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Abstract
Should entrepreneurship support programs to extremely poor people be scaled by saturating

a few villages, or maintaining low saturation and enrolling more villages at a higher cost? On
the one hand, saturation may create a critical mass of entrepreneurs whose income generation
and associated spending multipliers make each other viable. On the other hand, encouraging
the start-up of many small firms in close proximity may be a recipe for overcrowding and
artificially fierce competition in a small village economy. In a large randomized control trial
in Malawi, I exogenously vary the saturation of an entrepreneurship support program to assess
whether business performance increases or decreases in the share of treated neighbors. Business
performance is tracked at fortnightly high frequency. Most participants start a retail business.
Eighteen months after the start of the intervention, earnings take a 21% hit as saturation doubles
and aggregate earnings are split among the larger number of supported entrepreneurs. About
a third of the new retail businesses have gone out of business. Earnings losses and firm exits
are of a comparable magnitude to implementer cost savings. The heightened competition does
not lower consumer prices, but induces out-migration. I show that the sectoral concentration
in retail is not driven by information frictions about other entrants’ intended sectoral choice.
Instead, respondents highlight a lack of hard skills.
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1 Introduction

Poverty alleviation in the absence of stable employment opportunities from the private or public
sector relies on individual entrepreneurship by poor people themselves (Blattman and Ralston,
2015; Banerjee et al., 2025). Policies that support entrepreneurship in developing countries are
growing in popularity, but economic theory does not offer a clear-cut prediction of their impact
at scale. On the one hand, the reason we are seeing few firms in contexts of extreme poverty
might be that firms are not individually profitable as they depend on the weak demand of other
similarly poor people. It is possible that a large-scale support program would create a critical
mass of entrepreneurs whose income generation and associated spending multipliers make each
other viable. The logic of a big-push individual-level intervention (Balboni et al., 2022) would
then carry over to the aggregate (local) economy (Rosenstein-Rodan, 1957). On the other hand,
encouraging the start-up of many small firms in close proximity may be a recipe for overcrowding
and artificially fierce competition in a small village economy (Hardy and Kagy, 2020). Failure rates
for micro-enterprises are high, especially soon after launch (De Mel et al., 2012; Balboni et al., 2022;
Misha et al., 2019) and anecdotally too many UPG-beneficiary households start similar businesses
in close proximity (Bauchet et al., 2015). This would suggest tight upper bounds to how far these
programs can be scaled – and more broadly to the approach of alleviating poverty bottom-up from
the household level (Goldberg and Reed, 2023).

These two scenarios (critical mass versus overcrowding) motivate my study. They imply con-
trasting policy prescriptions for whether entrepreneurship should be fostered by saturating a few
locations or scaling over a larger geographic area at low saturation. In a large randomized control
trial in Malawi, I exogenously vary the program saturation of an entrepreneurship support training
to assess whether business performance increases or decreases in the share of treated neighbors.
Saturation at the household cluster level is randomly assigned to be either 50% or 100% of el-
igible households, corresponding to 18.5% and 37% of the population, respectively. I also test
a simple coordination intervention encouraging households to coordinate with each other when
choosing their business venture, rather than duplicating existing businesses. The entrepreneurship
support program under investigation is the graduation model, first popularized by the Bangladeshi
NGO BRAC, which combines monthly cash transfers, productive assets or business start-up grants,
entrepreneurship training, formation of savings groups, and one-on-one life skills coaching.

The coordination intervention did not succeed in shifting entrepreneurs-to-be out of the retail
sector. While there are weak indications of sectoral shifts in both the business plans that program
participants submit as well as the livelihoods households report very shortly after the cash grant,
these differences dissipate within just a few months. My study demonstrates that the barrier is not
simply an information friction, but I provide evidence that the lack of hard skills confines these
entrepreneurs in the petty trading sector.

Eighteen months after the start of the intervention, the saturation results are nuanced: In terms
of earnings, the businesses in high and low saturation clusters initially track each other’s perfor-
mance closely over time, but show signs of divergence, with low saturation cluster entrepreneurs

1



earning at times up to twice as much. The cumulative earnings are not significantly different from
one another, but the point estimate for the high-saturation group is about 21% lower than that of
the low-saturation group. It is important to note that an implementer may prefer to implement
at high saturation even if earnings were significantly lower as long as earnings losses do not offset
savings from economies of scale. In the program I analyze, the cost savings at high saturation
are about 30%. Firms in the high saturation clusters are significantly more likely to exit, with
households reverting to casual labor. An even starker indication of overcrowding is that the higher
saturation induces out-migration.

Ultra-poor graduation programs (UPGs), aimed at promoting entrepreneurial activity by people
in extreme poverty, are the closest that development economics has come to a silver bullet for
sustainably alleviating extreme poverty (Sulaiman et al., 2016; Wydick, 2020). While in-kind,
conditional and unconditional cash transfers have been shown to provide effective poverty relief and
invigorate micro-enterprises in the short run (Sulaiman et al., 2016; Baird et al., 2011; Blattman et
al., 2014; Haushofer and Shapiro, 2016; Cahyadi et al., 2020; Brooks et al., 2022; Egger et al., 2022),
in-kind transfers or strong-handed conditionalities may induce distortionary effects (Bryan et al.,
2021), and the evidence on long-term effects is mixed at best and favors settings where households
are above the international extreme poverty line to begin with (Gertler et al., 2012; De Mel et al.,
2012; Aizer et al., 2016; Ikegami et al., 2017; Haushofer and Shapiro, 2018; Araujo et al., 2019;
Millán et al., 2020; Aggarwal et al., 2022; Altındağ and O’Connell, 2023; Fiala et al., 2022). Skills
training, coaching, or access to loans or savings facilities by themselves show few if any impacts
(Blattman and Ralston, 2015; Berge et al., 2015; Valdivia, 2015; Bauchet et al., 2015; Chowdhury
et al., 2017; Brooks et al., 2018; Sedlmayr et al., 2020; Giné and Mansuri, 2021; Leight et al., 2021,
2022). On the other hand, UPGs following the BRAC model (studied here) seem to be standing
the test of time while providing results that are larger than the sum of their parts in response
to the highly complex challenge that multidimensional poverty traps pose (Sulaiman et al., 2016;
Banerjee et al., 2015; Bandiera et al., 2017; Banerjee et al., 2021; Balboni et al., 2022; Chowdhury
et al., 2017; Sedlmayr et al., 2020; Bedoya et al., 2019). If the first Sustainable Development Goal
of ending extreme poverty by 2030 is to be achieved, the development community needs to better
understand how UPGs scale. My study highlights that a key barrier to scale will be the access to a
broader set of sectors through the provision of diverse hard skills – a challenging barrier considering
that providing a diverse set of hard skills within the same location will erode economies of scale.

Spillovers are a common concern in poverty alleviation programming. While Egger et al. (2022)
find almost no inflationary pressure from cash transfers in Western Kenya, Filmer et al. (2021)
argue that this may be linked to relatively low saturation in the study area while in their own
study they find important price increases when cash transfer saturation is high and markets remote
and Cunha et al. (2019) find differential price effects by village wealth. In the context of business
training interventions, McKenzie and Puerto (2021) find no evidence of negative side effects, while
Drexler et al. (2014) show that in their context, at least part of the benefits to the treated come
from business stealing from the control group. Such spillovers may also extend to programs that
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support new entrepreneurial activity, the focus of this study. I do not find impacts of program
saturation on the price of the key commodity, maize. Spillovers from the treatment group onto
the control group are likewise modest. But I show that when taking an intervention to scale, it is
important to consider spillovers from treated onto other treated people.

This paper proceeds as follows. Section 2 describes the setting, research design, and intervention.
Section 3 discusses the analysis, while results can be found in Section 4.

2 Experimental design

Setting and census This study takes place in Mangochi district in the South of Malawi, one of
the poorest districts in the country. To determine program eligibility and convey an accurate picture
of the local economy, I conducted a household census of all 29,000 households in the area, covering a
population of almost 140,000 individuals (Appendix Table A1). The majority of the population are
subsistence or pre-commercial farmers (Appendix Figure A1). Outside the harvest season, few have
any income sources other than ad hoc daily labor (“ganyu”). About 40% of aggregate production
in the study area is consumed without being traded in a market. Three quarters of households
report at least one member having skipped a meal in the past week (Appendix Table A3). This
is in line with the fact that agricultural yields are low. The 2018 harvest lasted fewer than 20%
of farmers longer than six months and four months after the 2019 harvest only half of registered
households had any food reserves at all. It is six months after harvest that investments in the next
planting, both in terms of seeds and fertilizers as well as in terms of labor need to be made, but
when a majority of the rural poor are running precariously low on food and money, which they
compensate for with casual labor, drawing them away from their own fields. Existing businesses
are overwhelmingly one-person enterprises and a sizable share depend on demand within their own
village.

Sample selection and treatment assignment The sampling process is described in Appendix
Figure A2. Using the Malawi-validated Simple Poverty Score Card (Schreiner, 2019) and self-
reported income, I identified about 40% of households as ultra-poor and eligible.1 Using k-means
geographic clustering, these roughly 11,000 households were assigned to 271 clusters. Due to how
households tend to live nearby one another, clusters often roughly correspond to villages when
these are small and remote. In larger towns, villages are usually comprised of several clusters or a
cluster can combine households from more than one village. To determine the sample, I deployed
a custom algorithm to select 72 clusters into the study in such a way as to maximize the distance
between clusters and minimize the potential for spillovers with buffer clusters in between that are

1The implementing partner excluded households from participation that have no female; have no children under
the age of 5 as of August 1, 2023; did not appear ultra-poor based on either their stated income or the Simple
Poverty Scorecard; in which the female was unable to carry out physical labor; whose data appeared implausible to
the research team or enumerator; or who were not willing to be registered or could not be found during several (mop
up) visits. The latter two criteria were very rare.
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not part of the study.2 The median household cluster is about 30 hectares in size and is home to
about 70 households. The minimum distance between study clusters corresponds to the distance
beyond which Egger et al. (2022) no longer find spillover effects of cash transfers.3 In my analysis,
I will therefore allow for spillovers within but not across clusters. Though this assumption may
not exactly hold in practice (for example information is likely to “travel further” than cash), the
assumption is that spillovers are substantially greater between neighbors within a cluster than
they are across clusters. Clusters were grouped into sets of three that were assigned to a program
implementer as well as being randomly assigned to one of three cohorts to be launched a few months
apart from each other (early 2024, mid 2024, mid 2025, see Appendix Figure A3).

Within each implementer’s area (stratum), the three clusters were assigned at random to either
high treatment saturation (everybody treated), low treatment saturation (half treated, randomly
selected at the individual level) or pure control group (nobody treated). The saturation levels were
chosen following Baird et al. (2018).4 Assigning each implementer one of each type of cluster is
tantamount to geographic and implementer stratification (Bruhn and McKenzie, 2009; Bai, 2022).

In order to balance the sample on a number of key outcome and mechanism variables (see Ta-
ble A4), I first run the treatment assignment algorithm 100,000 times (seeding each with the counter
of its iteration). I then estimate baseline balance under each theoretical treatment assignment and
discard assignments that lead to a statistically significant imbalance in any of the key mechanism
variables at the 10% significance threshold (Morgan and Rubin, 2012). In other words, I enforce a
“visually clean” balance table. I then randomly pick one of the permissible treatment assignments.
As pointed out in both Bruhn and McKenzie (2009) and Morgan and Rubin (2012), classical in-
ference that does not take this rerandomization into account would now on average (though not in
every single case) be too conservative, leading to confidence intervals on the average treatment ef-
fect with overly wide coverage and too few rejections of null hypotheses. A Fisher (1935) exact test
has the correct coverage, though it tests the sharp “randomization hypothesis” that the treatment
had no effect on anyone rather than on average (Ritzwoller et al., 2025). Traditionally, researchers
using rerandomization methods have done so somewhat ad hoc, rerandomizing until the balance
table was satisfactory. My approach is more transparent. Given R simulated assignments and k

baseline balance table variables, the likelihood of discarding an assignment at the 10% significance
level is q = 1 − (1 − 0.1)k and I can therefore use the remaining R × (1 − q) simulated assignments
for the randomization inference (Young, 2019).

2After cluster selection and baseline survey, but before the start of the intervention, the local government des-
ignated one of our clusters as a flood-prone area and ordered it to be vacated. As our study may have encouraged
people to stay in an unsafe area, we shifted to a neighboring cluster in this one instance.

3If anything, my study area’s road network is substantially less developed and personal ownership of bicycles or
even motorbikes is lower in Southern Malawi than in Western Kenya and the terrain is sliced up by seasonal rivers
that make effective distances larger than straight-line distance.

4I am designing my study to be optimally powered for spillovers among treated households. Modifying equation (6)
in Baird et al. (2018) to omit the standard error of the spillover effect on the control group, I restate their Theorem
2 to conclude that the optimal high saturation is 100% and the optimal low saturation would have been below 30%
and dependent on intra-cluster correlation of outcomes. However, in conversation with the implementing partner,
we decided to increase the lower saturation to 50% which would represent a more policy-relevant comparison. Less
saturated clusters would also make program components like savings groups difficult to implement.

4



I leverage the exogenous variation between high and low saturation to answer whether increased
saturation leads to excess competition and overcrowding of small village economies or to critical
mass and spending multipliers through which the budding entrepreneurs make each other viable.

Intervention The intervention is a standard BRAC-style UPG (Banerjee et al., 2015; Bandiera
et al., 2017) with two key modifications. First, instead of livestock and related training, households
receive a one-off labeled5 cash grant of $300 intended for starting a business. Flexibility is given to
participants for leveraging their own informational advantage over ability and preferences and they
receive four months of weekly general-purpose business training covering financial literacy, market
analysis, budgeting, record keeping, funding sources, and the development of business ideas. Second,
program participants (mothers of children under five) receive an additional four-month training
course on early childhood development. Otherwise, the program is comparable to BRAC’s and
other UPGs in the literature: Treated households receive six monthly cash transfers of $20 (labeled
for investments in child health and wellbeing as well as business experimentation prior to the large
grant). The structure of cash transfers is closely aligned with evidence on how poor households
themselves prefer to receive such funds, combining a regular buffer with a large lump-sum that
arrives after sufficient time for deliberation (Kansikas et al., 2023).

All households in the study receive fortnightly visits from program implementers which in the
original program design are intended for tracking training progress and answering questions the
participant may have. During the program evaluation, we additionally use these meetings for brief
surveys on consumption and investment choices, livelihood activities, as well as shocks and coping
behavior. Both the treatment and control group receive a basic phone for scheduling of surveys
and for receipt of cash transfers or survey incentives through mobile money. At the community
level, the formation of savings and loan groups is encouraged. Local childcare centers are supported
financially and with the same ECD training. Both treatment and control group are expected to
benefit from this last aspect.

In half of the treated clusters, implementers do not guide which kinds of businesses participants
start start, while the other clusters receive a business selection guidance treatment. In these clusters,
participants first listen to a story of three women in a similar position as them, having participated
in an entrepreneurship training program and ready to receive their cash grant when they discover
that they all three had the same business idea. The women in the story come to the realization that
there would probably not be enough demand for all three of them to pursue the same business and
they instead choose different businesses. After reading the story, the implementers ask participants
to share with each other what kinds of businesses they would like to start (as a ranked preference
list). Participants are then asked to consider what would happen to their profitability if they all
started similar businesses and encouraged (but not forced) to coordinate so that they do not all

5The grant is largely unconditional, but the NGO encourages that it be used for starting a business or supporting
an existing one. Receipt requires attending the training and being able to adequately verbalize a concrete business
plan, but participants can miss sessions without penalty and are coached until their plan is satisfactory and the actual
implementation of said plan is not afterwards enforced.
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start the same businesses as one another. The goal is to first widen participants’ pool of potential
business ideas and second to prime them to think about the general equilibrium consequences of
their business choice. The coordination intervention is motivated by the fact that when asked why
they would like to pursue a particular research idea, the majority of participants mentioned that
they had seen other people earn good money this way. For an individual prospective entrepreneur,
imitation is of course a potentially sensible strategy. But the fact that this is by far the predominant
motive points to a potential neglect of general equilibrium effects that may be detrimental at scale
(Figure 1).

Figure 1: Evidence of general equilibrium neglect

Notes: This figure summarizes common motivations that participants state for why they would like to
pursue a given business idea. The overwhelming majority expresses what I term general equilibrium neglect:
That they would like to emulate the profits of others, perhaps without internalizing the effects of their own
entry. I hypothesize that this will have detrimental consequences in a high-saturation implementation and
it motivates devising a business coordination intervention.

3 Empirical strategy

There are two natural benchmarks for program performance. One is to ask, whether more or fewer
businesses become successful relative to how many were supported (and how well they perform) as
more people are treated (Figure 2(a)). So for example, if five out of thirteen supported businesses
are successful in a low saturation cluster, then if the program scales with constant returns to
saturation, we would expect ten to succeed when 26 are supported. Under increasing returns, it
would be more than ten and vice versa. But in practice, some losses in program effectiveness are
permissible considering the important economies scale in implementation cost (Figure 2(b)). High-
saturation clusters, where all 26 households (100% of eligible households) are treated, correspond to
a saturation level among the broader population surveyed during census of about 37% in the median
cluster. In low-saturation clusters, 13 randomly chosen households (50% of the eligibles) are treated,
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corresponding to 18.5% of all households in the median cluster. Given my intimate familiarity with
the cost structure of the program I evaluate, I am able to investigate not just whether there are
any adverse saturation effects (which will be of interest to academic economists), but also how they
relate to the cost savings (which will be of interest to policy makers and practitioners) when the goal
is to maximize the number of beneficiaries with viable businesses given a fixed budget. The yellow
line in the right panel, shows the program cost increasing less than one-for-one between the low
and high-saturation scenario. The gap between the blue dashed and the yellow solid line represents
the case where the program has decreasing returns to saturation, but they are outweighed by the
economies of scale.

(a) Suppose at low saturation, the treatment pro-
duces about five successful businesses (blue dot).
Relative to that, scaling with constant returns to
scale (no spillovers) is indicated by the yellow line
while increasing and decreasing returns to scale, are
scenarios indicated by green (critical mass) and red
(overcrowding) respectively.

(b) Implementation costs, however, increase less
than proportionally with saturation and the area
between the constant returns to scale line (blue,
dashed) and the decreasing cost of scale curve (yel-
low) may still be attractive if the goal is the most
successful businesses per dollar spent.

Figure 2: Conceptual framework
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As pre-specified, I estimate the following linear regressions:6

yi =β0 + βT Treatmenti + βCCoordination Interventioni + βBLyBL
i + βM1[yBL

i missing] + βFESi + εi

(1)

yi =β0 + βT Treatment + βHHigh saturation + βBLyBL
i + βM1[yBL

i missing] + βFESi + εi (2)

Standard errors are clustered at the strata (cluster triplet) level (De Chaisemartin and Ramirez-
Cuellar, 2024) which is the level of randomization and I am controlling for baseline levels of all
outcome variables (ANCOVA). I investigate three key outcome variables, sector choice, business
survival and profits.7 Equation 1 investigates whether the addition of the coordination information
intervention alters sector choices among treated households.

The sign of βH in equation (2) is the main parameter of interest in this study, theoretically
ambiguous, and merits discussion. If it is relatively close to zero for both outcomes, there would
be no evidence of spillovers among the treated for business performance. This would indicate room
in the local economy for more firms. If the coefficient is positive for either outcome, this would
speak in favor of the spending multipliers and critical mass hypothesis. If either one or both of
the coefficients are negative, this would support overcrowding. If one were positive and the other
negative (e.g. more surviving firms but with lower profits), then the local economy may be at
capacity, but the constraint operates only along one margin.

4 Results and mechanisms

4.1 Regression results

In Appendix Table A4, I show sample balance. As discussed above, the clean balance table follows
mechanically from the randomization approach. Attrition at the one-year follow-up (midline) survey
is 2.7% at midline and 9.5% at endline. Attrition is balanced between treatment and control group.

The coordination lesson did not meaningfully increase the number of distinct or unique busi-
nesses in a cluster. It appears to have marginally compelled program participants to propose
non-retail service businesses ahead of receiving the cash grant (Table 1), but it did not meaning-
fully affect the actual sectors they are operating in after receiving the cash grant (Table 2). Since
the coordination intervention did not affect business choices meaningfully, I henceforth pool their
results to compare high and low saturation clusters.

Turning to the performance of the businesses, I compare high-saturation clusters to two bench-
marks, as described in section 3. First, I compare them to low-saturation clusters to investigate

6The pre-analysis plan additionally contained an interaction of the saturation level and coordination intervention.
Since the latter turned out to be ineffective, I concentrate the statistical power on the simple comparisons instead,
which should therefore be interpreted as weighted averages of the treatment effect of the uninteracted treatment
effects (Muralidharan et al., 2023).

7In what follows, I will use the term “profit” somewhat loosely. To be precise, I will focus on the gross margin,
defined as revenue minus all ongoing expenses and abstract away from any amortization of a potential asset that
households may already own or buy from intervention cash grant.
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whether program impacts scale linearly or display positive or negative spillovers that intensify with
saturation. Second, I compare performance to a cost benchmark, since implementation at higher
saturation saves the implementing partner about 30% of their per-household costs. I use two main
metrics: One view of these entrepreneurship support programs is that not everybody is a good
entrepreneur and it is very hard to know ex ante who will be talented (or lucky) enough to perform
well (Hussam et al., 2022; Haushofer et al., 2022; Banerjee et al., 2025). I therefore count as suc-
cessful entrepreneurs those who earn at least threefold the average control group earnings between
after the cash grant and for the remainder of the study duration. I estimate that a little over half
of households in both low and high-saturation clusters are successful by this metric, an increase
by 25 percentage points over the control group (Figure 3, left). The estimate is somewhat but not
significantly lower in the high-saturation group where it sits in between the low-saturation and the
cost benchmark.

When it comes to earnings, the point estimates group are about 21% lower in high-saturation
clusters than in the low-saturation clusters, close to the cost savings benchmark, though not sta-
tistically significantly different from either benchmark (Figure 3, right). I can confidently reject
large positive spillovers as found in Egger et al. (2022). Figure 4 shows that earnings diverge from
time to time between the two cluster saturation levels (Table 3). Earnings co-move within clusters,
making standard error clustering very taxing.

With more firms and lower earnings per firm, it seems reasonable to ask whether the business
environment in the treated areas has become more competitive, entailing spillovers outside the
study sample. I track maize prices from August 2024 onwards in the entire study area. As Malawi’s
foremost staple crop, maize has a pivotal role as a barometer for price levels more broadly and many
of the studied businesses engage in retail of food crops and may exert downward pressure on maize
prices. Figure 5 suggests that maize prices track each other through heavy seasonal fluctuations in
all cluster types for the first few months of the study, though during the lean season price peak,
the treated clusters seem to have had slightly lower prices. This divergence, however, is driven if
anything by the low saturation cluster, suggesting that higher saturation is not a driver of more
competitive retail markets for maize.
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Table 1: Business choices (planned)

(1) (2) (3)
Treatment
mean (SD)

Coordination
Intervention

N
(BL)

Agriculture, Fishing, Forestry .0733 -.009082 914
(.2608) (.01564) ✓

Manufacturing .0339 -.0008599 914
(.1811) (.01664) ✓

Non-retail Services .0481 .0351∗ 914
(.2142) (.01824) ✓

Retail .8239 -.01487 914
(.3812) (.02813) ✓

Distinct businesses 7.604 .9583 48
(2.06) (.9639) ×

Unique businesses 3.75 .6667 48
(1.952) (.8102) ×

Cluster HHI .066 -.0005026 48
(.0238) (.01337) ×

Notes: Analysis in this table is among treated households (who wrote a business plan) and the treatment
coefficient is therefore omitted. The last column indicates the number of observations. All regressions
are implemented as an ANCOVA specification, controlling for strata fixed effects. A ✓ indicates that
the outcome variable is available for all observations at baseline. If it was not collected at baseline, a
× is shown, and if it is partially available, missing observations are set to zero and dummied out (✓).
Where available, regressions control for baseline levels of the outcome. Standard errors are clustered at
the household cluster level. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 2: Business sector choices (actual)

(1) (2) (3) (4)
Control

mean (SD)
Treatment

Effect
Coordination
Intervention

N
(BL)

Casual labor, charity .6015 -.3605∗∗∗ .05629 997
(.4902) (.0568) (.04526) ✓

[0] [.2398]
Farming, fishing, forestry .3239 .04006 -.009991 997

(.4686) (.05583) (.02932) ✓
[.4755] [.7153]

Manufacturing .0411 .06793∗∗ -.03696 997
(.1988) (.02477) (.0291) ✓

[.02797] [.2607]
Non-retail services .0848 .04641∗∗ .04792∗ 997

(.279) (.02039) (.02251) ✓
[.02697] [.04396]

Retail .0823 .3169∗∗∗ -.04279 997
(.2751) (.03162) (.03735) ✓

[0] [.2787]
Unique income source .1732 .06441∗ .08439 970

(.3789) (.03188) (.05303) ×
[.07293] [.1159]

New income source (village) .0577 .08364∗ .03768 970
(.2336) (.04063) (.04401) ×

[.05594] [.4066]
Notes: The last column indicates the number of observations. All regressions are implemented as an ANCOVA spec-
ification, controlling for strata fixed effects. A ✓ indicates that the outcome variable is available for all observations
at baseline. If it was not collected at baseline, a × is shown, and if it is partially available, missing observations are
set to zero and dummied out (✓). Where available, regressions control for baseline levels of the outcome. Standard
errors are clustered at the strata level. Fisher (1935) exact test p-values from 1000 simulated alternative treatment
assignments are shown in brackets. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 3: Business performance

(1) (2) (3) (4)
Control

mean (SD)
Treatment

Effect
High Satu-

ration
N

(BL)
Does business .4722 .3796∗∗∗ .01082 995

(.3505) (.04556) (.01443) ✓
[0] [.4625]

Investment in inventory 216,500 1,537,971∗∗∗ -256,487 995
(506,077) (296,993) (210,084) ×

[0] [.2428]
∼ productive assets 11,874 27,742∗∗∗ 28,202∗ 995

(105,511) (8,522) (14,667) ×
[.000999] [.06793]

Hours worked 257 29.53 -21.94∗∗∗ 995
(163.4) (18.97) (6.804) ×

[.1568] [.000999]
Earnings 723,816 1,297,310∗∗∗ -278,848 995

(707,048) (390,094) (224,934) ×
[.001998] [.2677]

Notes: The last column indicates the number of observations. All regressions are implemented
as an ANCOVA specification, controlling for strata fixed effects. A ✓ indicates that the
outcome variable is available for all observations at baseline. If it was not collected at baseline,
a × is shown, and if it is partially available, missing observations are set to zero and dummied
out (✓). Where available, regressions control for baseline levels of the outcome. Standard
errors are clustered at the strata level. Fisher (1935) exact test p-values from 1000 simulated
alternative treatment assignments are shown in brackets. Significance is denoted by ∗ p < 0.1,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Figure 3: Earnings by saturation

Note: This graph compares regression results for indicators of being a successful entrepreneur (left) as well
as average earnings (right) across cluster types.

Figure 4: Earnings by saturation

Note: This graph plots monthly earnings over time relative to the cash grant. After an initial spike in the
treatment group, earnings diverge and stay higher for the low-saturation clusters.
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Figure 5: Maize price by saturation

Note: The price of maize, the dominant staple crop in the region, follows strong seasonal fluctuations, but
does not appear affected by the high- or low-saturation treatment.
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4.2 Mechanisms and robustness

The section discusses potential channels through which overcrowding might operate or manifest
itself. Lower profits are not a mechanical byproduct of adverse selection into business as the 13
households selected into treatment among the 26 households that make up a low saturation cluster
are chosen at random and Table A4 shows balance on ability and prior experience. I do not find
any evidence that entrepreneurs in the different types of clusters spend more or less time working
(Figure 6) or invest differentially in assets (Table 4).

All treated participants, regardless of saturation status, are more likely than the control group
to ever sell goods at another town’s market (Table 5) but the coefficient for the high-saturation
clusters is sizable and negative though just shy of statistical significance. This may be a mediating
response to increased competition in high saturation clusters and would explain why the spillover
effects are not stronger. I find no effects on further away trips, longer travel in response to the
treatment. The strongest indicator of competitive pressure is that households in high-saturation
clusters are more likely to send an adult member permanently away or move with the household
as a whole. The most common place for businesses to sell on a day-to-day basis, however, remains
nearby (Figure 7).

A key concern for the validity of my results are spillovers across clusters. As discussed in
section 2, household clusters are buffered in space in order to avoid spillovers across them. I now
look for evidence of such spillovers. The presence of non-treated households in low-saturation
clusters allows me to test for another type of spillovers from treated onto control households, by
comparing them to pure control clusters. This is not a direct test of across-cluster spillovers. If one
is willing to posit, however, that spillovers should generally decay with distance, then finding few
spillovers onto immediate untreated neighbors from the treatment should be reassuring that there
are no spillovers across clusters either. I test this using the pre-specified regression equation

yi =β0 + βT Treatmenti + βSSpilloveri + βBLyBL
i + βM1[yBL

i missing] + εi.

Here, Spillover is an indicator for being a control household in a low-saturation cluster and coefficient
βS compares these households directly to control group households in pure control clusters. Results
in Table 6 show relatively little evidence of such spillovers onto non-treated households who are
much less likely to run competitor firms to the treated.

It does not appear as though the larger cluster size deteriorated training quality significantly.
Table 7 shows that the high-saturation clusters score consistently (but not statistically significantly)
lower than their low-saturation counterparts, though only by less than 1 point out of 100. I
also verify whether the coordination intervention is reflected in the test scores by investigating
whether coordination-related themes are mentioned by program participants. Those who received
the coordination intervention were indeed more likely to mention being aware of one’s competitor’s
weaknesses as factors that contribute to business success, though they are no more likely to say that
one should find one’s own niche and there is no difference in whether they highlight the presence
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Figure 6: Hours worked by saturation

Note: Hours worked per week are not affected by treatment.

Table 4: Assets owned

(1) (2) (3) (4)
Control

mean (SD)
Treatment

Effect
High Satu-

ration
N

(BL)
Total assets (MWK) 391,459 170,593∗∗∗ 22,104 1214

(473,494) (26,692) (37,693) ✓
[0] [.5984]

Business assets (MWK) 25,543 49,496∗∗ 38,951∗ 1214
(114,443) (17,258) (21,047) ✓

[.02098] [.09091]
Agricultural Assets (MWK) 14,960 8,907∗∗∗ -5,802∗ 1214

(19,353) (2,539) (2,909) ✓
[.004995] [.06793]

Personal assets (MWK) 341,534 117,109∗∗∗ -12,298 1214
(387,610) (25,032) (26,639) ✓

[.000999] [.6683]
Notes: The last column indicates the number of observations. All regressions are implemented
as an ANCOVA specification, controlling for strata fixed effects. A ✓ indicates that the
outcome variable is available for all observations at baseline. If it was not collected at baseline,
a × is shown, and if it is partially available, missing observations are set to zero and dummied
out (✓). Where available, regressions control for baseline levels of the outcome. Standard
errors are clustered at the strata level. Fisher (1935) exact test p-values from 1000 simulated
alternative treatment assignments are shown in brackets. Significance is denoted by ∗ p < 0.1,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 5: Mobility

(1) (2) (3) (4)
Control

mean (SD)
Treatment

Effect
High Satu-

ration
N

(BL)
Sell at local market .3183 .1853∗∗∗ -.09576 1214

(.4662) (.05113) (.06305) ✓
[.001998] [.1708]

Sell elsewhere .2663 .261∗∗∗ -.0371 1214
(.4424) (.04984) (.04665) ✓

[0] [.4396]
Minutes to market 56.72 2.54 5.38 1213

(52.91) (4.875) (7.104) ✓
[.6374] [.4885]

Adults left HH .2613 -.03173 .1113∗∗ 1214
(.612) (.03974) (.04364) ✓

[.4356] [.02597]
HH left study area .0609 -.04647∗∗ .02163∗∗ 1248

(.2393) (.01703) (.008637) ×
[.01598] [.02897]

Times left district .4774 1.044 -.7362 1214
(2.098) (.6224) (.6285) ✓

[.1009] [.2587]
Traveled to Lilongwe .1022 .06059 -.01138 1214

(.9561) (.09984) (.1059) ✓
[.6384] [.9421]

∼ Blantyre .1139 -.07932 .09273 1214
(1.276) (.05907) (.05423) ✓

[.2388] [.05594]
∼ Mangochi town .3903 .5313∗∗∗ .3821 1214

(1.381) (.1576) (.3918) ✓
[.003996] [.3916]

Notes: The last column indicates the number of observations. All regressions are
implemented as an ANCOVA specification, controlling for strata fixed effects. A ✓
indicates that the outcome variable is available for all observations at baseline. If it
was not collected at baseline, a × is shown, and if it is partially available, missing
observations are set to zero and dummied out (✓). Where available, regressions
control for baseline levels of the outcome. Standard errors are clustered at the
strata level. Fisher (1935) exact test p-values from 1000 simulated alternative
treatment assignments are shown in brackets. Significance is denoted by ∗ p < 0.1,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 6: Spillovers onto untreated households

(1) (2) (3) (4)
Control

mean (SD)
Treatment

Effect
Spillover
Control

N
(BL)

Does business .6851 .2096∗∗∗ -.03621 1214
(.4649) (.03662) (.04995) ✓

Casual labor, charity .804 -.167∗∗∗ .03153 1214
(.3973) (.03578) (.03996) ✓

Farming, fishing, forestry .6131 -.08689∗∗ -.006033 1214
(.4875) (.04058) (.05075) ✓

Manufacturing .1424 -.01298 -.02965 1214
(.3497) (.02128) (.02125) ✓

Non-retail services .1457 .1022∗∗∗ -.02338 1214
(.3531) (.02086) (.02668) ✓

Retail .1977 .4538∗∗∗ .0491 1214
(.3986) (.03969) (.03716) ✓

HH income (12 months, MWK, winsorized) 664,083 384,265∗∗∗ -80,732 1213
(647,484) (62,354) (57,500) ✓

Total assets (MWK) 391,459 169,153∗∗∗ -48,596∗ 1214
(473,494) (33,447) (22,897) ✓

Business assets (MWK) 25,543 75,036∗∗∗ -836.2 1214
(114,443) (18,611) (8,842) ✓

Agricultural Assets (MWK) 14,960 4,160∗∗ -2,721 1214
(19,353) (1,691) (2,055) ✓

Personal assets (MWK) 341,534 95,330∗∗∗ -41,254∗ 1214
(387,610) (23,894) (23,101) ✓

Any livestock .4941 .4076∗∗∗ -.04251 1214
(.5004) (.0466) (.03304) ✓

Livestock value (MWK) 41,333 70,479∗∗∗ -4,984 1214
(91,642) (10,588) (5,338) ✓

Any savings .3166 .4685∗∗∗ -.0777∗ 1214
(.4655) (.0396) (.03802) ✓

Total savings (MWK) 12,791 59,421∗∗∗ -131.8 1214
(32,717) (8,584) (2,936) ✓

Notes: The last column indicates the number of observations. All regressions are implemented as an ANCOVA spec-
ification, controlling for strata fixed effects. A ✓ indicates that the outcome variable is available for all observations
at baseline. If it was not collected at baseline, a × is shown, and if it is partially available, missing observations are
set to zero and dummied out (✓). Where available, regressions control for baseline levels of the outcome. Standard
errors are clustered at the strata level. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Figure 7: Location of most business sales

Note: The fact that most business sales happen within the same village or right in front of an entrepreneur’s
house reduces across-cluster spillover concerns through markets.

of competitors (Table 8).

Table 7: Post-training evaluation results

(1) (2) (3)
Treatment
mean (SD)

High Satu-
ration

N
(BL)

Business knowledge .4562 -.005078 923
(.16) (.01237) ✓

ECD knowledge .5212 -.008697 923
(.1347) (.00958) ✓

Preventive health knowledge .6042 -.009652 923
(.2078) (.01519) ✓

Notes: Analysis in this table is among treated households (who wrote a busi-
ness plan) and the treatment coefficient is therefore omitted. The last column
indicates the number of observations. All regressions are implemented as an
ANCOVA specification, controlling for strata fixed effects. A ✓ indicates
that the outcome variable is available for all observations at baseline. If it
was not collected at baseline, a × is shown, and if it is partially available,
missing observations are set to zero and dummied out (✓). Where available,
regressions control for baseline levels of the outcome. Standard errors are
clustered at the household cluster level. Significance is denoted by ∗ p < 0.1,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 9 splits the sample by whether households were engaged in retail businesses at baseline
(column (3)) and those who were not (column (2)). It reveals that prior experience correlates with
improvements in every reported metric of business performance. While not all of the differences
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Table 8: “Name factors that contribute to business success.”

(1) (2) (3)
Treatment
mean (SD)

Coordination
Intervention

N
(BL)

Competitor weaknesses .3424 .1081∗∗∗ 923
(.4748) (.03739) ✓

Business niche .623 .0213 923
(.4849) (.03017) ✓

Aware of competitors .4875 -.01049 923
(.5001) (.03557) ✓

Notes: Analysis in this table is among treated households (who wrote
a business plan) and the treatment coefficient is therefore omitted.
The last column indicates the number of observations. All regressions
are implemented as an ANCOVA specification, controlling for strata
fixed effects. A ✓ indicates that the outcome variable is available for
all observations at baseline. If it was not collected at baseline, a × is
shown, and if it is partially available, missing observations are set to
zero and dummied out (✓). Where available, regressions control for
baseline levels of the outcome. Standard errors are clustered at the
strata level. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

are statistically significant (at the current sample size), they all point in the same direction.

4.3 Discussion

A broad but perhaps under-appreciated pattern in structural transformation is that the retail sector
is the first livelihood outside of agriculture for many extremely poor people. My paper shows that
while recipients express general equilibrium neglect in how they chose their businesses, this cannot
have been the only barrier to broader sectoral diversification. The lack of hard skills emerges as a
likely next bottleneck.

There are first signs of a divergence in earnings a few months after the cash grant, which
come into sharper relief when focusing on business survival and exit. The point estimates on
earnings reductions and exit are roughly in line with the cost savings for the implementer from
scale economies. A particularly stark sign of overcrowding is that the higher saturation arm induces
significant out-migration.

Prices do not appear to be systematically affected by saturation, suggesting that increased
demand and supply either cancel each other out or the lower earnings come about by spreading a
limited number of sales at fixed prices among more entrepreneurs who are already at a competitive
benchmark.

On the whole, these findings cast doubt on the ability to scale an entrepreneurship-focused
graduation model through saturation in contexts where a large share of the population is eligible,
and without removing barriers to entry into a broader range of sectors. This, however, would require
innovation in hard skills training delivery that can provide different skills to different people and
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Table 9: Business performance by prior experience

(1) (2) (3) (4) (5)
Control

mean (SD)
Treatment
Effect (0)

Treatment
Effect (1)

Difference
p-value

N
(BL)

Does business .4722 .3756∗∗∗ .4377∗∗∗ [.0466]∗∗ 995
(.3505) (.04547) (.05059) ✓

[0] [0]
Investment in inventory 216,500 1,234,756∗∗∗ 2,022,983∗∗∗ [.006641]∗∗∗ 995

(506,077) (191,062) (241,990) ×
[0] [0]

∼ productive assets 11,874 44,695∗∗∗ 54,868∗∗∗ [.2495] 995
(105,511) (12,042) (15,828) ×

[0] [.002997]
Hours worked 257 10.65 36.39 [.05719]∗ 995

(163.4) (19.96) (23.92) ×
[.6424] [.3257]

Earnings 723,816 1,001,482∗∗∗ 1,658,562∗∗∗ [.02288]∗∗ 995
(707,048) (263,836) (365,164) ×

[0] [0]
Gross margin 506,909 -240,344 -377,880 [.4223] 995

(482,403) (163,984) (244,955) ×
[.1568] [.1608]

Profitable .9588 -.3198∗∗∗ -.3813∗∗∗ [.09847]∗ 995
(.1991) (.07384) (.07585) ×

[0] [0]
Notes: The last column indicates the number of observations. All regressions are implemented as an
ANCOVA specification, controlling for strata fixed effects. A ✓ indicates that the outcome variable
is available for all observations at baseline. If it was not collected at baseline, a × is shown, and if
it is partially available, missing observations are set to zero and dummied out (✓). Where available,
regressions control for baseline levels of the outcome. Standard errors are clustered at the strata level.
Fisher (1935) exact test p-values from 1000 simulated alternative treatment assignments are shown in
brackets. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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thus may not attain scale economies. Apprenticeship programs are an avenue worth exploring in
future research.
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Appendix
A Additional figures and tables

Table A1: Study population

(1)
Count

Households
Number of surveys conducted 28,853
Female primary adult present 27,684
U5 present 16,882
No children present 3,254

Individuals
Population 138,548
Adults 65,162
Children 73,386
U5s 20,998

Number of villages 162
Number of CBOs 25
Number of ADCs 5
Census of all households in Mangochi district’s sub-
district (“Traditional Authority”) Nankumba. The
urban center Monkey Bay and the tourist destina-
tion Cape Maclear were omitted from this census
as well as an area in the South-West of Nankumba
where another NGO is implementing a livelihood
program. Area Development Committees (ADCs)
are administrative subdivisions of a subdistrict, while
Community-Based Organizations (CBOs) are associ-
ations of several villages organizing development ini-
tiatives or providing local public goods together.
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Figure A1: Most common income sources in the study area

Note: This figure describes the income sources of the population as stated during the area-wide census.
People are predominantly farmers or casual “‘ganyu” laborers. Outside of the primary sector, retail is
another common income source.

Table A2: Livelihoods

(1)
Percent

Agriculture
Crop farming 76.5
Subsistence crop farming 73.5
Marketed crop farming 17.8
Share of yield marketed 29.2
Share of yield marketed (conditional) 69.8
Livestock 3.3

Piece work
Ganyu 51.7
Exclusively subsistence + ganyu 27.6

Business
Business 58.0
Employees > 0 4.1
Local non-ag employment potential 3.4

Observations 29084
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Figure A2: Sampling funnel

Note: This figure describes how the sample is selected from the census population. Starting from the census
population of about 29,000 households, about 60% were deemed ineligible, mostly for lack of a child under
age five. Among apparently eligible households, 271 clusters of 40-50 households were formed by proximity
using k-means clustering. A second custom algorithm then selected 72 of these clusters in such a way as to
maximize the distance between the nearest two clusters, in order to minimize spillover concerns (cf. Appendix
Figure A3). The other clusters serve as buffer zones. Among the selected clusters, household verifications
were conducted that resulted in some households being deemed ineligible under the same criteria as in the
census, while selecting the 26 eligible households closest to the cluster centroid and excluding the remainder
as additional buffer households on the periphery of the clusters. The 72 clusters were grouped into triplets
by proximity and assigned an implementing staff. They were also assigned at random to three cohorts to
undergo the intervention at different times in the agricultural season. The full sample was surveyed at
baseline and the graph shows attrition in the subsequent survey rounds.
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Figure A3: Clusters by cohort

Note: This map shows the 72 study clusters of 26 households each that make up the study sample, color-
coded by the cohort they are assigned to.

Figure A4: Study timeline

Note: This figure describes the study timeline. A census of the study area was conducted in August 2023.
Household eligibility verifications followed in October 2023. The baseline survey for cohort 1 was conducted
in December 2023 and high-frequency surveys in this cohort started in April 2024. The large one-off cash
grant was paid out in August 2024. The midline survey was collected in January 2025, followed a year later
by the endline survey.
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Table A3: Poverty

(1)
Percent

Skip meal (past two weeks) 76.8
Female illiterate 37.7
Thatch roof 64.5
No furniture 80.3
No phone 51.9
No bedding 15.7

<2.15 PPP 2017 USD (self report) 92.7
<2.15 PPP 2017 USD (PMT) 85.1

# children / adult (if > 0) 1.5
# income sources 1.5
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Table A4: Balance

(1) (2)
Control Mean

(SD)
Treatment

(SE)
Household and participant characteristics

Household size 5.4 -.1175
(1.8) (.09726)

Age 32 -.5641
(8.4) (.4244)

Years of education 5.7 -.1218
(2.9) (.1906)

Literate .69 .005342
(.46) (.02665)

Livelihood and assets
Hours worked (7 days) 22 -.3643

(18) (.7828)
HH income (12 months, MWK) 475,629 11,315

(480,571) (47,515)
Total savings, assets, livestock, minus debt (MWK) 256,874 -17,471

(365,607) (24,353)
Largest purchase (12 months, MWK) 38,607 -2,816

(121,528) (6,344)
Poverty and food security

Thatch / tarp / no roof .75 .02137
(.44) (.02314)

Food insecurity score (0-8) 7.5 .04915
(1.3) (.0641)

Health and non-health shocks
Health episodes (12 months) 16 -.578

(13) (.9197)
Non-health shocks (12 months) 21 -.3771

(18) (.8531)
Not pre-specified

Entrepreneurship knowledge score (0-100) 19 .1714
(7) (.4259)

Engaged in retail at baseline .18 -.007479
(.38) (.0236)

Observations 1,872
F 0.58
p(F = 0) .85
This table describes the baseline balance. The main panel reports the control group means and coefficients
of the treatment indicator in a regression predicting each baseline outcome variable. At the bottom of
the table, an F statistic is reported for a regression in which all outcomes jointly predict the treatment.
Only the pre-specified variables are included in the F -test. Standard errors are clustered at the household
cluster level and reported in parentheses. Significance is denoted by ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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