
Finance and Mutuality: Experimental Evidence on Credit
with Performance-Contingent Repayment∗

Francesco Cordaro† Marcel Fafchamps‡ Colin Mayer§
Muhammad Meki¶ Simon Quinn‖ Kate Roll∗∗

May 2025

Abstract

We conduct a field experiment within a large multinational’s supply chain to evaluate how financing
structures affect the performance of small firms. We compare traditional debt contracts with three
alternatives that offer a greater sharing of risk and reward. We find the largest impacts from a
novel hybrid contract, which combines debt-like features with performance-contingent payments. Our
findings suggest substantial mutual benefits for the multinational, its micro-distributors, and stockpoints
in its supply chain. These results highlight the potential of financial contracts that leverage improved
observability of performance data in low- and middle-income countries.
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1 Introduction

Does financing structure matter for the performance of small firms in low-income settings? Previ-

ous literature has highlighted several key reasons why capital structure may affect firm value; these

include financing constraints (Kaplan & Zingales, 1997), managers’ risk aversion (Berger, Ofek, &

Yermack, 1997) and information asymmetries (Myers & Majluf, 1984). These constraints are likely

to be particularly severe in low- and middle-income countries – where financial markets are typically

underdeveloped (Choudhary & Limodio, 2022; Rajan & Zingales, 1998), and state verification is costly

(Stiglitz & Weiss, 1981; Townsend, 1979). Notably, significant recent advancements in financial tech-

nology – through various forms of ‘digital footprints’ – are substantially reducing the costs of providing

credit in developing economies. One key application for novel FinTech is to extend credit to tradi-

tionally underserved clients (Alok, Ghosh, Kulkarni, & Puri, 2024; Annan, Cheung, & Giné, 2024;

Chioda, Gertler, Higgins, & Medina, 2024; Fuster, Goldsmith-Pinkham, Ramadorai, & Walther, 2022;

Suri, Bharadwaj, & Jack, 2021). In this paper, we consider a complementary innovation: leveraging

high-frequency performance metrics to design financial contracts that are better tailored to the needs

of small firms.

To do this, we conduct a field experiment within the supply chain of a large multinational food pro-

ducer – which we refer to as ‘FoodCo’. FoodCo operates route-to-market programmes across multiple

low- and middle-income countries – and, like many multinationals, relies on a network of ‘micro-

distributors’: self-employed individuals who move consumer products from the firm’s stockpoints to

its customers. Although not formally employed by the multinational, these distributors often depend

heavily on it for income, and face significant risks due to the nature of their last-mile distribution.

This provides an ideal context to test the usefulness of digital footprints for contractual design: the

multinational has excellent data on micro-distributors’ performance, and a clear interest in encouraging

capital investment within its supply chain. Historically, FoodCo had not engaged in financing activities

as it viewed its role as a supplier of food rather than of capital – avoiding the regulatory and enforce-

ment complexities that such financing would entail. In our experiment, we facilitated a collaboration

between FoodCo and a local lender. Through this collaboration, the lender gains access to FoodCo’s

administrative data, facilitating the development of innovative financial contracts. This allows us to
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test whether, in data-rich environments, performance-contingent contracts can more effectively finance

lumpy business investments – by offering a better sharing of risk and reward than traditional debt

contracts.

First, we examine the overall impact of offering asset financing. Among a sample of distributors

screened for interest in expanding their operations through the purchase of a bicycle, we find a 58%

overall take-up rate when offered any contract. This results in a substantial increase in business

profits from selling FoodCo’s products, with no evidence of effects on alternative sources of income.

Specifically, in intent-to-treat (ITT) terms, we estimate an 88% increase in monthly business profits

for those assigned to a financing contract compared to the control group, in the three years following

the experiment (standard error: 43%). The corresponding Local Average Treatment Effect (LATE)

estimate indicates a 132% increase in monthly profits (standard error: 63%). This is consistent with

increased business effort, as those who take up the contract nearly double their visits to stockpoints

each month to purchase inventory. They also significantly expand the geographical area in which they

sell, which is consistent with our GPS tracker data.

Second, we address whether novel financial contracts can support such investments more effec-

tively than standard debt contracts. To do this, we test four contract types: a standard debt contract,

an income-sharing contract, an index insurance contract, and a hybrid contract that combines debt-like

payments with income sharing. Specifically, the debt contract, the income-sharing contract and the

index insurance contract each have a fixed duration of 12 months. The hybrid contract operates on an

income-sharing basis, but ends as soon as total repayments match the repayments that would be owed

under the debt contract; in this way, the hybrid contract provides implicit insurance against economic

shocks, but caps the distributor’s upside sharing. We find that performance-contingent features lead

to improved business performance – with the hybrid contract the most successful of the four. We

find that the hybrid contract outperforms the standard debt contract on several fronts, despite similar

take-up rates (69% and 68%, respectively). In ITT terms, the hybrid contract leads to a 170% increase

in monthly profits compared to the control group (standard error: 69%), while the LATE estimate

indicates a 219% increase (standard error: 91%). For the debt contract, the ITT estimate shows a

59% increase in monthly profits (standard error: 48%), with a LATE estimate of 77% (standard error:
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63%). Cross-coefficient tests confirm that the hybrid contract outperforms the debt contract in terms

of business profit impacts, across multiple specifications.

Exploringmechanisms, we find that the hybrid contract also outperforms the standard debt contract

across several measures of business effort – including whether the financed asset is used for business

purposes, the intensity of asset usage, geographical sales expansion, business management practices,

and risk-taking through credit extension to distributors’ own customers. The hybrid contract also leads

to higher repayments to the lender compared to the debt contract. Given the nearly identical take-up

rates between the hybrid and debt contracts, we conclude that the difference in profits is driven by

effort on the intensive margin (that is, an increase in profits conditional on adopting the contract) rather

than by differences on the extensive margin; we show robustness of this conclusion using a Lee (2009)

bounding exercise.

To interpret these results, we develop a dynamic stochastic model – in which a risk-averse

distributor decides how much effort to exert on selling activities, and whether to accept or reject

various financing contracts. The model formalizes the intuition that distributors are exposed to greater

risk as they use the fixed asset, notwithstanding its high expected return. The model illustrates that

the hybrid contract breaks the traditional trade-off between implicit insurance and reduced effort by

offering repayment flexibility (and, with it, implicit insurance that helps mitigate liquidity risk) while

incentivizing additional effort to clear the debt sooner. This framework aligns with our empirical

finding of greater effort and profits under the hybrid contract.

Finally, we conduct a comprehensive cost-benefit analysis, which incorporates the combined

impacts of the intervention across all of the relevant actors: the distributors, the multinational, the

stockpoints, and the lender. The analysis includes the overall loan repayment shortfalls; notably,

repayment performance was significantly higher under the hybrid and income-sharing contracts. In-

corporating all of these costs, we find large mutual benefits along the supply chain and remarkably high

benefit-cost ratios across all contracts – particularly for the hybrid contract. This remains true even

when assuming minimal persistence of treatment effects beyond the three-year mark of the project.

For instance, for the pooled estimate, we find a benefit-cost ratio of 6.3 when assuming zero years of

treatment effect persistence, with a confidence interval of 1.5 to 11.1, corresponding to an IRR of 203%.
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This increases to 7.8 when assuming five years of persistence (confidence interval: 1.9 to 7.8), with an

IRR of 210%. For the hybrid contract, the benefit-cost ratio is 10.8 assuming zero years of persistence

(confidence interval: 3.2 to 18.4), and an IRR of 356%, rising to 13.4 with five years of persistence

(confidence interval: 4.0 to 22.8) and an IRR of 360%.

Our paper draws together two disparate strands of research, both lying at the intersection of

finance and development: (i) the literature on financing structure for small firms, and (ii) the literature

on supply chain finance. The first literature has identified limited impacts of the standard rigid

microcredit contract on business performance and household outcomes (Banerjee, Karlan, & Zinman,

2015), notwithstanding significant heterogeneity in impacts (Banerjee, Breza, Duflo, & Kinnan, 2019;

Bryan, Karlan, & Osman, 2024), positive general equilibrium effects (Breza & Kinnan, 2021; Cai

& Szeidl, 2022), and benefits from providing larger loan amounts specifically targeted at financing

lumpy capital investments (Bari, Malik, Meki, & Quinn, 2024; Van Doornik, Gomes, Schoenherr, &

Skrastins, 2024). A related body of work has shown the benefits of introducing more flexibility into

standard contracts through ‘repayment grace periods’ (Barboni & Agarwal, 2023; Battaglia, Gulesci,

& Madestam, 2024; de Haas, Crepon, Pariente, & Devoto, 2022; Field, Pande, Papp, & Rigol, 2013),

though sometimes at the cost of higher default rates (Brune, Giné, & Karlan, 2022; Field et al., 2013).

This is unsurprising, as greater risk-taking by financed businesses exposes lenders to more downside

risk, while lenders are often constrained in how much they can raise interest rates to capture the

upside from more profitable investments (Barboni, 2017). We advance this literature by improving the

alignment of incentives between capital providers and businesses – exploring a more direct method

of linking repayments to business profits. Performance-contingent contracts may be more appropriate

than traditional debt for financing investments of small firms, particularly those with high underlying

returns to capital (De Mel, McKenzie, & Woodruff, 2012; Udry & Anagol, 2006), but, until now, have

only been tested in laboratory settings or small pilot studies.1 One valuable feature of our setting is

1 See Fischer (2013), De Mel, McKenzie, and Woodruff (2019), and Meki (2024). Separately, there is a long tradition of research
in agricultural settings exploring risk-sharing, sharecropping, and other insurance-like arrangements bundled into loans to
farmers (Fafchamps & Lund, 2003; Giné & Yang, 2009; Karlan, Kutsoati, McMillan, & Udry, 2011; Ligon, 1998; Stiglitz,
1974). In particular, the benefits of income-sharing contracts for the risk averse was central to Udry’s (1994) analysis of
informal state-contingent loans in Nigeria. Our paper contributes to the limited non-agricultural literature, with a focus on more
formal actors within a multinational supply chain. There is also a literature in household finance on equity-like arrangements
for financing human capital investments (Herbst & Hendren, 2024; Mueller & Yannelis, 2022).
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the homogeneity of our sample of business owners, which – along with an understanding of the supply

chain, administrative data, and modeling of the distributor production function – provides an ideal

opportunity to explore the mechanisms through which contractual terms affect investment behavior and

effort.

The second literature – on supply chain finance – has involved relatively little empirical work

in developing countries. Nonetheless, there is increasing prevalence of large multinational route-to-

market programs, and strong demand for financing at various points in the supply chain (Casaburi &

Willis, 2024; Macchiavello, 2022). In an agricultural setting, Jack, Kremer, de Laat, and Suri (2023)

work within a milk supply chain (where output is also well observed, as in our context) and find

large benefits to financing a productive asset for farmers (a rainwater harvest tank). Other literature in

this space emphasizes strong theoretical justifications for suppliers acting as financial intermediaries

– due to their comparative advantage in assessing the performance and creditworthiness of customers,

and their ability to use relational contracting and informal means to enhance repayment likelihood

(Biais & Gollier, 1997; Blouin & Macchiavello, 2019; Breza & Liberman, 2017; Burkart & Ellingsen,

2004; Klapper, Laeven, & Rajan, 2012; Macchiavello & Morjaria, 2021; McMillan & Woodruff,

1999; Petersen & Rajan, 1997). Further, by conducting an experiment within a multinational’s supply

chain, we shed light on the exciting potential for large firms to help finance productive assets for their

‘dependent contractors’. In doing so, we contribute to a growing literature on the benefits of improved

market access for small firms (J-PAL, 2024), including the advantages of integrating small firms into

multinational supply chains (Alfaro-Urena, Manelici, & Vasquez, 2022; Rodrik & Sandhu, 2024). In

this way, we view this paper as an important proof of concept for a new class of financing contracts for

small firms operating within a supply chain that permits observability of their performance.

The paper proceeds as follows. Section 2 explains the context, design, and implementation of

the experiment, and outlines our conceptual framework. Section 3 reports our treatment effects. We

provide a cost-benefit analysis in section 4, and conclude in section 5.
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2 Experimental design

2.1 Study context

FoodCo owns a large chewing gum producer in Kenya, and its distribution system is built around

small micro-retailers, called ‘stockpoints,’ which receive deliveries from FoodCo. Such micro-retailers

are central to the economic fabric of many low- and middle-income countries, serving as the primary

channel throughwhichmillions of households purchase fast-moving consumer goods (Kruijff, Sawhney,

& Wright, 2024). In 2013, FoodCo developed its route-to-market program around these stockpoints,

which are located in both rural and urban areas and sell six types of FoodCo chewing gum alongside

non-FoodCo products. Micro-distributors in our setting purchase chewing gum (and other products)

from the stockpoints before reselling it to customers. In doing so, they wear distinctive FoodCo-branded

shirts, but do not carry company IDs.2 There is an agreement between FoodCo and the distributors, but

this functions as a code of conduct rather than a formal employment contract. Like many gig workers,

distributors operate on the ‘ill-defined periphery of the firm’ (Barratt, Goods, & Veen, 2020; Hickson,

2024), bearing the risks of last-mile distribution. This structure is common to many route-to-market

distribution programs run by multinationals around the world (Prahalad & Hammond, 2002).

Traditionally, most distributors travel on foot. Our qualitative interviews suggested that many

could significantly increase their productivity with a transportation asset (such as a bicycle), but most

are credit-constrained. Distributors must also finance their inventory up-front and do not receive trade

credit from stockpoints. These constraints make it difficult to save for lumpy investments such as a

bicycle. Although there is no obligation to sell only FoodCo products, the relative profitability of doing

so gives distributors strong incentives to remain in the program. In addition, they receive a per-bag

performance bonus paid monthly via mobile money (M-Pesa), as well as a discounted up-front purchase

price at the stockpoint (ranging from 1.1% to 2.9% of the purchase price, depending on the product).

Historically, FoodCo has not engaged in financing activities, preferring to avoid the regulatory and

enforcement complexities such activities would entail. To support capital investment for distributors in

this study, we facilitated a collaboration between FoodCo and a local non-deposit-taking microfinance

2 In Appendix Figure A4, we provide a graphical illustration of the route-to-market product flowchart.
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lender. The lender used FoodCo’s administrative data for loan screening and repayment tracking,

financed bicycles for those who accepted a contract offer, and assumed full responsibility for repayment

risk on all contracts.

2.2 Contract variants

Each bicycle cost approximately three times the average monthly profit from sales of FoodCo products.

We tested four alternative contracts to finance this purchase. All contracts required the distributor to

pay an initial deposit of 10%, with the remaining 90% of the bicycle price financed by the lender, which

bore all of the credit risk, and maintained ownership of the bicycles until completion of each contract.

All financing was digital – no cash changed hands, either in disbursing funds to clients (payments were

sent via mobile money to procure bikes), or in repayments (which were again made by mobile money).

The contracts were as follows:

(i). Debt: A contract requiring a total repayment amount equal to the asset financing amount plus a

15% mark-up, spread evenly over 12 fixed monthly payments.

(ii). IncomeShare: A 12-month contract that required clients to pay half of the fixed monthly payment

of Debt (calculated in the equivalent way), as well as paying a 10% share of their monthly profits

(calculated from FoodCo administrative data, and described in further detail below). Relative

to Debt, IncomeShare is particularly attractive for insuring downside risk: if the distributor has

a bad month, IncomeShare reduces the payments required. Conversely, it is possible for the

distributor to owe substantially more under IncomeShare than under Debt if monthly profits are

high.

(iii). Hybrid: The monthly payment under Hybrid is the same as under IncomeShare (that is, half of

the fixed monthly payment of Debt, plus 10% of monthly FoodCo profits). However, this contract

terminates once the cumulative payments reach the level required under Debt (that is, the asset

financing amount plus a 15% mark-up). Therefore, the maximum possible duration for Hybrid is

24 months (in the hypothetical case of a distributor with zero profits every month); the minimum

possible duration is just one month (in the unlikely event that profits are so exceptionally high that

the initial monthly payment matches the Debt liability immediately). Hybrid thus provides the
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advantage of mitigating liquidity risk, while avoiding the adverse incentive effects of total wealth

being exposed to unlimited upside sharing. Further, if distributors experience an endowment

effect (Carney, Kremer, Lin, & Rao, 2022), such that they would prefer to own the bicycle

outright sooner, or debt aversion (Azmat & Macdonald, 2020; Martínez-Marquina & Shi, 2024;

Paaso, Pursiainen, & Torstila, 2020), then the contract directly incentivizes effort.

(iv). IndexShare: This is an index insurance contract. Here, monthly payments are calculated in the

same manner as under IncomeShare – but the 10% sharing payments are based on an index

constructed from the profits of other distributors in their region (again, calculated using FoodCo

administrative data). This contract shares a similar advantage to the IncomeShare contract –

namely, that it insures the distributor against common shocks – but it does not penalize high effort

as IncomeShare does. This contract is similar in spirit to index insurance contracts in agriculture.

These are commonly used to mitigate asymmetric information and adverse incentive issues by

basing crop insurance payouts on average yields over a clearly defined area, rather than on their

own reported yield (Carter, Galarza, & Boucher, 2007).3

Finally, respondents in the control group were not offered the opportunity to finance a bicycle

using any contract, but maintained full ‘business as usual’ access to the FoodCo micro-distribution

program.

Our administrative measure of profits from selling FoodCo products – which forms the basis

for payments under IncomeShare, Hybrid, and IndexShare, and constitutes the main variable for our

empirical analysis – aligns with standard accounting definitions of ‘gross profits’: the value of sales

minus the cost of goods sold. We know the exact cost of goods sold because distributors purchase their

gum directly from FoodCo stockpoints. FoodCo performs meticulous checks with field officers and

stockpoints to verify the quality of data on purchases, based on which distributors are paid their monthly

bonuses (described in Section 2.1). The value of sales is also known because distributors adhere to the

recommended retail price set by FoodCo. There are six FoodCo products, and each has a specific profit

3 In our study, the index is aggregated at the regional level, encompassing Nairobi, Central Kenya, Kisumu, Eastern Kenya, and
Mombasa. The index that we calculate for each treated individual excludes their profits and the profits of other distributors at
their stockpoint.
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margin; we aggregate across the six products to form our primary measure of gross profits.4

The repayment terms of the different contracts were calibrated to be similar in terms of expected

net present value for the median distributor, given (i) the baseline distribution of distributor profits in

the broader route-to-market program and (ii) estimates, based on qualitative interviews, of the expected

impact of the bicycles on profits.

2.3 Descriptive statistics and contract assignment

We advertised within FoodCo’s network for distributors who had been in the FoodCo program for at

least three months and who were interested in acquiring a bicycle to expand their business operations.

Interested distributors were invited to a workshop, where they completed a survey. Distributors were

given the opportunity to inspect several kinds of bicycles on offer; most bicycles were ‘work friendly’

models with a rear rack.5

After the surveys, each of the four possible financing contracts was carefully explained to the re-

spondents in a group activity; this included several example scenarios and tests of understanding. When

communicating with participants, the expressions ‘Debt’, ‘IncomeShare’, ‘Hybrid’, and ‘IndexShare’

were never used; contracts were explained using their cash-flow structure in the local language (Swahili).

Respondents were then introduced to a manager from the partner lending institution, who explained that

they would be offering the financing contracts for bikes to a randomly selected subset of participants.

Each respondent then made a ‘take-it-or-leave-it’ decision on each of the contracts.

Contracts were assigned using public randomization. The experiment was implemented across

19 waves, each corresponding to one workshop; in 18 of the 19 workshops, the assignment probability

4 Note that our measure of gross profits does not include other costs commonly referred to in accounting as ‘selling, general, and
administrative’ in standard financial reporting. However, we are confident that the cost of goods sold represents the largest cost
category, which we confirmed through in-person surveys where distributors were asked about all selling activities (both FoodCo
and non-FoodCo products). Distributors reported that the cost of raw materials was by far the largest expense, representing 85%
of total operating costs. The next largest category was transportation, comprising 7% of total costs. In the cost-benefit analysis
in Section 4, we incorporate estimates from survey data to calculate a profit measure net of selling, general and administrative
costs.

5 The menu of bicycles included one higher-quality model that was nearly twice as expensive, and a ‘female-friendly’ bicycle
with a dipped bar. See Fiala, Garcia-Hernandez, Narula, and Prakash (2022) for evidence of the significant benefits of bicycles
for young women, in a setting geographically similar to ours and involving a similar Kenyan bicycle manufacturer. See also
Van Doornik et al. (2024) for evidence of large returns to another transportation asset for women, motorcycles, in Brazil, using
a novel asset financing contract.
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for each of the five treatment arms (control and four financing contracts) was equal.6 Randomization

was carried out using an opaque bag containing 100 colored balls, with 20 balls assigned to each of

the five treatment arms, drawn with replacement. Respondents who drew a contract for which they had

specified their acceptance were immediately directed to a representative from the lender, to proceed to

sign the contract.7 Individuals who drew a ball for the control group were not offered the opportunity to

finance a bicycle using any contract, but they maintained full ‘business as usual’ access to the FoodCo

micro-distribution program; similarly, individuals who had rejected the contract for which they drew a

ball were also not given any contract.

The experiment comprised 161 individual distributors, and was designed (considering the sample

size) to be sufficiently powered to detect effects when considering the large hypothesized treatment

effect, homogeneous sample, and high-frequency profit data that results in nearly 3,000 data points

for administrative data regressions. Our approach bears some resemblance to that of Bloom, Eifert,

Mahajan, McKenzie, and Roberts (2013), who conducted an experiment involving only 17 firms (28

plants) and relied on an intervention with a large hypothesized impact, homogeneity of the sample (from

a similar business sector), and the availability of a long time series complemented by high-frequency

data. These features are also present in our study.8

In total, 138 of the 161 participants were assigned to treatment (one of the four financing contracts),

with the remainder assigned to control. In the appendix, we provide summary statistics, disaggregated

by treatment assignment; the table also reports tests of randomization balance. An omnibus balance

test, assessing the equality of coefficients for each treatment across all variables, comfortably passes

6 The exception was the first workshop, in which IndexShare was not offered. In the first workshop, the assignment probability
for Debt, Hybrid, IncomeShare, and control was set to be equal, at one quarter. This leads to a slight overall under-sampling
of IndexShare relative to the other treatments, given the relatively large size of the first workshop. Nonetheless, this poses no
issues for our balance tests or follow-up regression analysis (McKenzie, 2015).

7 Had the take-it-or-leave-it decisions been binding on both acceptance and rejection, it would have been possible to conduct
tests for selection and moral hazard similar to those by Karlan and Zinman (2009) and Jack et al. (2023). Ethically, this was
not possible in our context: some individuals who agreed in principle to accept the contract were unable to produce the 10%
deposit, and it would not be appropriate to insist upon this.

8 We anticipated a substantial treatment effect in our experiment because we were providing a highly targeted asset to specifically
address a major constraint faced by distributors seeking to expand their businesses: transportation. This hypothesis was
strongly supported by qualitative work during the experimental design phase; this consistently highlighted transportation as a
key impediment to business growth.
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(? = 0.971).9 Respondents’ average age was 31, with 15% female and 70% married. 20% had a

post-secondary education. On average, respondent households had three members. In the three months

prior to the baseline survey, mean profits from all selling activities were Ks 13,329 (median Ks 10,666),

and Ks 2,874 (median Ks 2,261) from just FoodCo products (for which we use administrative data).10

Only 16% of distributors had employees; 26% also engaged in another income-generating activity

(mostly casual labor), with average income of Ks 2,000 from that source (and a median of zero).

Several variables indicate that distributors faced liquidity and credit constraints – consistent with

our qualitative findings that, despite believing that it would lead to significant profit increases, they

struggled to save for the lumpy asset. First, the median household had total monthly consumption

expenditure of Ks 17,375 compared to total household income from all sources of Ks 14,225. Second,

more than half of distributors report that none of their FoodCo purchases are received on credit.

Further, the median distributor only extends trade credit for 5% of their sales. Even where trade credit

is provided, the duration is extremely short – for those who receive trade credit from their stockpoint,

the average number of days of credit is 2.9 (median of 1), and for those who extend trade credit, average

days to repay is 2.2 (median of 1).

To situate our experiment in the broader context, we run a comparison exercise using data from

a 2016 general survey of all active distributors (conducted independently by FoodCo).11 This survey

includes 55 distributors who later joined our experimental sample in 2017 and 2018. Appendix A4

compares the characteristics of those 55 distributors with the characteristics of the general population

of active distributors. We find no significant differences between the experimental sub-sample and

the broader population of distributors in terms of age, ethnicity, religious affiliation, marital status,

education level, monthly business profits from all sources, annual household income, and a household

asset index. Our experimental sample – which focused on distributors interested in acquiring a bicycle

– did have a lower proportion of females compared to the broader sample (27%).

9 For robustness, we also estimate a multinomial logit specification to test balance between each treatment and control across all
the variables using randomization inference, following recent recommendations (Kerwin, Rostom, & Sterck, 2024). This test
also passes comfortably (? = 0.844).

10 We use Ks throughout to refer to Kenyan Shillings (KES). The USD-KES exchange rate at baseline was approximately equal to
102.

11 This survey had also provided motivation for our project, as it highlighted that many distributors expressed dissatisfaction with
the materials and equipment available to help them reach their business potential.
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2.4 Conceptual framework

To guide intuition, we now discuss the trade-offs facing a stylized micro-distributor. Specifically, we

consider a distributor who is credit-constrained, and whose productivity will increase if she acquires a

bicycle. The distributor, faced with our menu of financing contracts, needs to answer two questions.

First, the incentive compatibility question: “under each available contract, how much effort shall I

invest in sales for FoodCo?”. Second, the individual rationality question: “given a take-it-or-leave-it

decision, which contracts should I accept?”.

Risk plays two important roles in our conceptual framework – each of which reflects important

features of the actual experience of distributors in our experiment. First – using incentivized baseline

behavioral measures – we find that distributors are risk averse.12 This implies that, ceteris paribus,

distributors value a contract that bundles some degree of risk-sharing. Second, distributors operate in

a risky environment – with the risk increasing along with the distributors’ use of the lumpy asset. This

feature, too, is closely grounded in the real experience of our respondents. For example, a distributor

who cycles her bicycle further to serve new markets may increase and diversify her sales – but is also

putting that bicycle at more risk of being stolen, or destroyed in an accident; similarly, new markets

themselves are intrinsically likely to be more uncertain (Roll, Dolan, & Rajak, 2021).

To formalise these ideas, we assume that the distributor has an exponential utility function with

A being the coefficient of absolute risk aversion. We model the distributor’s net income as the sum of

income that does not depend upon the bicycle at all (‘sure thing’ sales: a constant, c0), and income

that depends upon a Cobb-Douglas form in on-contract labour effort (4) and capital (where : ≡ 1 for

no bicycle, and : >> 1 for a bicycle): c1 (4, :, [C ) = [C · 4 · : . Further, for simplicity, we assume

that the distributor has neither any credit nor any savings technology; this accords approximately with

the empirical reality (in which the respondent distributors were unable to accumulate sufficient funds

to purchase the bicycle without a financing contract), and allows the model to focus clearly upon the

consequences of the experimental contracts. Finally, we allow that a distributor who is debt-free enjoys

12 For example, using incentivized risk preference elicitation activities, we find that – for a binary outcome lottery with expected
payment of Ks 500 – the average certainty equivalent was Ks 374; for a lottery with expected payment of Ks 750, the average
certainty equivalent was Ks 478. A simple structural estimation of D(G;U) = GU using all the data from our incentivized games
returns Û = 0.69.
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a per-period gain of q ≥ 0; this could describe a psychic gain (for example, due to debt aversion (Azmat

& Macdonald, 2020; Martínez-Marquina & Shi, 2024; Paaso et al., 2020), or the endowment effect

(Carney et al., 2022)), or reflect the compliance costs of needing to meet a loan officer on a regular

basis.

Suppose that, each month, the distributor must pay a fixed sum � and then a proportion (1−l) of

her total net income. We assume that, each month (in advance of the realization of [C ), the distributor

chooses her effort. We allow a quadratic effort cost (in currency-equivalent terms); this reflects both

the psychic cost of effort and the opportunity cost of the distributor’s time on other projects (including,

in particular, sales off-contract). This is a stationary problem; with monthly discount factor V, the

distributor’s infinite-horizon value is:

+ (:, �, l) = 1
1 − V ·max

4≥0
E[

(
D

{
l ·

[
c0 + c1 (4, :, [)

]
− 0.542 + �

})
. (1)

Equation 1 can be used to describe four important cases. First, the value of refusing any financing

contract; in this case, the distributor has no bicycle (: = 1), keeps all of her own income, and enjoys

being debt-free (l = 1; � = q). The value can therefore be written as + (1, q, 1). Second, the value

of completing a financing contract; this resembles the contract refusal case, but the distributor has a

bicycle: + (:, q, 1). Third, the debt contract involves 12 months of fixed repayments of �3 , after which

the client owns the bicycle; the initial value of taking that contract is therefore
(
1 − V12) ·+ (:,−�3 , 1) +

V12 · + (:, q, 1). Fourth, by analogous logic, the initial value of taking the income-sharing contract is(
1 − V12) · + (:,−0.5�3 , l) + V12 · + (:, q, 1).

Three insights flow immediately from this setup for the distributor’s effort with the bicycle. First,

since the marginal product of effort is increasing in : , the model predicts greater effort with the bicycle

than without. Second, the model predicts similar effort for a distributor on Debt as for a distributor who

owns the bicycle outright (because, in both cases, the distributor receives all of the income – and the
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fixed repayments �3 do not affect the marginal return to effort under constant absolute risk aversion).13

Third, for reasonable values of risk aversion, IncomeShare reduces effort by ‘taxing’ the distributor’s

returns; as Angrist, Caldwell, and Hall (2021) elegantly put it, output sharing ‘inserts a wedge between

effort and income’.14 Together, these results indicate that performance-contingent repayment structures

require a trade-off: they are valued for their implicit insurance, but this comes at the cost of reduced

effort. Indeed, this is a familiar trade-off from many studies of performance-contingent remuneration

(Holmström, 1979; Lazear, 2000), including in the famous case of sharecropping (Burchardi, Gulesci,

Lerva, & Sulaiman, 2019; Stiglitz, 1975; Stiglitz & Weiss, 1981).

IndexShare offers one potential mechanism for breaking this trade-off – by providing implicit

insurance based on the income shocks of other distributors, while eliminating the taxation of individual

effort. Specifically, effort under IndexShare is expected to approximate effort under Debt (where, again,

the distributor enjoys all of the gains from her own effort).15 However, demand for IndexShare will

depend upon how well the index correlates with the shocks that the client faces: if the index does not

correlate closely, IndexShare exposes clients to substantial basis risk (see, for example, Karlan, Osei,

Osei-Akoto, & Udry, 2014).

The Hybrid contract provides an alternative way of breaking this trade-off: Hybrid offers repay-

ment flexibility (and, thus, some implicit insurance) and, in the case q > 0, incentivises additional

effort in order to clear the distributor’s debt earlier. Under Hybrid, increased on-contract effort in any

13 Formally, because of the assumption of constant absolute risk aversion, the model predicts identical effort. This follows
straightforwardly from equation 1, which can be rewritten as follows (emphasizing that the optimal choice of effort is invariant
to the level of fixed repayments):

+ (:, �, l) = 1
1 − V · exp (A · �) ·max

4≥0
E[

{
− exp

(
−Al ·

[
c0 + c1 (4, :, [)

]
+ 0.5A42

)}
.

If this assumption were relaxed, the effort may then differ slightly – but our model emphasizes that this difference would be due
solely to relatively small wealth effects, and not likely to be large.

14 In Appendix A1, we use a second-order approximation to argue that this result need not be universal; a distributor who is
extremely risk averse – indeed, probably implausibly risk averse, in this context – might increase effort as l decreases, because
of an implicit-insurance channel.

15 The model framework presented here can be extended to think about IndexShare; if we represent by \ the payments owing
based upon the index, equation 1 can be modified as follows:

+ (:, �, l) = 1
1 − V ·max

4≥0
E([,\)

(
D

{
l ·

[
c0 + c1 (4, :, [)

]
− 0.542 − 0.5�3 − \

})
.
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given month can bring forward the date at which the total contract is repaid – and, therefore, change the

path of future repayments. Hybrid can, therefore, be understood as a dynamic optimisation problem

with the outstanding debt (�C ) being the state variable. For a distributor entering a given period with

outstanding debt �C , the value of Hybrid can be written as follows:

+ℎ (�C ) = max
4≥0
E[


D

©­­­­«
max


l ·

[
c0 + c1 (4, [; :)

]
− 0.5�3︸                                 ︷︷                                 ︸

contract ongoing

, c0 + c1 (4, [; :) − �C︸                     ︷︷                     ︸
contract ending/ended


− 0.542

ª®®®®®¬
+V · +ℎ (�C+1)

]
, (2)

where the law of motion for �C is:

�C+1 = max


�C − 0.5�3 − (1 − l) ·

[
c0 + c1 (4, [; :)

]
︸                                                 ︷︷                                                 ︸

contract ongoing

, 0︸︷︷︸
contract ended


. (3)

We can solve+ℎ (�C ) numerically by backward induction in �C ; we show the solution graphically

in the appendix.16 Three features of the solution deserve discussion. First, where q = 0, average effort

under Hybrid lies between effort on Debt and effort on IncomeShare. (As V → 1, the average effort

under Hybrid approximates the average effort under Debt – since the total repayment under Hybrid

matches that of Debt and, by experimental design, the expected monthly payment is approximately

equal to that of Debt.) Second, even under this case where q = 0, Hybrid can be preferred to Debt,

owing to its flexibility. Third, if respondents have a strong desire to clear their debt (q >> 0), Hybrid

additionally incentivises effort to achieve this – and, in doing so, is particularly valued by distributors.

We illustrate these predictions using numerical analysis in Appendix A1.

This is, deliberately, a very stylised setup – designed to capture intuitively the key features of the

different contracts being tested. There are several additional features that could be added to complicate

16 First, note that the terminal value is known: once the debt is repaid, the distributor owns the bicycle outright, so +ℎ (0) ≡
+ (:, q, 1). Second, the state dynamics are monotonic: the total debt always decreases until it is repaid (if �C > 0, it follows
that �C+1 < �C ).
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the discussion. First, as we noted in section 2.1, distributors require up-front financing for inventory

purchases – and distributors do not receive trade credit from stockpoints. Our model could be extended

to incorporate liquidity constraints and inventory financing requirements by introducing cash-on-hand

as an additional state variable. Introducing this channel would not change qualitatively the model

predictions – and would further emphasize the potential advantages to performance-contingent finance.

In particular, under liquidity constraints, the fixed repayments required by Debt would be more onerous

relative to the flexible repayments allowed by performance-contingent contracts. Second, the model

does not explicitly allow for default; one could, for example, introduce some lower bound on net income,

c, such that the distributor automatically defaults if c0 + c1 (4, :, [) < c and then suffers some utility

cost as a consequence. This model innovation would provide further justification for the key channels

already captured in the model. By making utility more concave (locally to c), this model extension

would make the distributor more risk averse – and would therefore particularly emphasize the insurance

advantages of the performance-contingent contracts. Similarly, depending on the cost of default, this

innovation would further increase the value of being debt-free (q >> 0) – and, therefore, the appeal of

the Hybrid contract.

3 Treatment effects

Tomeasure the impacts of our treatments, we use a combination of administrative data (available directly

from FoodCo stockpoints) and face-to-face surveys (which we collected each quarter, in person, for

up to a year after treatment). Our data covers all available post-treatment months until the COVID-19
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lockdowns in March 2020.17 For each outcome, we use an intent-to-treat ANCOVA specification:

H8C = V0 +
∑

:∈{1,...,4}
V: · Offered8: + W · H80 + Y8C . (4)

Here, Offered8: is a dummy for whether individual 8 had contract : randomly drawn. In this

specification, H80 refers to the baseline value for outcome H (or the average prior outcome, in the

case of administrative data on profits). We cluster standard errors at the individual level, and include

month fixed effects in the regressions with administrative data. Given the skewed nature of the profits

variable, we winsorize at 90% and check for robustness at several alternative levels of winsorization

(99%, 97.5%, 95%, 92.5%). We also test for robustness using Poisson regressions and randomization

inference.

3.1 First-stage: Take-up, bicycle ownership, and household finances

Table 1 presents results for take-up of the financing contracts offered, and the impacts of treatments on

debt levels and asset ownership. Panel A presents results pooling all financing contracts, to explore the

overall impact of being offered any form of asset-based financing. Panel B presents regressions with

separate dummies for each contract.

We begin by describing take-up – by which we mean that a respondent had agreed to an offered

contract, provided the requisite 10% deposit and supporting documentation, and received the bicycle.

Results are presented in column 1. The overall take-up rate of any financing contract was 57.6%.

The take-up rates for Hybrid and Debt were similar, at 69.2% and 67.7%, respectively. Take-up rates

for IncomeShare and IndexShare were lower, and similar, at 48.8% and 46.9%, respectively. Formal

statistical tests indicate that take-up of Hybrid is significantly greater than take-up of IncomeShare (?

= 0.087) and IndexShare (? = 0.077). A formal test also indicates that take-up of Debt is significantly

17 We concluded the project in March 2020, having collected approximately 85% of the planned follow-up survey data before
the lockdown – for 161 enrolled participants, below our original target sample size of 250 as documented in our pre-analysis
plan. As in many other contexts, the lockdown caused significant disruption; in our case, it affected not only the operations of
distributors but also led to structural changes in how FoodCo managed the program and hindered the lender’s ability to collect
repayments. All of our analysis uses data up to, but not including, the lockdown period. For the survey data, attrition is very
low, with an overall attrition rate of approximately 4%, which is uncorrelated with the treatments. There is no attrition in the
administrative data—a zero represents an actual zero, indicating a month in which the distributor did not purchase any stock.
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greater than take-up of IncomeShare (? = 0.092) and IndexShare (? = 0.082).

To support these empirical results, we collected qualitative data on reasons for rejecting different

contracts. For Debt, the most common reason – cited in 35% of rejection cases – was the desire to be

able to end the contract early. (Only 4% of those refusing Hybrid provided this explanation.) This is

consistent with our conceptual framework – in which the parameter q reflects a desire to complete the

contract early.18

Column 2 does not reveal any notable patterns in the amounts financed across contracts; the

average financed amount (Ks 8,698) is large relative to the average household debt level at baseline (Ks

2,498). Columns 3 and 4 explore whether our treatment changed the overall household stock of debt

(excluding the amount outstanding under our financing product); we do not indicate any significant

treatment effect on overall household debt. Columns 5 and 6 reassuringly show that, in the year

following our intervention, the treatment group is significantly more likely to own a bicycle than the

control group (for whom the mean ownership rate during the follow-up period is 7.8%). This suggests

no significant sales of the financed asset; the ownership rates reflect the pattern of take-up rates from

column 1.

3.2 Impact on business performance

Table 2 presents results for the main outcome: business profits. Panel A again presents pooled results;

Panel B presents results by contract (including both ITT and LATE estimates).

Our primary hypothesis, as specified in our pre-analysis plan, was that our treatments affected

participants’ business profits. Column 1 pools all follow-up data (up to three years after treatment); it

shows that assignment to treatment nearly doubled monthly business profits from the sale of FoodCo

products, as measured from administrative data. Specifically, we estimate an ITT of Ks 792 per

month (SE: 386); this compares to a control mean of Ks 897. Given the skewed nature of the

outcome variable, in column 2 we show robustness to using a Poisson specification, and reach a similar

18 The relatively lower take-up of IndexShare is unsurprising, given the potential role of basis risk (Carter, de Janvry, Sadoulet,
Sarris, et al., 2014; Clarke, 2016; Cole et al., 2013). In the appendix, we highlight the relationship between distributor
performance and required payments under each contract, confirming the role of basis risk. Indeed, our qualitative data
support this: several distributors, in refusing the IndexShare contract, expressed concerns about the index being tied to others’
performance, and the risk of owing large payments unrelated to their own sales.
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conclusion: a coefficient of 0.65 (SE: 0.308) represents an increase in profits of approximately 92%

(that is, exp(0.65) − 1). In column 3, we report the LATE: we estimate a 132% increase in monthly

business profits from taking up a contract (Ks 1,181; SE: 562). Compared to the average asset price

of Ks 9,658, these large treatment effects suggest very favorable benefit-cost ratios, which we explore

more systematically in Section 4.

Columns 4, 5, and 6 explore the treatment effects over time, using LATE estimates. Specifically,

we restrict the time period to (i) months one to six after delivery of the assets; (ii) months seven to

12, and (iii) months 13 to 24. First, it is clear that large treatment effects appear soon after the asset is

disbursed. Second, the magnitude of the coefficient remains relatively consistent over time, indicating

that the effects do not dissipate quickly and exhibit some level of persistence over the three-year period.

Finally, in column 7, we find little evidence that the increase in profits from FoodCo products, as

observed in the previous columns, crowded out other sources of income (including profits from selling

non-FoodCo products and wage income). The estimated LATE coefficient is 613, though the standard

error is large (SE: 1,690).

In Panel B,we disaggregate by financing contract type. The top-performing contract is Hybrid, and

the following discussion focuses on the outperformance of Hybrid compared to the more standard Debt

contract. We find that Hybrid has a large and statistically significant impact across all time periods, and

in nearly all specifications, this effect is significantly greater than that of Debt. Specifically, in column

1, the estimated ITT for Hybrid (using the full three years of data) is Ks 1,529 (SE: 609), compared to

an estimate for Debt of Ks 530 (SE: 435), with a ?-value of 0.091 for the cross-coefficient test. The

Poisson regression in column 2 shows an even stronger statistical difference between the two, with a

coefficient of 1.10 (SE: 0.346) for Hybrid and 0.23 (SE: 0.428) for Debt, and a ?-value of 0.021 for the

cross-coefficient test. Columns 3 to 6 show similar results for the LATE estimates over the full three-

year period, and also explore dynamic treatment effects. Specifically, Hybrid significantly outperforms

Debt in (i) months one to six, (ii) months seven to 12, and (iii) months 13 to 24, with ?-values of 0.076,

0.022, and 0.096, respectively. In Appendix A3.6, we demonstrate that these conclusions remain robust

when using a Poisson specification; we again find large and stable treatment effects for Hybrid over

time, with cross-coefficient tests confirming that Hybrid consistently outperforms Debt. In Appendix
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A3.7, we also show that the results are robust to the use of randomization inference (where we permute

treatment assignments at the individual level and use cluster-robust C-statistics), and to the use of a

cluster-robust bootstrap (where we cluster at the individual level). In Appendix A3.8, we demonstrate

robustness at several alternative levels of winsorization (99%, 97.5%, 95%, 92.5%).

In Appendix A3.9, we restrict the sample to the 86% of distributors who indicated prior to

randomization their willingness to accept the debt contract in our take-it-or-leave-it elicitation exercise.

In this restricted sample, Hybrid appears even more effective: its impacts are larger, more persistent,

and more precisely estimated. Debt shows modestly stronger short-run effects, which then dissipate

over time, and remains clearly dominated by Hybrid even in this restricted sample (with the significance

of cross-coefficient tests increasing).

Could these differences between Hybrid and Debt be driven by differences in the composition of

respondents accepting offers? We can answer this question in two complementary ways: (i) by allowing

for heterogeneity on observables and (ii) by allowing for heterogeneity on unobservables. First, to allow

for heterogeneity on observables, we repeat in Table 3 the analysis from Table 2, now incorporating

controls for demeaned baseline values of total profits, risk aversion, and loss aversion, as well as the

interactions between these demeaned variables and each treatment indicator. If – for example – our

earlier results were driven by heterogeneity in take-up along these dimensions, this exercise would

generate very different results to the original regressions. However, to the contrary, Table 3 shows that

all of the previous results remain robust (indeed, the precision of many estimates increases).

Second, in the alternative, we allow for heterogeneity on unobservables by imposing a standard

Lee (2009) monotonicity assumption (implying, in this context, that any respondent who takes Debt

would also take Hybrid). Recall that, in Table 1, we found almost identical take-up rates between

Hybrid and Debt (69.2% and 67.7% respectively, and not significantly different). This fact alone makes

it highly implausible – given the monotonicity assumption – that the difference in profits between

Hybrid and Debt would be driven by differences on the extensive margin (that is, heterogeneity in

contractual take-up): the difference in profits is likely driven by differences in effort on the intensive

margin (that is, an increase in profits conditional on adopting the contract). In Appendix A5, we show

robustness of this conclusion using a formal Lee (2009) bounding exercise.
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The previous discussion has emphasized in particular the performance of Hybrid compared to

the more standard Debt contract. It is worth noting that the coefficients on IncomeShare – the other

performance-contingent contract – are also large in several of the specifications in Table 2 (and, in

several cases, are significantly different from the control). In particular, the estimated treatment effect

of IncomeShare is quite stable across time periods: 968 (SE: 708) in months one to six, 1194 (SE:

722) in months seven to 12, and 1100 (SE: 804) in months 13 to 24.19 Finally, the coefficients on

IndexShare are consistently small in magnitude, suggesting that liquidity risk (mitigated under Hybrid

and IncomeShare but not under IndexShare) may play a more significant role in this context than the

adverse incentive effects of effort taxation, which IndexShare addresses.

3.3 Contract repayments

We next analyze repayments to the capital provider under each of the financing contracts, for those

individuals who took up the contract. Figure 1 plots the average repayment amount over time for each

of the four financing contracts. It is evident – from as early as the first quarter – that repayment under

Hybrid begins to increase above that of other contracts. This is consistent with our previous finding of

higher treatment effects of Hybrid on business effort and performance. Note that this is not a mechanical

result – contract payments were not deducted automatically at source by the multinational.20 Rather,

payments are manually made by distributors via M-Pesa. This is reassuring, and consistent with our

empirical results that individuals under Hybrid had greater ability to pay due to greater impacts on

profits.

By month six, average payments under IncomeShare also begin to diverge from payments under

Debt and IndexShare. Once again, this finding is reassuring and aligns with our previous results,

which suggested that the second-largest treatment effect in terms of business profits was observed under

IncomeShare. Cumulative payments under IncomeShare converge with those under Hybrid by month

nine. This outcome is as expected, given that Hybrid limits upside sharing to the total due amount

19 In Appendix A3.10, we present results from a specification that pools Hybrid and IncomeShare. Unsurprisingly – given the
increase in statistical power from pooling – the coefficient is statistically significant at the 5% level in most specifications.

20 One may want to implement such a model when scaling up such contracts, but we were not able to implement that change in
the payment system in time for this project.
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of an equivalent Debt contract. In contrast, IncomeShare allows some individuals to pay significantly

larger amounts, surpassing the initial capital plus 15% interest. A clear dichotomy becomes evident

in month 10, where cumulative payments under Hybrid and IncomeShare converge – while diverging

from cumulative payments under Debt and IndexShare. By month 15, payments under Hybrid and

IncomeShare are nearly equal and notably higher than cumulative payments under Debt and IndexShare,

which are also almost identical in absolute terms.

Figure 2 illustrates the average total repayment under each of the contracts after 15 months. Recall

that the contractual duration of Debt, IncomeShare, and IndexShare is 12 months, but the duration of

Hybrid may be as little as one month, or as many as 24 months, depending on performance. None

of the contracts generated 100% repayment. This is partly due to the COVID-19 shock; although the

majority of repayment delinquency began before COVID-19, the latter part of our project coincided

with the pandemic – during which the Kenyan Central Bank asked banks to provide relief to borrowers.

The lender was therefore not able to apply its standard enforcement procedures – which, ordinarily,

would have resulted in significantly higher collection of outstanding amounts due. More generally, this

is consistent with evidence that default rates under digital credit are higher than traditional cash-based

lending (Carlson, 2017; Suri et al., 2021).21 That said, the magnitude of the lender’s loss is very small

compared to the positive treatment effects for distributors outlined in section 3.2. Specifically, the

average default amount is approximately Ks 3,000, compared to a treatment effect on monthly profits

of Ks 1,182 (Panel A, column 3 of Table 2), indicating highly favorable benefit-cost ratios over time,

which we explore further in section 4. Figure 2 reveals that repayment under Hybrid is 78% of the

total capital disbursed on average, and repayment under IncomeShare is 81% on average. This is

significantly higher than average repayment under Debt (59%) and IndexShare (58%) (?=0.055 for a

formal test that the repayment rate under Hybrid and IncomeShare is the same as that under Debt and

IndexShare).

21 There is evidence from several African settings of higher default rates for digital credit. For example, Brailovskaya, Dupas,
and Robinson (2021) report from a digital credit experiment in Malawi that 11% of loans were never repaid, 4% were partially
repaid, 47% were fully repaid but late, and only 38% were fully repaid on time. Kruijff et al. (2024) report from a nationally
representative survey in Côte d’Ivoire that 78% of digital borrowers repaid their loans late. The authors also cite similar surveys
in Kenya and Tanzania, which found late repayment rates of 47% and 56% respectively.

23



3.4 Mechanisms: business practices and effort

To shed light on the mechanisms underlying (i) the positive overall treatment effects observed in Table

2, and (ii) the particularly large effects under Hybrid, Table 4 explores these mechanisms through the

channels of business practices and effort. In columns 1 and 2, we address a key initial question: Did

the distributors who received our bicycle actually use it for their business? In general, the answer is

yes: the pooled estimates in Panel A indicate that 79% of distributors who took the bicycle mainly

used it for business purposes, and the average number of hours that the bicycle was used per week was

27.8 (SE: 2.1). Turning to cross-contract comparisons in Panel B, we again find that Hybrid is the

standout performing contract, with greater asset utilization for business purposes and increased effort.

Specifically, 93% (SE: 3.0%) of individuals under Hybrid used their bicycle primarily for business

purposes, compared to 73% (SE: 5.3%) under Debt.22 A formal test confirms that the difference is

statistically significant, with a ?-value of 0.014. Average weekly bicycle usage was 34.5 hours (SE:

5.2) under Hybrid, significantly larger than the 21.8 hours (SE: 2.0) under Debt (? = 0.037 for a

cross-contract test).

Column 3 explores an administrative measure of business effort: how often distributors visit

stockpoints in a given month to purchase inventory. The pooled estimate in panel A indicates an

increase of 2.3 visits per month (SE: 1.3), compared to a control mean of 2.6, implying an 89% increase

in visits for those who took up the treatment. In panel B, the highest coefficient is again on Hybrid,

with a value of 3.7 (SE: 2.0); this compares with a coefficient on Debt of 1.9 (SE: 1.5), although we are

not able to formally reject equality of the coefficients.

Column 4 explores a different measure of effort, captured by survey data asking distributors

about the percentage of their selling portfolio that comes from customers greater than 1 km from their

stockpoint. Results indicate that the treatment led to a large geographical expansion of customers, with

a coefficient of 28 percentage points (SE: 12 percentage points) on the pooled estimate, which implies

that distributors who took up any contract now generate 85% of their profits from customers greater

than 1 km from their own stockpoint, compared to a control mean of 57%. There is no significant

22 The vast majority of individuals who took up the bicycle report that they primarily used it themselves – only 7% report that
someone outside of their household used it for any period of time.
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difference in the estimates across contracts; the individual estimates are large and individually significant

versus control for all of the contracts except Debt. These results, indicating a substantial expansion

of distributors’ sales networks, align with the data captured from GPS trackers installed on all bikes.

As illustrated in Figure 3, the GPS data from various project implementation sites across the country

reveal that distributors covered vast geographical areas with their bicycles, highlighting the extensive

reach of their operations.

In columns 5 to 7, we explore the impact of the contracts on business management practices.

In column 5, we use an index of overall business management practices, comprising questions on

marketing, negotiation, cost, record-keeping, and sales targeting. The questions are based onMcKenzie

and Woodruff (2015), amended for a micro-distribution business. Results suggest that individuals

assigned to Hybrid and IndexShare experienced the greatest positive impacts on overall business

management practices, with coefficients of 0.13 (SE: 0.07) and 0.21 (SE: 0.11) standard deviations.23

One plausible explanation for why we see impacts on these contracts in particular is that they are the

two contracts that require the greatest amount of ‘mental engagement’ in calculating payments: Hybrid

requires clients to pay a proportion of their monthly income and to carry forward the ‘state variable’

(as modelled in our conceptual framework) of cumulative payments made to date and the re-adjusted

notional debt outstanding, and IndexShare provides sharing based on the average sales of all other

distributors in one’s region. Column 6 provides evidence consistent with this hypothesis; there, we

use a specific sub-category of questions that measure record-keeping, and we again find positive and

statistically significant effects only on Hybrid and IndexShare, with coefficients of 0.21 (SE: 0.10) and

0.23 (SE: 0.14) standard deviations, respectively.

In column 7, we analyze one particular business practice that relates to distributors’ risk-taking:

the extent to which they offer credit to their own customers. Financial contracts that provide a greater

extent of risk-sharing may themselves allow business owners to take more risk (Karlan et al., 2014).

We find evidence that is consistent with this for Hybrid, which is again the contract with the greatest

coefficient magnitude. The increase for Hybrid is a relatively large 7.0 percentage points (SE: 3.5

percentage points). The control group mean of 9.0% indicates that distributors typically extend very

23 Each index ranges from zero to one, indicating the proportion of questions that receive a positive response regarding whether a
specific business management practice is undertaken.
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little credit to their customers, and that Hybrid led to greater risk-taking through credit extension.

Finally, we again allow for heterogeneity on observables. We repeat in Table 5 the analysis from

Table 4, now incorporating the controls for demeaned baseline values of total profits, risk aversion,

and loss aversion, as well as the interactions between these demeaned variables and each treatment

indicator. All of the previous results remain robust, and again the precision of most estimates increases.

3.5 Downstream outcomes: Consumption

Table 6 presents the treatment effects on threemajor components of household consumption expenditure.

Starting with food expenditure, column 1 shows coefficients that are large in magnitude relative to the

control mean of Ks 4,626 per month, though accompanied by large standard errors. The largest

coefficient is for IndexShare (Ks 1,545; SE: 985), followed by Debt (Ks 1,230; SE: 691) and Hybrid

(Ks 707; SE: 726), with cross-coefficient tests failing to reject equality of coefficients.

In column 2, there is a notably large treatment effect onmonthly household expenditure on clothing

specifically for Hybrid (Ks 666; SE: 306), compared to a control mean of Ks 909. The cross-coefficient

test rejects equality with the coefficient on Debt of Ks 82 (SE: 266), with a ?-value of 0.043.

Column 3 examines the effect on household expenditure on schooling. Relative to a control mean

of Ks 1,113, the coefficient for Hybrid is substantial at Ks 535 (SE: 565), and significantly larger than

the coefficient for Debt of -Ks 425 (SE: 516), with a ?-value of 0.065 from the cross-coefficient test.

In the appendix, we present results on health, happiness, and trust, as specified in our pre-analysis

plan. While the standard errors are large, some coefficient magnitudes are substantial. For instance,

regarding health, one key motivation for providing bicycles was respondents’ concerns about carrying

large bags on their backs, as identified in our qualitative work – this concern was a central reason

for introducing a transportation asset in this experiment. In columns 1 and 2 of Appendix A11, we

examine the impact of treatments on binary indicators for whether distributors report that their health

impedes their work, and whether work caused physical pain. Compared to the control means of 26%

and 19%, respectively, the estimated coefficients for most contracts are meaningfully large and negative,

indicating that respondents are less likely to report health problems. Similarly, in columns 3, 4, and

5, we observe large positive coefficients representing the effects of treatments on happiness related to
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(i) income, (ii) ability to meet expenditure demands, and (iii) adequacy of work materials and tools for

conducting sales work. However, these standard errors are again large. Nonetheless, the overall pattern

of the coefficients offers some suggestive evidence of improvements in health and happiness, though

there is no evidence of an increase in trust in others.

3.6 Robustness: Spillovers and GPS trackers

Next, we test for spillovers. There are two plausiblemechanisms bywhich such spilloversmight operate.

First, treated respondents might take business from control participants – or, indeed, from distributors

outside of the experiment. (We would expect this to bias upward our main estimates.) Alternatively,

distributors on performance-contingent contracts might engage in ‘side-selling’ – purchasing their gum

through peers to avoid increasing their contract payments. (We would expect this to bias downward our

estimates of the impact of Hybrid and IncomeShare.)

To test for spillovers, we use administrative data on distributors who were in FoodCo’s program

but not in our experiment. Between 2017 and 2019, there were 1,727 unique distributors in the FoodCo

program; we have daily data on all of their purchases of all gum products from FoodCo, and we can

use this to test directly for spillovers. To do this, we exploit detailed baseline data in which 100 of our

participants answered a series of dyadic questions about the extent of their relationship (if any) with

other distributors at the stockpoint. In Appendix A2, we discuss this analysis and show results. In

that appendix, we conclude that there are no meaningful spillover effects. (Nonetheless, as a further

robustness exercise, we allow for varying degrees of spillovers as part of the benefit-cost analysis in

section 4. There, we find high benefit-cost ratios and high internal rates of return even under very

conservative assumptions about spillovers.)

The lack of meaningful spillover effects is consistent with the provision of bicycles having

expanded the geographical reach of the distributors, as indicated in the results from column 4 of Table

4 (which showed, using survey data, a large increase in the likelihood of treated distributors selling to

customers further than 1km away from their stockpoint). Figure 3 provides further evidence of this

expansion using GPS data from trackers installed on all bicycles (with clients’ consent). The maps

illustrate that the bicycles were widely dispersed across Kenya’s most populous areas, with distributors
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traveling considerable distances within their regions. In particular, Panel B plots all unique latitude

and longitude points collected from the GPS data for distributor location, after filtering outliers, and

compares them to the locations of all stockpoints, including those not involved in the experiment. The

analysis reveals that distributors frequently ventured far from stockpoints, supporting the hypothesis

that they accessed new markets rather than merely competing with non-treatment distributors (who are

more likely to travel on foot and service customers closer to stockpoint locations).

4 Cost-benefit analysis

4.1 Estimating the total return along the multinational supply chain

We now estimate cost-benefit ratios and internal rates of return (IRR), building upon the methodology

of Banerjee, Duflo, et al. (2015), Bandiera et al. (2017), Alfonsi et al. (2020), and Bari et al. (2024).

Four distinct market participants contribute to the returns factoring into our cost-benefit calculations:

(i). The micro-distributors;

(ii). The multinational that produces the product, FoodCo;

(iii). The stockpoints purchasing gum from FoodCo and selling it to the distributors, earning their own

margin from each sale;

(iv). The external capital provider responsible for providing the financing contracts, and bearing all of

the contract repayment risk.

We begin by considering the returns for the three key stakeholders in the multinational supply

chain; in the cost-benefit calculations in 4.2, we incorporate the returns for the capital provider.

For distributors, we adjust the numbers from our previous analysis, which represented the admin-

istrative data measure of gross profits: the sale price for each product, minus the cost of goods sold. The

gross profit therefore does not include other costs that are commonly referred to as “selling, general, and

administrative (SG&A)” in standard financial reporting. We now use survey data to approximate such

costs, to calculate income after all operating expenses, but before distributors pay themselves. In our

in-person surveys, we asked distributors about all of their selling activities (FoodCo and non-FoodCo).
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Distributors reported that the cost of raw materials represented by far the largest cost category, at 85%

of total operating costs on average. The next biggest category was transportation, comprising 7% of

total costs on average. The remaining categories consisted of: phone airtime and data costs, payments

to any employees they have (only 9% of distributors hire anyone else), selling permit fees, and any other

bills or expenses. We use these estimates of other costs to convert our previously used administrative

measure of gross profits, which already included inventory costs, into a measure of operating income

that we can compare with the operating income of FoodCo and stockpoints.

For FoodCo, we use a straightforward method to approximate the operating income they earn for

every dollar of operating income earned by distributors, once again drawing from standard accounting

practices and measures of costs and profits. For each of the six possible products sold by distributors,

we calculate the value of sales generated by FoodCo based on information provided to us about the

price paid per product by stockpoints (from who distributors purchase their products). To get from the

value of sales to an estimate of operating income, we use data from the last three years of publicly

available annual financial reports for the company. The 3-year average gross profit margin (revenue

minus cost of goods sold, as a percent of sales) was 52.9%. The annual report documented expenditure

by the company of 10.7% of sales on advertising, 5.4% on merchandising and promotions, 10.4% on

selling and marketing costs, and 8.5% on general and administrative costs, leading to a final operating

income of 18% of sales. We apply that ratio to our administrative measure of the value of sales for

FoodCo and find that, for every 1 Shilling of operating income earned by distributors, FoodCo earns

3.25 Shillings. In Appendix A12, we show that this is not affected by our treatments.

For stockpoints, we have information on their gross profits from administrative data. We do not

have any information on their costs. We therefore use the cost ratios documented in FoodCo’s annual

report, excluding advertising and merchandising costs, which are not relevant for the stockpoints in

consideration. Using an assumed gross profit margin of 52.9%, and 18.9% in all other operating costs,

leaves us with a 34% operating income margin that we apply to the value of sales we back out for

stockpoints from the administrative data. We find that, for every 1 Shilling of operating income earned

by distributors, stockpoints earn 0.95 Shillings. In Appendix A12, we again show that this is not

affected by our treatments.
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Table 7 illustrates the returns to the three key stakeholders in the multinational supply chain.

Columns 1 and 2 show the treatment effects on our new measure of operating income for distributors,

using ITT and LATE specifications, respectively. Although the operating income is lower in magnitude

than our previously used gross profits (due to the subtraction of further estimated costs – for example,

the control mean goes from 897 in Table 2 to 521 in Table 7), the treatment effects remain large: the

ITT coefficient is Ks 471 (SE: 221), and the LATE coefficient is Ks 708 (SE: 325).

Columns 3 and 4 present the equivalent estimates for FoodCo’s operating income. As noted,

our calculations suggest that FoodCo earns just over three times each shilling earned by distributors,

which is reflected in the coefficient estimates: the ITT coefficient is Ks 1,534 (SE: 718), and the LATE

coefficient is Ks 2,305 (SE: 1,057). Finally, in columns 5 and 6, we observe a large return for the

stockpoints, mirroring the return of distributors: the ITT estimate is Ks 449 (SE: 210), and the LATE

estimate is Ks 674 (SE: 309).

Columns 7 and 8 aggregate the returns across the three actors in the supply chain, showing that

– particularly relative to the bike cost of Ks 9,000 on average – the total monthly return generated was

substantial, with an ITT estimate of Ks 2,454 (SE: 1,148) and a LATE estimate of Ks 3,687 (SE: 1,691).

4.2 Benefit-cost ratios and IRR

Wenow combine these results to conduct amore detailed analysis of the benefit-cost ratio under different

assumptions about the persistence of treatment effects after the three-year period of the project.

Beginning with costs, these comprise: (i) the capital disbursed for the initial asset purchases for

take-up clients, subtracted from the total recovered capital (factoring in the small overall loss to the

lender, as discussed in Section 3.3); (ii) staff salaries; and (iii) other implementation expenses like

venue rentals for workshops. The total costs are then compounded up to the two-year mark using a

conservative 10% social discount rate.24 We divide the total costs by the number of take-up clients in

each contract and then incorporate the benefits from each contract. We provide further details of all

our assumptions in Appendix A14.

For benefits, we first take the coefficient estimates from our LATE estimations in Table 7 as the

24 This rate falls within the range recommended by the World Bank (Lopez, 2008).
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total benefits from the intervention for the first three years after implementation. We then estimate

the net present value of future benefits with various assumptions regarding the persistence of effects

beyond the three-year period, ranging from zero to 10 years, consistent with the sensitivity analysis in

comparable cost-benefit literature.

Figure 4 presents the results. We find large mutual benefits along the supply chain, and very

high benefit-cost ratios across all contracts – particularly for Hybrid, even when assuming minimal

persistence of treatment effects. For instance, for the pooled estimate, we find a benefit-cost ratio

of 6.3 when assuming zero years of treatment effect persistence (confidence interval: 1.5 to 11.1),

corresponding to an IRR of 203%. This increases to 7.8 when assuming five years of persistence

(confidence interval: 1.9 to 7.8), with an IRR of 210%. For Hybrid, we find a benefit-cost ratio of 10.8

with zero years of persistence (confidence interval: 3.2 to 18.4), corresponding to an IRR of 356%.

This increases to 13.4 when assuming five years of persistence (confidence interval: 4.0 to 22.8), with

an IRR of 360%. Given these remarkably high treatment effects, in the conclusion, we discuss the

constraints to FoodCo realizing these high returns.

As a further robustness exercise, we allow for varying degrees of spillovers, which we simulate by

reducing the magnitude of the treatment effect from that which we estimated in the previous analysis.

In Appendix A16, we show that, even when reducing the treatment effect by 25%, we find a benefit-

cost ratio for the pooled estimate of 4.7 when assuming zero years of treatment effect persistence,

corresponding to an IRR of 147%, increasing to 5.9 when assuming five years of persistence (IRR:

157%). In Appendix A17, we show that even a 50% reduction in treatment effects leads to a benefit-cost

ratio for the pooled estimate of 3.2 when assuming zero years of treatment effect persistence (IRR:

90%), and 3.9 when assuming five years of persistence (IRR: 104%). We conclude that our finding of

very high benefit-cost ratios and internal rates of return are robust to even very conservative assumptions

about spillovers reducing effects sizes.
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5 Conclusion

We ran a field experiment within one of the world’s largest food manufacturers, to test whether the

firm could facilitate productive asset investment for its credit-constrained distributors. Our results

reveal substantial positive impacts along the supply chain – benefiting distributors, stockpoints, and the

multinational – with highly favorable benefit-cost ratios and internal rates of return. We find particularly

large gains from a novel hybrid contract that combines debt-like features with performance-contingent

payments. To interpret these findings, we use a dynamic stochastic model to understand how the hybrid

contract can break the traditional trade-off between implicit insurance and reduced effort: the contract

provides repayment flexibility and implicit insurance while also incentivizing additional effort to clear

the debt.

Our setting was an ideal one in which to test the effectiveness of performance-contingent contracts

for productive asset financing – given, in particular, (i) a relatively homogeneous sample of distributors

operating the same type of business; (ii) the availability of detailed administrative data on purchases;

and (iii) a clear mechanism by which the productive asset could be used to expand operations for

distributors. These three key features are already shared by a large variety of self-employment contexts,

in both low-income and high-income settings. First, the kind of micro-distributor program that we

study is common to many route-to-market programs and retail distribution networks, particularly for

consumer goods and food and beverage firms. Second, and more generally, these characteristics are

shared by many ‘gig work’ and ‘dependent contractor’ arrangements – where host firms typically have

extensive information about the quality and quantity of worker performance.

Indeed, as consumer markets expand in low- and middle-income countries, and as route-to-market

programs grow, large companies are likely to place increasing reliance on ‘dependent contractors’ –

many of whom are risk averse, economically precarious, and lack the fixed capital necessary to operate

effectively. Our paper provides a proof of concept for a new class of financing contract, and our results

show that such contracts may be particularly useful for such workers. Across a wide variety of contexts,

rapid developments in financial technology – in particular, increasing adoption of mobile money and

point-of-sale technologies – promise cheap access to credible information on the performance of

microenterprises, gig workers, and sub-contractors, to improve screening and enforcement (Aggarwal,
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Brailovskaya, & Robinson, 2020; Annan et al., 2024; Berg, Burg, Gombović, & Puri, 2020; Higgins,

2024; Riley, 2018; Russel, Shi, & Clarke, 2023; Suri et al., 2023). The next generation of financial

contracts can leverage these developments to expand the portfolio of products available to small firm

owners – specifically, to include contracts with performance-contingent repayment obligations, offering

better sharing of risk and reward. Our approach of offering flexible financing has some similarities to

the long-standing German Mittelstandsfinanzierung model – a relationship-based approach to lending

in which small andmedium enterprises are allowed to roll over unpaid amounts to future periods in cases

of financial difficulty. More recently, one promising innovation that facilitates asset financing is ‘lockout

technology’, which has been shown to reduce moral hazard and improve credit risk management and

repayment rates (Gertler, Green, & Wolfram, 2021).

Our partner lender could not have obtained these returns without access to the multinational’s

administrative data. Theoretical work highlights the comparative advantage of suppliers as financial

intermediaries over traditional lenders, given their superior ability to assess creditworthiness and enforce

repayments by withholding future supplies.25 Given the theoretical advantages and the remarkably high

returns observed in our intervention, a natural question arises: why wasn’t the multinational already

offering this financing? What frictions might prevent multinationals from realizing such high potential

returns within their supply chains?

Part of the answer may lie in a general lack of innovation by large firms in their supply chains.

However, deeper frictions likely play a role. To explore this further, we conducted a qualitative discus-

sion with a senior representative of the Kenyan financial services sector. That discussion highlighted

significant legal and regulatory hurdles for a manufacturing firm to undertake lending activities. Com-

pliance with central bank regulations requires extensive legal, financial, and operational documentation,

along with thorough background checks on company directors. Additionally, the need for detailed Anti-

Money Laundering (AML) and Know Your Customer (KYC) policies, complex IT systems, and risk

management protocols may be beyond the capacity of a food manufacturer. Further, the central bank

would likely require the establishment of a separate legal entity for lending, given the regulatory com-

plexities and differences from the manufacturer’s core operations. The practical challenges of lending

25 Further, in low-income countries, traditional lenders face distinct challenges in providing riskier, longer-term financing due to
substantial liquidity risks from unstable funding sources and volatile deposits (Choudhary & Limodio, 2022).
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to this demographic – such as collecting repayments and dealing with the complications of repossessing

and auctioning assets – also pose significant risks, particularly to a brand’s reputation. One alternative

could be to partner with a financial institution and delegate borrower screening and debt collection, as

was done in this collaboration. However, this approach would still involve navigating several regulatory

hurdles, which may be too onerous for a food manufacturer.

Nonetheless, further research is needed to understand how some of these frictions can be overcome

to unlock the high potential returns from such investments. Ride-sharing and delivery platforms, for

example, could use contingent-repayment contracts to facilitate vehicle financing for drivers. Similarly,

these contracts could apply to a broad range of sub-contractors – for example, farmers who ‘finish’

livestock animals for sale with equipment loans, or cut-and-trim manufacturers for their machinery

(Casaburi & Willis, 2024). While host firms could offer these contracts, one could also envision third-

party sharing agreements – similar to the arrangement adopted here by FoodCo – where a specialized

lender provides funds to a host firm for contingent lending to gig workers or sub-contractors, with the

firm sharing performance data with the lender. Such models open opportunities for financial contract

innovations that benefit both small and large firms.
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Tables and figures

Table 1: first stage: take-up, bicycle ownership, and household finances

(1) (2) (3) (4) (5) (6)

Take-up Asset
financing

Household
debt

Household
debt

Owns a
bicycle

Owns a
bicycle

Panel A: Pooled treatment
Any contract 0.576*** 8698.03*** -391.78 -651.31 0.52*** 0.88***

(0.043) (105.915) (655.929) (1085.561) (0.055) (0.057)
Panel B: By contract

Debt 0.677*** 8953.04*** 130.27 184.15 0.65*** 0.93***
(0.080) (130.706) (876.349) (1232.579) (0.085) (0.054)

Hybrid 0.692*** 8510.00*** -456.64 -617.48 0.66*** 0.92***
(0.091) (238.456) (732.582) (981.379) (0.092) (0.049)

IncomeShare 0.488*** 8415.00*** -850.27 -1616.30 0.46*** 0.87***
(0.078) (229.676) (673.032) (1292.523) (0.085) (0.069)

IndexShare 0.469*** 8910.00*** -309.69 -636.30 0.36*** 0.77***
(0.088) (229.260) (831.122) (1722.240) (0.092) (0.084)

Data source Admin Admin Survey Survey Survey Survey
Estimation Take-up LATE ITT LATE ITT LATE
Timeframe Baseline Baseline 1m-12m 1m-12m 1m-12m 1m-12m
Observations 161 161 496 496 496 496
Individuals 161 161 161 161 161 161
Control mean 0.00 0.00 2498.43 2498.43 0.07 0.07
Test: Debt = Hybrid 0.896 0.103 0.439 0.451 0.875 0.800
Test: Debt = IncomeShare 0.092 0.042 0.166 0.119 0.093 0.190
Test: Hybrid = IncomeShare 0.087 0.774 0.445 0.279 0.078 0.222

Note: In Panel A, “Any contract” pools all financing contracts, while Panel B presents regressions with separate
dummies for each contract. We present both intent-to-treat (ITT) and local average treatment effect (LATE)
estimations (instrumenting take-up with assignment), given the differential take-up seen in column 1. Column
2: amount of financing taken under one of our treatment contracts (equal to zero for the control group, by
construction). Columns 3 and 4: total household debt levels, excluding our asset financing from column (2).
Columns 5 and 6: whether the distributor owns a bicycle. The bottom three rows of the table display ?-values
for the three main cross-coefficient tests of interest: the difference in treatment effects between Hybrid, Debt,
and IncomeShare. Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10, ** p
< 0.05, *** p < 0.01. All currency amounts are in Kenyan Shillings. The USD-KES exchange rate at baseline
was approximately equal to 102.
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Table 2: impacts on business profits

(1) (2) (3) (4) (5) (6) (7)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Other
earnings

Panel A: Pooled treatment
Any contract 791.63** 0.65** 1181.93** 1125.54** 1143.08* 865.53 612.85

(385.626) (0.308) (562.082) (537.083) (595.220) (631.056) (1690.369)
Panel B: By contract

Debt 530.38 0.23 692.24 1041.07** 458.68 104.65 1302.56
(434.809) (0.428) (562.699) (483.201) (513.308) (724.360) (1928.553)

Hybrid 1528.51** 1.10*** 1967.80** 2238.72*** 2230.76*** 1636.95* -194.96
(609.176) (0.346) (818.753) (742.023) (854.621) (881.756) (1607.719)

IncomeShare 781.65* 0.67* 1305.30* 967.70 1193.63* 1099.64 30.23
(450.003) (0.364) (701.126) (707.937) (721.622) (803.888) (2020.717)

IndexShare 172.65 0.37 300.60 116.26 661.76 -11.78 1255.25
(444.100) (0.354) (810.654) (819.708) (992.092) (832.634) (3006.037)

Data source Admin Admin Admin Admin Admin Admin Survey
Estimation ITT ITT-Poisson LATE LATE LATE LATE LATE
Observations 2888 2888 2888 785 817 910 496
Individuals 161 161 161 160 145 119 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-6m 7m-12m 13m-24m 1m-12m
Control mean 897.45 897.45 897.45 1388.67 939.52 805.70 6528.46
Test: Debt = Hybrid 0.091 0.021 0.108 0.076 0.022 0.096 0.396
Test: Debt = IncomeShare 0.561 0.263 0.320 0.892 0.199 0.207 0.478
Test: Hybrid = IncomeShare 0.209 0.144 0.425 0.109 0.209 0.562 0.886

Note: In Panel A, “Any contract” pools all financing contracts, while Panel B presents a regression with separate
dummies for each contract. ITT refers to Intent-to-Treat regressions, while LATE refers to Local Average Treatment
Effect estimations (instrumenting take-up with assignment). Columns 1 to 6 use administrative data on profits from selling
FoodCo products. Column 7 uses survey data that measures profits from all other sources (including profits from selling
non-FoodCo products, as well as wage income). Standard errors, clustered at the individual level, are reported in brackets.
* p < 0.10, ** p < 0.05, *** p < 0.01. All currency amounts are in Kenyan Shillings. The USD-KES exchange rate at
baseline was approximately equal to 102.
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Table 3: impacts on business profits: controlling for baseline heterogeneity

(1) (2) (3) (4) (5) (6) (7)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Other
earnings

Panel A: Pooled treatment
Any contract 938.32** 1.22*** 1361.07*** 1381.28** 1569.49*** 1139.20** 647.98

(370.186) (0.399) (525.879) (556.328) (538.977) (564.319) (1994.940)
Panel B: By contract

Debt 605.09 0.53 789.65 1288.82** 777.31* 304.84 1339.21
(374.726) (0.505) (487.980) (519.817) (464.468) (537.859) (2173.250)

Hybrid 1481.16*** 1.67*** 1869.66** 2231.57*** 2300.34*** 1500.52** -165.76
(564.037) (0.458) (737.126) (712.227) (757.774) (699.507) (1757.993)

IncomeShare 1098.50** 1.42*** 1815.23*** 1463.65* 1892.36*** 1867.32** 535.96
(457.052) (0.466) (696.630) (748.026) (705.841) (831.617) (2656.846)

IndexShare 382.15 1.00** 625.13 465.82 1281.18 488.54 827.02
(456.454) (0.456) (749.186) (791.678) (908.041) (805.908) (2730.512)

Estimation ITT ITT-Poisson LATE LATE LATE LATE LATE
Observations 2888 2888 2888 785 817 910 496
Individuals 161 161 161 160 145 119 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-6m 7m-12m 13m-24m 1m-12m
Control mean 897.45 897.45 897.45 1388.67 939.52 805.70 6528.46
Test: Debt = Hybrid 0.094 0.002 0.118 0.131 0.033 0.072 0.375
Test: Debt = IncomeShare 0.236 0.020 0.084 0.738 0.070 0.041 0.702
Test: Hybrid = IncomeShare 0.499 0.415 0.944 0.307 0.607 0.663 0.694

Note: We repeat the analysis from Table 2, now incorporating controls for de-meaned baseline values of total profits, risk
aversion, and loss aversion, as well as the interactions between these de-meaned variables and each treatment indicator.
In Panel A, “Any contract” pools all financing contracts, while Panel B presents a regression with separate dummies for
each contract. ITT refers to Intent-to-Treat regressions, while LATE refers to Local Average Treatment Effect estimations
(instrumenting take-up with assignment). Columns 1 to 6 use administrative data on profits from selling FoodCo products.
Column 7 uses survey data that measures profits from all other sources (including profits from selling non-FoodCo
products, as well as wage income). Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10,
** p < 0.05, *** p < 0.01. All currency amounts are in Kenyan Shillings. The USD-KES exchange rate at baseline was
approximately equal to 102.
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Table 4: mechanisms: business practices and effort

(1) (2) (3) (4) (5) (6) (7)
Bike use:
business

Bike use:
hours

Stockpoint
visits

Sales
expansion

Management
practices

Record
keeping

Credit
extension

Panel A: Pooled treatment
Any contract 0.79*** 27.79*** 2.28* 0.28** 0.10 0.10 0.03

(0.029) (2.053) (1.345) (0.121) (0.078) (0.100) (0.029)
Panel B: By contract

Debt 0.73*** 21.79*** 1.85 0.15 0.01 -0.01 0.02
(0.053) (2.009) (1.466) (0.118) (0.085) (0.104) (0.032)

Hybrid 0.93*** 34.52*** 3.72* 0.27** 0.13* 0.21** 0.07*
(0.030) (5.191) (1.955) (0.126) (0.074) (0.095) (0.035)

IncomeShare 0.73*** 25.61*** 2.21 0.27* 0.07 0.05 0.03
(0.058) (2.207) (1.677) (0.165) (0.103) (0.129) (0.038)

IndexShare 0.79*** 31.23*** 0.58 0.48*** 0.21** 0.23 -0.01
(0.068) (5.981) (2.167) (0.181) (0.105) (0.140) (0.038)

Data source Survey Survey Admin Survey Survey Survey Survey
Estimation LATE LATE LATE LATE LATE LATE LATE
Observations 496 496 2888 496 496 496 496
Individuals 161 161 161 161 161 161 161
Timeframe 1m-12m 1m-12m 1m-36m 1m-12m 1m-12m 1m-12m 1m-12m
Control mean 0.00 0.00 2.57 0.57 0.69 0.66 0.09
Test: Debt = Hybrid 0.014 0.037 0.358 0.298 0.105 0.015 0.246
Test: Debt = IncomeShare 0.838 0.315 0.822 0.362 0.516 0.574 0.896
Test: Hybrid = IncomeShare 0.013 0.132 0.413 0.988 0.435 0.113 0.302

Note: We explore the impact of treatment on business effort and practices. Column 1: a binary variable indicating whether
the bicycle financed through the intervention was used for business purposes. Column 2: number of hours that they use
the project-financed bicycle in a typical week. (Columns 1 and 2 are coded as zero for individuals without a bicycle
financed through the intervention.) Column 3: how often distributors visit stockpoints in a given month to purchase
inventory. Column 4: the proportion of the distributor’s sales that comes from selling to customers that are greater than
1km from their stockpoint. Column 5: an index of business management practices, based on a set of questions developed
by McKenzie and Woodruff (2015), and amended for a micro-distribution business. (Each index ranges from zero to one,
indicating the proportion of questions that receive a positive response regarding whether a specific business management
practice is undertaken.) Column 6: a specific sub-category of that index that relates to record-keeping. Column 7: a proxy
for distributors’ risk-taking – the extent to which they offer credit to their own customers. Standard errors, clustered at the
individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5: mechanisms, controlling for heterogeneity

(1) (2) (3) (4) (5) (6) (7)
Bike use:
business

Bike use:
hours

Stockpoint
visits

Sales
expansion

Management
practices

Record
keeping

Credit
extension

Any contract 0.82*** 30.00*** 2.79** 0.24** 0.19** 0.18 0.06**
(0.028) (2.096) (1.313) (0.109) (0.089) (0.110) (0.026)

Debt 0.75*** 23.83*** 1.94 0.10 0.09 0.05 0.05
(0.062) (1.882) (1.370) (0.108) (0.103) (0.118) (0.034)

Hybrid 0.94*** 36.74*** 4.17** 0.25** 0.21*** 0.26** 0.09***
(0.025) (4.941) (1.744) (0.113) (0.081) (0.101) (0.032)

IncomeShare 0.74*** 25.23*** 3.75** 0.26* 0.19 0.15 0.06
(0.062) (2.329) (1.837) (0.155) (0.120) (0.140) (0.040)

IndexShare 0.83*** 34.32*** 0.65 0.34*** 0.29*** 0.26** 0.04
(0.053) (5.068) (2.009) (0.130) (0.105) (0.130) (0.030)

Estimation LATE LATE LATE LATE LATE LATE LATE
Observations 496 496 2888 496 496 496 496
Individuals 161 161 161 161 161 161 161
Timeframe 1m-12m 1m-12m 1m-36m 1m-12m 1m-12m 1m-12m 1m-12m
Control mean 0.00 0.00 2.57 0.57 0.69 0.66 0.09
Test: Debt = Hybrid 0.001 0.022 0.207 0.159 0.151 0.021 0.311
Test: Debt = IncomeShare 0.941 0.200 0.285 0.196 0.319 0.323 0.779
Test: Hybrid = IncomeShare 0.003 0.114 0.813 0.906 0.812 0.255 0.498

Note: We repeat the analysis from Table 4, now incorporating controls for de-meaned baseline values of total profits, risk
aversion, and loss aversion, as well as the interactions between these de-meaned variables and each treatment indicator.
Column 1: a binary variable indicating whether the bicycle financed through the intervention was used for business
purposes. Column 2: number of hours that they use the project-financed bicycle in a typical week. (Columns 1 and
2 are coded as zero for individuals without a bicycle financed in our project.) Column 3: how often distributors visit
stockpoints in a given month to purchase inventory. Column 4: proportion of the distributor’s sales that comes from selling
to customers that are greater than 1km from their stockpoint. Column 5: an index of business management practices,
based on a set of questions developed by McKenzie and Woodruff (2015), and amended for a micro-distribution business.
(Each index ranges from zero to one, indicating the proportion of questions that receive a positive response regarding
whether a specific business management practice is undertaken.) Column 6: a specific sub-category of that index that
relates to record-keeping. Column 7 is a proxy for distributors’ risk-taking: the extent to which they offer credit to their
own customers. Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p
< 0.01.
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Table 6: household consumption expenditure

(1) (2) (3)
Expenditure:

Food
Expenditure:
Clothing

Expenditure:
Schooling

Debt 1230.10* 81.68 -425.07
(690.67) (265.59) (516.16)

Hybrid 706.74 665.89** 535.13
(725.82) (306.28) (564.82)

IncomeShare 117.43 103.54 283.39
(826.19) (386.14) (725.32)

Index 1545.52 -368.21 71.13
(985.33) (392.39) (674.24)

Data source Survey Survey Survey
Estimation LATE LATE LATE
Observations 496 496 496
Individuals 161 161 161
Timeframe 1m-12m 1m-12m 1m-12m
Control mean 4626.37 908.79 1113.74
Test: Debt = Hybrid 0.471 0.043 0.065
Test: Debt = IncomeShare 0.112 0.945 0.234
Test: Hybrid = IncomeShare 0.442 0.121 0.697

Note: We explore treatment effects on downstream household outcomes,
focusing on the largest categories of household consumption expenditure.
Standard errors, clustered at the individual level, are reported in brackets. *
p < 0.10, ** p < 0.05, *** p < 0.01. All amounts are in Kenyan Shillings.
The USD-KES exchange rate at baseline was approximately equal to 102.
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Table 7: total return analysis

(1) (2) (3) (4) (5) (6) (7) (8)
Distributors Distributors FoodCo FoodCo Stockpoints Stockpoints Total Return Total Return

Assignment (ITT) 471** 1534** 449** 2454**
(221) (718) (210) (1148)

Take-up (LATE) 708** 2305** 674** 3687**
(325) (1057) (309) (1691)

Observations 2888 2888 2888 2888 2888 2888 2888 2888
Individuals 161 161 161 161 161 161 161 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m
Control mean 521 521 1693 1693 495 495 2709 2709

Note: We display the returns from the intervention to each of the three participants in FoodCo’s supply chain. For distributors,
we adjusted our administrative measure of ‘gross profits’ (sales minus cost of goods sold) that we use in our previous analysis to
better approximate net profits by incorporating survey-based estimates of additional operating expenses, such as transportation
and rawmaterials. This adjustment allowed us to convert gross profits into ‘operating income,’ aligningwith standard accounting
measures. We then applied the same process to FoodCo and stockpoints for comparability. For FoodCo, we estimated operating
income by applying gross profit and operating cost ratios from their publicly available financial reports. These ratios were
applied to the value of sales generated by FoodCo based on stockpoint purchases, providing an estimate of their operating
income. For stockpoints, we estimated operating income assuming the same gross profit and cost ratios as FoodCo, excluding
costs not applicable to stockpoints (e.g., advertising). This provided a comparable measure of operating income for Stockpoints.
ITT refers to Intent-to-Treat regressions, while LATE refers to Local Average Treatment Effect estimations (instrumenting take-
up with assignment). Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p
< 0.01. All amounts are in Kenyan Shillings. The USD-KES exchange rate at baseline was approximately equal to 102.
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Figure 1: Contract payments over time

Note: Each line represents the average repayment amount over time under each of the four contracts. All amounts are in Kenyan
Shillings.
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Figure 2: Total percentage paid

Note: This figure illustrates the average repayment amount under each contract, as a percentage of the capital amount disbursed.
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Figure 3: Bicycle GPS data

panel a: overall kenya heatmap panel b: distributors & stockpoints

panel c: nairobi panel d: western kenya

Note: This figure utilises data from GPS trackers that were attached to each bike, between 2018 and 2020. The heat map
in Panel A represents the density of visits in each location. The GPS data has been processed to build 20,683 areas with a
resolution of approximately 5x5 meters and counting the frequency of trackers present in that area throughout the period
of analysis. The colour intensity is proportional to the frequency of visits ranging from 1 visit (lighter blue) up to 1,954
visits (darker blue, corresponding to 69 visits per month on average). The picture shows the existence of clusters centred
around the most populated areas (Nairobi, Western Kenya, Mombasa) and displacements between them. In Panel B, the
blue dots represent all unique latitude and longitude pairs from data collected on distributor location via GPS trackers,
after removing outliers (defined as the top 10% most extreme distances from a central reference point for each individual).
This filtering allows for a more focused analysis of regular travel patterns for distributors and localized market activity.
The red dots indicate the locations of all stockpoints, (including those not involved in the experiment). In Panels C and D,
each colour represents data points for a distinct individual, highlighting the trip across the regions around Nairobi and
Western Kenya (the two most populous regions in Kenya). On average each individual travelled 4.8 km per day (with a
standard error of 0.4 km per day, and a median of 4.0 km per day).50
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A1 Further details on the theoretical model
A1.1 Optimal effort and the sharing ratio
As explained in the main paper, the monthly consumption (after accounting for the psychic costs of
effort and the fixed repayment) is:

l · c0 + l · [C · 4 · : − 0.542 − �,

where log([C ) ∼ N (`, f2). Under exponential utility (that is, D(G) ≡ − exp(−AG)) – and using a
second-order Taylor approximation – the certainty equivalent for monthly consumption is:

�� ≈ E
(
l · c0 + l · [C · 4 · : − 0.542 − �

)
− 0.5A Var

(
l · c0 + l · [C · 4 · : − 0.542 − �

)
(A1)

= l · c0 + l · 4 · ^ · E ([C ) − 0.542 − � − 0.5A · l2 · 42 · ^2 · Var ([C ) . (A2)

Now, given the distributional assumption about [C , we can substitute and say:

�� ≈ l · c0 + l · 4 · ^ · exp
(
` + f

2

2

)
− 0.542 − � − 0.5A · l2 · 42 · ^2 · [exp(f2) − 1] · exp(2` + f2).

(A3)

Differentiating, optimal effort is:

4∗ ≈
l · ^ · exp

(
` + f2

2

)
1 + Al2 · ^2 · [exp(f2) − 1] · exp(2` + f2)

. (A4)

Using this expression, it can be shown that 4∗ is increasing in l unless:

A ≥ 1
l2 · ^2 · [exp(f2) − 1] · exp(2` + f2)

. (A5)
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A1.2 Model calibrations
In this section, we illustrate several key features of the model solution using numerical calibrations; this
numerical exercise is useful in particular for understanding the model behaviour under Hybrid, where
the distributor’s problem is expressed in terms of a dynamic optimisation. Specifically, we use this
appendix to illustrate several features of the model solution for the Hybrid contract, as described in the
main text:

(i). Where q = 0, average effort under Hybrid lies between effort on Debt and effort on IncomeShare.

In Panel A of Figure A1, we illustrate optimal effort (4) for a micro-distributor with a monthly
discount factor of 0.999 (implying an annual discount factor of about 0.988). We illustrate optimal
effort under Debt, under Hybrid, under IncomeShare and under no contract; for Hybrid, this is
calculated as the expected monthly effort over the course of the first year of the contract. We
graph against alternative values of risk aversion (using the representation of Cohen and Einav
(2007), explained in the figure notes). In Panel B of Figure A1, we use the same calibration setting
V = 0.7 (implying an annual discount factor of about 0.014). Under high V (Panel A), the effort
tracks closely the effort under Debt; since the total repayment under Hybrid matches that of the
Debt contract and, by experimental design, the expected monthly payment is approximately equal
to that of Debt. Under low V (Panel B), the distributor cares much more for monthly outflows than
for the overall payment; because the monthly payments are equivalent to the monthly payments
under IncomeShare, the average effort approximates effort under that contract. (In both panels,
we calibrate to our context by choosing �3 = 10, l = 0.9, ` = 1, f = 0.25, ^ = 1.6, c0 = 25 and
q = 0.)
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Appendix Figure A1: Model solution: Variation in the monthly discount factor

Panel A: Micro-distributors are very patient (V = 0.999)

5678910

Risk aversion (Cohen-Einav representation)
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Debt contract
Hybrid
Revenue sharing
No contract

Panel B: Micro-distributors are very impatient (V = 0.7)
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Risk aversion (Cohen-Einav representation)
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Note: We illustrate numerically the theoretical predictions as to effort under no contract, the Debt contract, the
IncomeShare contract and the Hybrid contract. For ease of interpretation, we use the representation of Cohen and
Einav (2007); we imagine a 50-50 gamble where the gain is $10 and the loss is G. For each given coefficient of
absolute risk aversion, we solve for G so that the respondent is indifferent between taking the gamble and not; this is
given by G ≡ log [2 − exp(−10A)] /A.
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(ii). Even under this case where q = 0, the Hybrid contract can be preferred to the Debt contract.
In Figure A2, we graph the relative value of contractual adoption. To do this, we calculate
a ‘net discounted certainty equivalent’; we represent this as the monthly payment that a micro-
distributor would need to receive everymonth (ad infinitum) in order tomake themicro-distributor
indifferent between adopting and not adopting the contract.26 In our view, this is more intuitive
than comparing raw values of + – which exhibit the scaling features discussed in (for example)
Apesteguia and Ballester (2018). (We use the same parameterisation as above, setting V = 0.97.)
The graph shows that – even under q = 0 – the Hybrid contract can be preferred over both the
Hybrid and IncomeShare contracts.

Appendix Figure A2: Model solution: The net value of contractual adoption
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Note: We illustrate numerically the theoretical predictions as to contract value for the Debt contract, the IncomeShare
contract and the Hybrid contract; we calculate this relative to the no-contract case. For ease of interpretation, we use
the representation of Cohen and Einav (2007); we imagine a 50-50 gamble where the gain is $10 and the loss is G.
For each given coefficient of absolute risk aversion, we solve for G so that the respondent is indifferent between taking
the gamble and not; this is given by G ≡ log [2 − exp(−10A)] /A . The discounted certainty equivalent is calculated as
[− log(1 − V) − log(−+)] /A; we then graph in comparison to the discounted certainty equivalent of the no-contract
case.

26 For some contract having present value + , the discounted certainty equivalent is 2 ≡ [− log(1 − V) − log(−+)] /A; we graph
relative to the no-contract certainty equivalent.
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(iii). If respondents have a strong desire to clear their debt (q >> 0), the Hybrid contract additionally
incentivises effort to achieve this.
In Figure A3, we solve for the case where q = 20 (holding fixed the other parameters, including
V = 0.97). The figure illustrates that – in contrast to Figure A1 – a high value of q incentivises
the micro-distributor under Hybrid to exert additional effort in order to accelerate the repayment.
(Indeed, the figure shows that a high value of q can even cause effort under Hybrid to exceed
effort under Debt.)

Appendix Figure A3: Model solution: Effort under high q
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Note: We illustrate numerically the theoretical predictions as to effort and take-up under no contract, the Debt
contract, the IncomeShare contract and the Hybrid contract. For ease of interpretation, we use the representation
of Cohen and Einav (2007); we imagine a 50-50 gamble where the gain is $10 and the loss is G. For each given
coefficient of absolute risk aversion, we solve for G so that the respondent is indifferent between taking the gamble
and not; this is given by G ≡ log [2 − exp(−10A)] /A.
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A2 Spillover effects
To test for spillover effects, we exploit the fact that (i) we have administrative data on the universe of
micro-distributors in FoodCo’s program (regardless of whether they participated in our project) and
(ii) we have detailed baseline data for 100 of our experimental respondents, asking about a series of
different kinds of dyadic relationship with micro-distributors at their stockpoint. Together, these 100
respondents answered baseline dyadic questions about a total of 325 other micro-distributors at their
stockpoints; in this analysis, we use data from those 325 other micro-distributors, taken over the first
year that their colleagues received contracts.

Specifically, we index by 8 the participants in our experiment; we index by 9 other micro-
distributors at the relevant stockpoints. Denote by H 9C the FoodCo income of non-participant 9 in
period C. Denote by �8 9 a dummy variable for whether, at baseline, respondent 8 reported a particular
form of dyadic relationship between 8 and 9 (for example, whether 8 reported at baseline that (s)he knew
9).

To test for spillovers, we estimate:

H 9C = V0 +
∑

:∈{1,...,4}

∑
8

V: · �8 9 · Post_Offered8C :

+
∑

:∈{1,...,4}

∑
8

W: · �8 9 · Ever_Offered8: +
∑
8

X · �8 9 · Post8C + XC + Y 9C ,

where Ever_Offered8: is a dummy for whether respondent 8 was ever offered contract type : ,
Post_Offered8C : is a dummy for whether respondent 8 had been offered contract : by period C, and
Post8C is a dummy for whether respondent 8 had entered the project (that is, been eligible for treatment)
by period C.

This estimation thus provides a ‘triple differences-in-differences’ test; we interpret the estimated
coefficients V̂: as reflecting the causal impact upon non-participants of the treatment status of partic-
ipants, operating through the dyadic channel defined by �8 9 . Table A1 shows the results: Panel A
aggregates across treatments, and Panel B estimates for each treatment separately. We conclude that
there are no meaningful peer effects: we find no significant effects in Panel A, and just one significant
effect in Panel B (out of 32 relevant coefficients).
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A3 Additional figures and tables

Appendix Figure A4: Route-to market: product flowchart

Notes: Stockpoints receive gum fromFoodCo and supply it to two types of micro-distributor:
(ii) uplifters, who sell door-to-door to retailers (kiosks, small outlets, table shops); (iii)
hawkers, who sell directly to end consumers.
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Appendix Figure A5: Micro-distributor performance and contract payments

panel a: Debt, Hybrid and IncomeShare contracts panel b: IndexShare contract

Notes: We plot required contract payments against micro-distributor performance (monthly profit in US$). Contract
payments are based on the average bike price of US$95. Panel A illustrates payments under the ‘deterministic’ contracts,
where payment amounts due are either completely unrelated to performance (debt contract, illustrated by the red line)
or related only to one’s own performance (hybrid and income-sharing contracts, the monthly payments for both being
represented by the green line). In contrast, Panel B illustrates payments under the index contract, which are a realization
of a stochastic outcome (the sales of other micro-distributors in one’s region), with the blue line representing the predicted
payments following a regression of index payments on individual performance controlling for individual fixed effects.
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A3.1 Summary statistics and balance

Appendix Table A2: Summary statistics and balance

Control Debt Hybrid IncomeShare IndexShare

Age 30.29 31.32 31.62 29.41 32.31
Married 0.71 0.76 0.85 0.63 0.78
Female 0.14 0.12 0.08 0.20 0.19
Household size 3.21 3.38 3.27 3.17 3.81
Number of earners 1.43 1.44 1.35 1.34 1.56
Education (post-secondary) 0.18 0.15 0.27 0.27 0.09
Number of employees 0.46 0.12 0.15 0.02 0.16
Profits from selling FoodCo products 2,747.89 3,145.39 3,227.11 2,419.66 2,992.38
Business profit (all sources) 13,154.05 12,351.37 13,843.97 10,143.72 15,136.25
Has wage job 0.29 0.18 0.35 0.22 0.28
Wage earnings 1,753.57 1,447.06 1,461.54 1,329.27 2,578.12
Total household income 20,407.14 18,175.00 16,265.38 16,600.85 22,477.38
Consumption expenditure 17,306.79 20,714.12 22,172.31 17,950.49 20,075.62
Management practices 0.73 0.72 0.83 0.77 0.78
Maths score 0.61 0.66 0.65 0.63 0.66
Time preferences index 7.32 6.44 6.23 6.98 6.84
Risk aversion index 4.04 3.71 4.08 4.08 3.84
Loss aversion index 5.64 5.32 6.35 5.56 6.72
Number of individuals 28 34 26 41 32

Note: We present baseline summary statistics by treatment assignment. All flow variables are for the previous
month. All currency amounts are in Kenyan Shillings (The USD-KES exchange rate at baseline was approximately
equal to 102). An omnibus balance test, assessing the equality of coefficients for each treatment across all variables,
comfortably passes (? = 0.971). For robustness, we also estimate a multinomial logit specification to test balance
between each treatment and control using randomization inference, as per recent recommendations given the large
number of variables relative to the number of units (Kerwin et al., 2024; McKenzie, 2024); the test also comfortably
passes (? = 0.844).
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A3.2 Characteristics of individuals who took up a contract

Appendix Table A3: Characteristics of those who took up a contract

(1) (2) (3) T-test Normalized
Take-up = 0 Take-up = 1 Total Difference difference

Variable Mean/SE Mean/SE Mean/SE (1)-(2) (1)-(2)

Age 30.56
(0.80)

31.36
(0.77)

31.03
(0.56)

-0.80 -0.12

Married 0.65
(0.06)

0.81
(0.04)

0.74
(0.04)

-0.15* -0.35

Female 0.09
(0.04)

0.19
(0.04)

0.15
(0.03)

-0.10* -0.28

Household size 3.02
(0.22)

3.67
(0.21)

3.40
(0.15)

-0.65** -0.37

Number of earners 1.47
(0.08)

1.38
(0.06)

1.42
(0.05)

0.09 0.15

Education (post-secondary) 0.16
(0.05)

0.22
(0.05)

0.20
(0.03)

-0.05 -0.14

Number of employees 0.13
(0.08)

0.09
(0.03)

0.11
(0.04)

0.04 0.09

Profits from selling FoodCo products 2,302.94
(318.03)

3,322.42
(498.61)

2,900.83
(322.60)

-1,019.48* -0.27

Business profit (all sources) 13,165.94
(1,366.78)

12,256.61
(951.89)

12,632.65
(792.17)

909.33 0.10

Has wage job 0.18
(0.05)

0.29
(0.05)

0.25
(0.04)

-0.11 -0.26

Wage earnings 1,221.82
(464.11)

2,012.82
(532.18)

1,685.71
(366.71)

-791.00 -0.19

Total household income 17,998.38
(2,049.01)

18,600.64
(1,736.09)

18,351.59
(1,319.86)

-602.26 -0.04

Consumption expenditure 16,575.27
(1,340.58)

22,403.97
(1,503.26)

19,993.61
(1,067.49)

-5,828.70*** -0.47

Management practices 0.74
(0.03)

0.79
(0.02)

0.77
(0.02)

-0.05 -0.27

Maths score 0.62
(0.03)

0.67
(0.02)

0.65
(0.01)

-0.06* -0.34

Time preferences index 7.22
(0.72)

6.27
(0.59)

6.66
(0.46)

0.95 0.18

Risk aversion index 3.91
(0.17)

3.93
(0.13)

3.92
(0.10)

-0.02 -0.02

Loss aversion index 6.55
(0.41)

5.50
(0.40)

5.93
(0.29)

1.05* 0.31

Individuals 55 78 133

Notes: In this table, we present the characteristics of whose who took any of the contracts, compared to those who
were assigned to a contract but did not take the product. Standard errors are clustered at the individual level. All
flow variables are for the last month, and all currency values are in KES. Normalized differences are computed as the
difference in means divided by the square root of half of the sum of the variances (Imbens & Rubin, 2015). * p <
0.10, ** p < 0.05, *** p < 0.01.
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A3.3 Characteristics of experimental sample compared to broader population

Appendix Table A4: experimental sample characteristics

(1) (2) (3) T-test Normalized
Broader sample Experimental sample Total Difference difference

Variable Mean/SE Mean/SE Mean/SE (1)-(2) (1)-(2)

Female 0.27
(0.02)

0.13
(0.05)

0.26
(0.02)

0.14*** 0.33

Age 31.61
(0.43)

31.04
(0.85)

31.57
(0.40)

0.57 0.05

Majority ethnicity 0.77
(0.02)

0.75
(0.06)

0.77
(0.02)

0.03 0.06

Religion 0.97
(0.01)

0.96
(0.03)

0.97
(0.01)

0.00 0.02

Marital status 0.64
(0.02)

0.71
(0.06)

0.65
(0.02)

-0.07 -0.14

Secondary education 0.14
(0.01)

0.22
(0.06)

0.15
(0.01)

-0.08 -0.22

Asset ownership index 10.40
(0.07)

10.20
(0.19)

10.38
(0.06)

0.20 0.12

Monthly business earnings (all activities) 14,999.41
(592.27)

15,043.64
(1,877.11)

15,002.92
(564.88)

-44.23 -0.00

Annual household income 215375.10
(8,756.37)

196563.64
(25,861.02)

213879.97
(8,315.87)

18,811.47 0.09

Individuals 637 55 692

Notes: We compare the characteristics of the experimental sample to the broader population of distributors, using data from a 2016 general
survey of all active distributors. This survey includes 55 distributors who later joined our experimental sample from 2017 onwards, representing
approximately one-third of the final experimental sample. Majority ethnicity is a binary variable indicating whether the distributor belongs to one
of the three predominant ethnic groups (Kikuyu, Kisii, Luo). Marital status is a binary variable equal to one for married individuals. Religion is a
binary variable indicating affiliation with the most common religion, Christianity. Secondary education refers to the completion of post-secondary
education. The asset ownership index was created by summing the ownership of the following seven assets: a car, motorbike, bicycle, TV, iron
box, frying pan, and mosquito net. Standard errors are clustered at the individual level. Normalized differences are computed as the difference in
means divided by the square root of half of the sum of the variances (Imbens & Rubin, 2015). * p < 0.10, ** p < 0.05, *** p < 0.01.
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A3.4 Financed amount

Appendix Figure A6: Distribution of amount financed

Note: We display the distribution of bicycle prices. For each individual, a 10% deposit was provided, and 90% of the bicycle
price represents the financed amount. The USD-KES exchange rate at baseline was approximately equal to 102
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A3.5 Conditional profits
Table 2 in the main paper shows ITT and LATE estimates on business profits; in Panel B of that table,
we draw comparisons between the different kinds of contract. That table shows large impacts of the
hybrid contract relative to the debt contract, despite both types of contract having similar rates of take-up.

In this appendix section, we report differences in business profits between those adopting the
hybrid contract and those adopting the debt contract. We do this in three complementary ways. First, as
a benchmark, in Panel A of Table A5, we report OLS comparisons for the full sample (those adopting
and those not adopting). We limit our sample to those either offered the debt contract or the hybrid
contract; the coefficient on ‘Dummy: Hybrid’ therefore estimates the additional business profits from
those in the hybrid treatment. Second, in Panel B of Table A5, we limit attention to those who adopt.
Third, in Panel C of Table A5, we repeat the exercise in Panel B, but using Lee (2009) bounds to allow
for take-up to correlate with unobserved heterogeneity in potential profitability. In each panel, we
report results for months 1-36 pooled (column 1), for months 1-6 (column 2), for months 7-12 (column
3) and for months 13-24 (column 4).

The results confirm our interpretation of Table 2: that the large differences in business profits in
the ITT and LATE are attributable to large differences conditional upon adopting (rather than being
driven by differences in the adoption rate). In particular, we note that the Lee (2009) lower bounds
remain positive across all specifications, and large particularly for months 7-12 and 13-24. (It is not
surprising, given our sample size, that the lower bounds are not significantly different from zero.)
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Appendix Table A5: Profits under debt and hybrid, conditional upon adoption

(1) (2) (3) (4)
Months
1-36

Months
1-6

Months
7-12

Months
13-24

Panel A: Full sample (OLS)

Dummy: Hybrid 1219.61∗ 1130.05 1892.52∗∗∗ 1408.44∗
(676.47) (826.75) (635.44) (729.48)

Individuals 60 59 54 49

Panel B: Adopters only (OLS)

Dummy: Hybrid 784.83 321.92 1420.92∗∗ 1065.02
(830.49) (1076.90) (674.97) (844.42)

Individuals 41 41 39 39

Panel C: Adopters only (Lee bounds)

Lee bound: Lower 642.40 153.93 1241.89 905.59
(888.93) (1248.89) (761.08) (786.65)

Lee bound: Upper 868.87 499.62 1543.61∗∗ 1130.93
(875.38) (1290.38) (768.72) (782.47)

Individuals 41 41 39 39
Note: In all columns, the outcome is a continuous variable for profits from selling FoodCo products (using administrative data).
In Panel A, we compare outcomes in ITT terms, for those offered debt (omitted category) and those offered the hybrid contract.
In Panel B, we compare outcomes only among those who adopted the contract. In Panel C, we run Lee (2009) bounds, again
comparing outcomes only among those who adopted the contract. Standard errors are reported in brackets. * p < 0.10, ** p <
0.05, *** p < 0.01. All amounts are in Kenyan Shillings.
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A3.6 Poisson regressions
Given the skewed nature of the profits variable, here we demonstrate that the conclusions from the main
paper are robust to using a Poisson specification; we again find large and stable treatment effects for
Hybrid over time, with cross-coefficient tests confirming that Hybrid consistently outperforms Debt.

Appendix Table A6: Business profits: poisson regressions

(1) (2) (3) (4)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Debt 0.23 0.08 0.50 0.16
(0.428) (0.307) (0.484) (0.816)

Hybrid 1.10*** 0.89*** 1.30*** 1.11*
(0.346) (0.261) (0.437) (0.568)

IncomeShare 0.67* 0.27 0.78* 0.78
(0.364) (0.291) (0.444) (0.589)

IndexShare 0.37 0.17 0.57 0.13
(0.354) (0.298) (0.485) (0.655)

Estimation ITT-Poisson ITT-Poisson ITT-Poisson ITT-Poisson
Observations 2888 785 817 910
Individuals 161 160 145 119
Timeframe 1m-36m 1m-6m 7m-12m 13m-24m
Control mean 897.45 1388.67 939.52 805.70
Test: Debt = Hybrid 0.021 0.001 0.008 0.143
Test: Debt = IncomeShare 0.263 0.507 0.365 0.345
Test: Hybrid = IncomeShare 0.144 0.006 0.033 0.381

Note: In all columns, the outcome is a continuous variable for profits from selling FoodCo
products (using administrative data). Standard errors, clustered at the individual level, are
reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01. All amounts are in Kenyan
Shillings.
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A3.7 Randomization inference

Appendix Table A7: Business outcomes: Randomization inference

(1) (2) (3) (4)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Debt 530.38 710.53 343.93 76.13
(0.224) (0.042)** (0.384) (0.896)
[0.333] [0.086]* [0.503] [0.912]
{0.218} {0.041}** {0.380} {0.895}

Hybrid 1528.51 1603.71 1760.62 1334.20
(0.013)** (0.002)*** (0.005)*** (0.054)*
[0.008]*** [0.000]*** [0.001]*** [0.063]*
{0.012}** {0.002}*** {0.005}*** {0.056}*

IncomeShare 781.65 488.32 676.89 721.68
(0.084)* (0.182) (0.115) (0.201)
[0.135] [0.220] [0.166] [0.277]
{0.080}* {0.182} {0.109} {0.198}

IndexShare 172.65 52.01 334.33 -7.30
(0.698) (0.896) (0.522) (0.989)
[0.762] [0.902] [0.525] [0.991]
{0.695} {0.895} {0.522} {0.989}

Observations 2888 785 817 910
Control mean 897.45 1388.67 976.81 810.53
Note: We repeat the ITT analysis on the main business effort and performance variables using
randomisation inference (wherewe use 10,000 replications, permuting treatment at the individual
level and using C-statistics that cluster at the individual level) and, separately, bootstrapping
(where we use 10,000 replications, clustering at the individual level). Standard ?-values are
reported in parentheses, randomization inference ?-values are in square brackets and bootstrap
?-values are in curly brackets. * p < 0.10, ** p < 0.05, *** p < 0.01.
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A3.8 Winsorizing profits
Given the skewed nature of the outcome variable, we winsorize the main profits variable at several
levels; results are robust to different levels of winsorization.

Appendix Table A8: Winsorizing profits

(1) (2) (3) (4) (5)
90% 92.5% 95% 97.5% 99%

Any contract 812.93** 940.87** 1036.23* 1117.27* 1196.88*
(349.466) (462.949) (583.738) (673.655) (713.164)

Debt 583.40 639.97 643.53 598.04 681.08
(358.196) (467.221) (599.152) (713.998) (765.405)

Hybrid 1495.93*** 1777.66** 2032.52** 2273.96* 2453.59*
(531.782) (730.839) (958.304) (1167.028) (1284.066)

IncomeShare 786.66** 918.14* 1047.84 1175.77 1202.08
(376.265) (506.123) (667.726) (860.789) (1033.294)

Index 278.59 305.16 283.32 276.83 340.42
(410.951) (515.684) (629.284) (730.913) (811.000)

Estimation ITT ITT ITT ITT ITT
Observations 2888 2888 2888 2888 2888
Individuals 161 161 161 161 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m
Control mean 897.45 1039.01 1161.78 1210.57 1226.82
Note: In all columns, the outcome is a continuous variable for profits from selling FoodCo products (using
administrative data). Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10, ** p <
0.05, *** p < 0.01. All amounts are in Kenyan Shillings.

18



A3.9 Restricting sample to those willing to accept debt contract
We restrict the sample to the 86% of distributors who indicated prior to randomization their willingness
to accept the debt contract in our take-it-or-leave-it elicitation exercise. In this restricted sample, the
Hybrid contract appears even more effective: its impacts are larger, more persistent, and more precisely
estimated. Debt shows modestly stronger short-run effects, which then dissipate over time, and remains
clearly dominated by Hybrid even in this restricted sample (with the significance of cross-coefficient
tests increasing).

Appendix Table A9: business profit impacts on those willing to accept debt contract

(1) (2) (3) (4) (5) (6)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Debt 727.58 0.34 932.51 1346.55*** 582.63 -88.62
(448.700) (0.335) (569.953) (445.505) (516.926) (409.756)

Hybrid 2189.65*** 1.42*** 2628.10*** 2890.32*** 2297.73*** 2493.56**
(687.785) (0.333) (961.814) (772.827) (846.108) (1221.309)

IncomeShare 559.29 0.44 1001.82 809.98 862.97 554.38
(430.569) (0.371) (734.676) (736.089) (803.619) (581.198)

IndexShare 495.62 0.56 797.69 664.09 1119.13 157.06
(500.782) (0.359) (773.172) (695.653) (925.934) (542.085)

Estimation ITT ITT-Poisson LATE LATE LATE LATE
Observations 1689 1689 1689 565 591 519
Individuals 115 115 115 115 105 83
Timeframe 1m-36m 1m-36m 1m-36m 1m-6m 7m-12m 13m-24m
Control mean 810.81 810.81 810.81 1148.03 796.21 522.26
Test: Debt = Hybrid 0.015 0.000 0.052 0.037 0.025 0.027
Test: Debt = IncomeShare 0.596 0.761 0.887 0.384 0.644 0.130
Test: Hybrid = IncomeShare 0.006 0.001 0.072 0.020 0.099 0.119

Note: Standard errors, clustered at the individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01. All
currency amounts are in Kenyan Shillings. The USD-KES exchange rate at baseline was approximately equal to 102.
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A3.10 Pooling Hybrid and IncomeShare contracts
We present results from a specification that pools the Hybrid and IncomeShare contracts (the two
contracts whose repayments are based on the distributor’s own performance). Unsurprisingly – given
the increase in statistical power from pooling – the coefficient is statistically significant at the 5% level
in most specifications.

Appendix Table A10: business profit impacts pooling hybrid and incomeshare

(1) (2) (3) (4) (5) (6)
Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Profits:
Foodco

Debt 534.05 0.22 694.53 1039.08** 468.51 110.34
(435.607) (0.430) (563.533) (484.627) (514.443) (723.275)

Performance-contingent 1096.08** 0.88*** 1628.48** 1569.31** 1690.50** 1364.59*
(437.194) (0.323) (636.479) (613.936) (671.774) (703.399)

IndexShare 176.86 0.37 299.81 112.82 653.88 -14.70
(447.735) (0.355) (815.987) (823.467) (1001.332) (836.568)

Estimation ITT ITT-Poisson LATE LATE LATE LATE
Observations 2888 2888 2888 785 817 910
Individuals 161 161 161 160 145 119
Timeframe 1m-36m 1m-36m 1m-36m 1m-6m 7m-12m 13m-24m
Control mean 897.45 897.45 897.45 1388.67 939.52 805.70

Note: “Performance-contingent” pools the Hybrid and IncomeShare contracts. Standard errors, clustered at the individual
level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01. All currency amounts are in Kenyan Shillings. The
USD-KES exchange rate at baseline was approximately equal to 102.
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A3.11 Impacts on health, happiness, and trust
We explore the impact on participant health, happiness, and trust, which we specified in our pre-analysis
plan. Health was expected to improve after the provision of bicycles (to replace distributors having to
manually carry large amounts of stock). A negative coefficient implies that respondents are less likely
to report health problems; all coefficients in the first two columns point to health improvements, though
standard errors are large.

Appendix Table A11: health, happiness, and trust

(1) (2) (3) (4) (5) (6)
Health

impedes work
Work

caused pain
Happiness:
income

Happiness:
expenditure

Happiness:
work materials Trust

Debt -0.13 -0.13 -0.02 0.05 0.09 -0.14
(0.093) (0.084) (0.121) (0.119) (0.113) (0.101)

Hybrid -0.06 0.01 0.11 0.11 0.20 -0.07
(0.105) (0.099) (0.136) (0.130) (0.125) (0.100)

IncomeShare -0.08 0.03 -0.13 0.03 -0.04 -0.08
(0.133) (0.130) (0.177) (0.159) (0.161) (0.128)

IndexShare -0.05 0.04 0.25 0.43** 0.45*** -0.04
(0.149) (0.156) (0.189) (0.172) (0.170) (0.139)

Estimation LATE LATE LATE LATE LATE LATE
Observations 496 496 496 496 496 496
Individuals 161 161 161 161 161 161
Timeframe 1m-12m 1m-12m 1m-12m 1m-12m 1m-12m 1m-12m
Control mean 0.25 0.19 0.48 0.44 0.47 0.56
Test: Hybrid = Debt 0.415 0.057 0.291 0.654 0.393 0.441
Test: Hybrid = IncomeShare 0.847 0.845 0.149 0.608 0.121 0.888
Test: IncomeShare = Debt 0.623 0.079 0.481 0.885 0.367 0.573

Note: Column 1: Whether their health impedes their ability to work. Column 2: Whether their work caused them physical
pain. Column 3: Satisfaction with income. Column 4: Satisfaction with their ability to meet expenditure demands. Column 5:
Satisfaction with the materials and equipment used for selling work. Column 6: A trust index, capturing trust in (i) general;
(ii) business; (iii) not being taken advantage of by most people; and (iv) the neighborhood. Standard errors, clustered at the
individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01. All currency amounts are in Kenyan Shillings.
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A4 Cost-benefit inputs and further analysis
Table A12 shows that the treatment did not affect the margin that FoodCo and its stockpoints made from
distributors i.e. did not lead to a change in composition of products that either increased or decreased
the income that FoodCo / stockpoints made per $1 of distributor income.

Appendix Table A12: FoodCo and Stockpoint income multipliers relative to distributors

(1) (2) (3) (4) (5) (6) (7) (8)
Multiplier:
Foodco

Multiplier:
Foodco

Multiplier:
Foodco

Multiplier:
Foodco

Multiplier:
Stockpoints

Multiplier:
Stockpoints

Multiplier:
Stockpoints

Multiplier:
Stockpoints

Any contract 0.077 0.115 0.048 0.073
(0.271) (0.265) (0.288) (0.278)

Debt 0.123 0.163 0.065 0.085
(0.165) (0.168) (0.214) (0.222)

Hybrid 0.025 0.042 0.015 0.027
(0.814) (0.755) (0.785) (0.705)

IncomeShare 0.082 0.140 0.069 0.117
(0.350) (0.339) (0.191) (0.176)

Index 0.071 0.118 0.036 0.054
(0.286) (0.335) (0.404) (0.497)

Observations 2888 2888 2888 2888 2888 2888 2888 2888
Individuals 161 161 161 161 161 161 161 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m 1m-36m
Control mean 3.65 3.65 3.65 3.65 1.03 1.03 1.03 1.03

Note: Columns 1 to 4 represent the multiple of FoodCo income to every shilling earned by distributors, and columns 5 to 8
present the comparable multiple for Stockpoints. For FoodCo, we estimated operating income by applying gross profit and
operating cost ratios from their publicly available financial reports. These ratios were applied to the value of sales generated by
FoodCo based on stockpoint purchases, providing an estimate of their operating income, which we then compare to distributors’
operating income. For stockpoints, we estimated operating income assuming the same gross profit and cost ratios as FoodCo,
excluding costs not applicable to stockpoints (e.g., advertising). This provided a comparable measure of operating income for
Stockpoints, which we then compare to distributors’ operating income. ITT refers to Intent-to-Treat regressions, while LATE
refers to Local Average Treatment Effect estimations (instrumenting take-up with assignment). Standard errors, clustered at the
individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01. All amounts are in Kenyan Shillings.
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In the paper, we display total returns for each of the supply chain stakeholders using the pooled
treatment indicator; here we split by contract.

Appendix Table A13: total return analysis, by contract

(1) (2) (3) (4)
Distributors Multinational Stockpoints Total Return

Panel A: ITT
Debt 308 1001 293 1601

(252) (820) (240) (1313)
Hybrid 887** 2884** 844** 4614**

(353) (1149) (336) (1839)
IncomeShare 453* 1475* 431* 2360*

(261) (849) (248) (1358)
Index 100 326 95 521

(258) (838) (245) (1341)
Panel B: LATE

Debt 447 1455 426 2328
(328) (1068) (312) (1709)

Hybrid 1114** 3623** 1060** 5797**
(475) (1546) (452) (2473)

IncomeShare 762* 2480* 725* 3968*
(401) (1303) (381) (2085)

Index 309 1004 294 1607
(474) (1541) (451) (2465)

Data source Admin Admin Admin Admin
Observations 2888 2888 2888 2888
Individuals 161 161 161 161
Timeframe 1m-36m 1m-36m 1m-36m 1m-36m
Control mean 521 1693 495 2709

Note: We display the returns from the intervention to each of the three
participants in FoodCo’s supply chain. ITT refers to Intent-to-Treat regres-
sions, while LATE refers to Local Average Treatment Effect estimations
(instrumenting take-up with assignment). Standard errors, clustered at the
individual level, are reported in brackets. * p < 0.10, ** p < 0.05, *** p <
0.01. All currency amounts are in Kenyan Shillings.
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Tables A14 and A15 provide a summary of the inputs for our cost-benefit analysis.

Appendix Table A14: Inputs for cost-benefit analysis

Costs Project Total Pooled
Capital disbursed for initial purchase of assets 763,000 9,704
Total capital recovered from clients -520,945 6,510
Total capital disbursed minus capital recovered (discounted to year 0) 289,414 3,194
Staff salaries (calculated as if all incurred at start of year 0) 198,996 8,292
Implementation costs: survey company salaries, venue hire, participant compensation 0 5,873
Other implementation costs (calculated as if all incurred at start of year 0) 1,810 23
Total cost (calculated as of year 0) 490,219 17,381
Total costs compounded to year 2 at 10% social discount rate 21,031

Benefits Pooled
Years 1 to 3: return to distributors (annualising from monthly LATE estimate) 25,488
Years 1 to 3: return to FoodCo (annualising from monthly LATE estimate) 82,965
Years 1 to 3: return to stockpoints (annualising from monthly LATE estimate) 24,266

Total benefits at year 3: 132,719
Total benefits year 3 onwards, assuming benefits last: 1 year 7,724

2 years 14,745
3 years 21,128
5 years 32,207
10 years 52,204
15 years 64,621
20 years 72,331

Notes: We conduct an overall cost-benefit analysis of the intervention. The costs comprise: (i) the capital disbursed for the initial
asset purchases for take-up clients, subtracted from the total recovered capital (factoring in the small overall loss to the lender); (ii)
staff salaries; and (iii) other implementation expenses like venue rentals for workshops. The total costs are then compounded up
to the two-year mark using a conservative 10% social discount rate. This falls within the range recommended by the World Bank
(Lopez, 2008). We divide the total costs by the number of take-up clients in each contract and then incorporate the benefits from
each contract. We employ the estimated treatment effects derived from our LATE regressions, as well as an estimate of future
benefits extending beyond the project period. For benefits during the project period, we sum up the treatment effects calculated on
business profits for all four market participants, as depicted in the total return analysis. Additionally, we incorporate the estimated
net present value of future benefits from the fourth year onwards, using the LATE estimates as the annual value of these future
benefits.
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In Tables A16 A17, we reanalyze the benefit-cost ratios and internal rates of return assuming that
the treatment effects are 25% and 50% lower than we estimated in our analysis, respectively.

Appendix Table A16: Benefit-cost ratios and IRR, assuming a 25% reduction in treatment effects

Cost-benefit ratios
Persistence Pooled Debt Hybrid IncomeShare IndexShare

0 4.7 2.8 8.1 5.4 2.0
1 5.0 3.0 8.6 5.8 2.1
2 5.3 3.2 9.0 6.1 2.2
3 5.5 3.3 9.4 6.3 2.3
5 5.9 3.5 10.1 6.8 2.4
10 6.6 4.0 11.3 7.6 2.7

Internal rate of return
Persistence Pooled Debt Hybrid IncomeShare IndexShare

0 147% 78% 264% 173% 43%
1 154% 87% 268% 179% 53%
2 156% 91% 269% 181% 59%
3 157% 93% 270% 181% 61%
5 158% 94% 270% 182% 64%
10 158% 95% 270% 182% 65%

Notes: We reanalyze the benefit-cost ratios and internal rates of return under the assumption of a 25% reduction in the treatment
effects. Persistence refers to the assumption regarding the persistence of effects beyond the three-year period, ranging from zero
to 10 years. Pooled refers to the estimate derived from pooling all of the treatment contracts.
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Appendix Table A17: Benefit-cost ratios and IRR, assuming a 50% reduction in treatment effects

Cost-benefit ratios
Persistence Pooled Debt Hybrid IncomeShare IndexShare

0 3.2 1.9 5.4 3.6 1.3
1 3.3 2.0 5.7 3.8 1.4
2 3.5 2.1 6.0 4.0 1.4
3 3.7 2.2 6.3 4.2 1.5
5 3.9 2.4 6.7 4.5 1.6
10 4.4 2.6 7.5 5.1 1.8

Internal rate of return
Persistence Pooled Debt Hybrid IncomeShare IndexShare

0 90% 40% 171% 108% 14%
1 98% 51% 177% 115% 26%
2 102% 57% 179% 119% 33%
3 104% 59% 179% 120% 37%
5 105% 62% 180% 121% 41%
10 105% 63% 180% 121% 43%

Notes: We reanalyze the benefit-cost ratios and internal rates of return under the assumption of a 50% reduction in the treatment
effects. Persistence refers to the assumption regarding the persistence of effects beyond the three-year period, ranging from zero
to 10 years. Pooled refers to the estimate derived from pooling all of the treatment contracts.
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