to a community of n eligible people where a fraction of S are treated. The
denominator gives the investment needed to receive that impact (number of people treated,
n x S times the cost per-fully treated person. The new term S is a slightly modified version
of the duration weighted saturation measure that better captures the relative expense of
treating individuals in waves 1, 2 and 3 compared to wave 4.22 The expanded expression of

the ROI expression shows that the ROI is just the per-capita benefit (weighted average of

22(Costs of treating a REAP beneficiary is not quite proportional to time in the program. For example, a
wave 4 woman was in REAP for only 25% of the time as a wave 1 women, but the expenditures on a wave
1 woman was about 37% of the cost of a wave 1 woman. The new term \tilde{S} replaces the time weights
used to define S with these relative expenditure weights.
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direct and indirect benefits) divided by the average cost of all people treated (sxc+(1—s)x0).
Note further that if there are no spillover impacts and 6*¢ = 0, then this expression reduces
down to the more standard looking %w

Using the cost per household converted to $PPP 713.21, the benefit/cost ratio is 2.2:1,
estimated from BOMA'’s point of view. In words, every dollar invested in the REAP program
generated $2.2 in benefits for REAP eligible women. This increase compared to the simple
measure had we estimated a naive I'TT results from valuing the spillovers to non-treated
eligible women, which in turn causes some undercounting of the benefits to treated women.
We have not considered impacts on women in BOMA communities who are not eligible for
the program.

We take total causal effect estimated for reported annual cash earnings for wave 1 and
wave 2 participants and assume that those treatment effects persist constant until the end
of seven years after the intervention begins, then gradually decline over the next three years.
While we do not model any changes to business assets or savings through years 2 through
7, starting in year 8 we assume that the participants liquidate their savings and business
assets over a period of three years as their businesses wind down. We also assume that any
other differences between participants and nonparticipants because of the REAP program
disappears by the 10-year mark. We assume that one third of the savings and asset stocks
generated (and presumably held) enter as cash flow in year 8, one third in year 9 and the
final third in year 10. We assume a discount rate of 5% per year. At the median duration-
weighted saturation level of 0.19, the total discounted value of the intervention is estimated
to be $PPP 350.99 by this approach. According to BOMA’s estimation on cost to deliver
the program, the cost per participant for Wave 1 participants (who had graduated from the
program by midline) is $322.46 per household (after discounting to the present value). This
number includes all program delivery, managerial and administrative costs associated with

the REAP program, as reported by BOMA administrative data.
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