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Indirect Effects of Access to Finance†

By Jing Cai and Adam Szeidl*

We created experimental variation across markets in China in the 
share of firms having access to a new loan product. Access to finance 
had a large positive direct effect on the performance of treated firms 
but a similar-sized negative indirect effect on that of firms with 
treated competitors, leading to nondetectable gains in producer sur-
plus. Access to finance had a positive direct effect on business quality 
and consumer satisfaction and a negative effect on price, which were 
not offset by indirect effects, implying net gains in consumer surplus. 
We document other indirect effects and combine effects in a welfare 
evaluation. (JEL D22, G21, G32, L81, O16, P31, P34)

Lack of credit is widely believed to be a growth barrier, and a growing literature 
documents that credit has positive effects on firms’ performance. However, in indus-
try equilibrium, credit can have indirect effects on other actors: on peer firms through 
business stealing, information diffusion, and other channels, and on consumers 
through improvements in borrower firms’ quality and price. Such industry equilibrium 
effects can be important for welfare and redistribution, but at present, we have lim-
ited evidence on their nature and magnitude. Rotemberg (2019) documents a negative 
indirect effect of a subsidy policy on peer firms in India, and McKenzie and Puerto 
(2021) document no indirect effect of a microenterprise training experiment on peer 
firms in Kenya. But we know little about the indirect effects of credit on both firms and 
consumers, the underlying mechanisms, and the welfare implications.

To investigate these issues, we conducted an experiment with 3,173 firms in 78 
retail markets in China, in which we created cross-market variation in the share of 
firms receiving support in accessing a new loan product. This design allows us to 
identify both direct and indirect effects. We show that the loan had a large direct 
effect on the revenues and profits of treated firms. However, this was largely offset 
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by a similar-sized business-stealing effect on competitors, implying that the program 
had no detectable effect on producer surplus. Turning to mechanisms, we show that 
treated firms improved quality and reduced price and that consumers valued these 
changes, implying that the program had a large positive effect on consumer surplus. 
We document additional indirect effects driven by the diffusion of information and 
the diffusion of demand. We then combine the direct and indirect effects in a wel-
fare analysis and show that indirect effects are important for understanding industry 
outcomes and evaluating industrial policy.

In Section I, we present our context and experimental design. In 2013, a large 
bank introduced a new loan product to small and medium-sized enterprises (SMEs) 
in a province located in southeastern China. The loan product was offered in local 
“markets”—clusters of retail and service firms—and provided better terms than 
existing alternatives, primarily in that it did not require collateral. In collaboration 
with the bank, in the summer of 2013, we introduced a randomized treatment to 
improve access to the new loan product: we had a loan officer visit every treated 
firm once a month for a year, explain the terms of the loan, and offer help in filling 
out the application.

We randomized treatment intensity across 78 markets. In 37 markets we treated 
80 percent of the firms, in 10 markets we treated 50 percent of the firms, and in 31 
markets we treated no firms. This design generated random variation in both the firm’s 
treatment status and the share of its peers that were treated. We complemented the ran-
domized intervention with surveys of our sample of 3,173 firms (average employment 
of 9). We conducted long surveys in 2013, before the intervention (baseline); in 2015, 
which was two years after the intervention (midline); and in 2016 (endline). We also 
conducted a short follow-up survey in 2020 to collect data on prices, consumer satis-
faction, and other outcomes that were not included in our long surveys.

We begin our analysis in Section II with a simple model of the impacts of bor-
rowing that incorporates two types of indirect effects: information diffusion and 
business stealing. In the model, firms compete monopolistically in local markets. 
To capture the idea that the loan enables productive investments, we assume that 
borrowing leads to higher product quality (or variety) and lower marginal cost. We 
allow information about the loan to diffuse to untreated firms, and model their deci-
sion to borrow. The main prediction of the model is that the impact of the loan pro-
gram on (log) revenue can be approximated with a linear function that (i) depends 
positively on the borrowing status of the firm, representing a direct effect; and (ii) 
depends negatively on the share of the firm’s competitors that borrow, representing 
a business-stealing effect. Information diffusion about the loan affects performance 
only through borrowing and hence does not enter the equation. Because borrowing 
is endogenous, this equation cannot be directly applied to the data, but we show 
that it can be estimated with an instrumental variables (IV) strategy in which the 
treatment and the share of competitors treated are the instruments. The reduced form 
of this IV motivates our main empirical specification, in which the key explanatory 
variables are the firm’s treatment status and the share of the firm’s competitors that 
are treated.

In Section III, we present our reduced-form empirical results. We begin by look-
ing at take-up. We find that, by endline, 28 percentage points more treated than 
untreated firms borrowed using the new loan product. The new loan did not crowd out 
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other borrowing, indicating that firms had genuine borrowing constraints (Banerjee 
and Duflo 2014). Most important, there was a positive indirect effect on borrowing: 
the share of peer firms in the market that were treated had a positive effect on the 
borrowing of untreated firms. This result is consistent with the information diffusion 
mechanism of our model.

We then look at direct and indirect effects on firm performance, using the empir-
ical specification implied by the model. When the outcome is log sales, we estimate 
a significant direct effect of the treatment of about 10 log points and a significant 
indirect effect of the share of competitors treated of about −9 log points. The sim-
ilar magnitude of these coefficients suggests a small impact on market-level reve-
nue and indicates that the treatment induced a reallocation of revenue from firms 
with treated competitors to treated firms. Similarly, we find a large positive direct 
and a similar-sized negative indirect effect on profit, suggesting a small impact on 
market-level producer surplus. Turning to factors and inputs, we find a similar real-
location for employment and the wage bill, a smaller and less significant realloca-
tion for materials, and—consistent with these firms having low capital intensity—no 
effect on fixed assets. Overall, the results on these main outcomes are consistent 
with the model’s prediction on business stealing.

We then explore the mechanisms behind these results. In our model, business 
stealing is driven by two mechanisms (see Figure 1): (i) improvements in quality 
and variety and (ii) reductions in cost and price, both of which increase consumers’ 
satisfaction with borrowers and induce a reallocation of demand to borrowers. We 
begin by documenting that the treatment had a positive direct and negative indirect 
effect on the number of clients, consistent with the demand reallocation interpreta-
tion. We then turn to the two mechanisms. We first consider firms’ use of business 
practices that may improve quality and variety: renovation, the introduction of new 
products, and the share of workers with a high school degree. For all three, we 
estimate a large and significant direct effect and a small and less significant indirect 
effect. We then consider firms’ use of practices that may reduce cost: switching to a 
new supplier, the stocking period (the average time between restocking, positively 
related to the amount of stock and hence the supplier’s discount) and the use of 
inventory management techniques. For all three, we estimate a large and significant 
direct effect and an insignificant indirect effect. We conclude that the evidence is 
consistent with the model’s two mechanisms.

We then investigate whether, as Figure  1 predicts, the changes in practices 
improved consumer satisfaction. To do this, we turn to measures of consumer expe-
rience. In our 2020 follow-up survey, we collected data on price and on various 
dimensions of consumer experience. We measured the latter with the evaluations 
of a randomly chosen customer, which is an approach that may be useful in other 
retail and service contexts as well. For price, we estimate a negative direct effect 
and no indirect effect. For each dimension of consumer experience, and for an index 
of overall consumer satisfaction, we estimate a positive direct effect and a much 
smaller and less significant indirect effect. We conclude that consumers valued the 
improved practices enabled by the loan, consistent with the mechanisms driving 
demand reallocation in the model.

We then turn to market-level effects, which can be estimated directly by regress-
ing market-level outcomes on the share of firms treated in the market. We find 
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insignificant effects on market revenue or profit but significant improvements in 
market-level business quality and consumer satisfaction. These results closely cor-
respond to those obtained by aggregating the firm-level results. Our model can 
rationalize these patterns with a low market-level elasticity of demand (near the 
Cobb-Douglas level), which implies that despite improvements in price-adjusted 
quality the market-level expenditure remains essentially constant.1

Our analysis thus far has assumed that indirect effects affect all peers with equal 
intensity. We next explore the heterogeneity of these effects by distance and com-
petition status. First, we consider indirect effects on borrowing. We show that the 
diffusion of borrowing is coming from similar peers not directly competing with 
the firm: neighboring noncompetitors and distant competitors. There is no diffusion 
from neighboring competitors, suggesting that they withhold information to avoid 
business-stealing effects (Cai and Szeidl 2018; Hardy and McCasland 2021). Next, 
we consider indirect effects on firm performance. Our main result is that treating 
noncompetitor neighbors has a positive effect. We present various pieces of evi-
dence that this effect is not explained by the diffusion of borrowing and conclude 
that it represents a novel indirect effect: the diffusion of demand from treated stores 
to noncompetitor neighbors, plausibly driven by customers shopping around in the 
neighborhood. This result provides experimental evidence on a demand externality 
that may drive the spatial concentration of retail observed around the world as well 
as in our markets (Leonardi and Moretti 2022).

In Section IV, we combine the direct and various indirect effects in a model-based 
welfare evaluation. We first estimate the IV regression implied by the model to infer 
the direct and business-stealing effects of the loan. Paralleling the reduced-form 
results, we find significant and largely offsetting effects on revenue and profit. We 
then use these estimates to quantify the impact of the loan program on welfare and 
redistribution. Our model implies that we can infer the gain in consumer surplus 
from the direct effect of the loan on firm revenue, which measures the extent of 
reallocation, and from the elasticity of substitution ​σ​ in the market, which governs 
the welfare gain from a given reallocation. Using a conservative ​σ  =  6​ borrowed 
from the literature, we find that treating all firms in a market would result in welfare 
gains of about US$15,000 per firm, or about 17 percent of profits, largely driven by 
gains to consumers. Our estimates imply that the private return to capital was about 
74 percent per year, most of which was canceled by losses to competitors, and that 
the social return to capital was about 60 percent, most of which was driven by gains 
to consumers.

1 In the longer term, if new consumers learn about the improvements in quality and price, the elasticity may 
increase, and markets may start to grow.

Figure 1. Mechanisms Driving Demand Reallocation

Loan Demand reallocationConsumer
satisfaction

Quality and variety

Cost Price
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A key implication of these results is that accounting for indirect effects, poten-
tially multiple, can be essential for evaluating firm policies. In our setting, the high 
social return implies that the program generated large welfare gains. However, 
accounting for only the direct and indirect effects on firms, while ignoring the effect 
on consumers, would imply smaller and insignificant gains. Although our returns 
may seem high, they are comparable to the private returns of 55–63 percent found 
by De Mel, McKenzie, and Woodruff (2008) and 105 percent found by Banerjee 
and  Duflo (2014). In fact, our analysis may help explain why private returns in 
developing countries are high. These returns depend on the (quality-adjusted) pro-
ductivity gain enabled by the loan times the potential for business stealing. Thus, 
even moderate productivity gains can generate high returns when business-stealing 
effects are strong.

Our research contributes to two main strands of the literature. Our analysis of 
access to finance builds on work documenting that firms face credit constraints. In 
particular, De Mel, McKenzie, and Woodruff (2008) and McKenzie and Woodruff 
(2008) experimentally evaluate the impact of cash grants on microenterprises in Sri 
Lanka and Mexico, and Banerjee and Duflo (2014) evaluate the impact of a targeted 
lending program on midsize firms in India.2 Our main contributions to this work are 
the evidence on indirect effects, the mechanisms, and the welfare evaluation.

Our analysis of indirect effects builds on studies of indirect and equilibrium 
effects in different contexts. Duflo and Saez (2003) introduced the idea of experi-
mental variation in treatment intensity for documenting indirect effects.3 Research 
on indirect effects involving firms includes Bloom, Schankerman, and Van Reenen 
(2013), who study the spillover and business-stealing effects of R&D in observa-
tional data. Experimental work includes Drexler, Fischer, and Schoar (2014) and 
Calderon, Cunha, and De Giorgi (2020), who find suggestive evidence of negative 
indirect effects of financial and business literacy interventions but do not have the 
design or power to investigate them. Closest to our work, Rotemberg (2019) doc-
uments a negative indirect effect on peer firms of a subsidy policy in India, and 
McKenzie and Puerto (2021) document no indirect effect on peer firms of a micro-
enterprise training experiment in Kenya. Our main contributions to these studies 
are the randomized evidence on business stealing, the evidence on the mechanisms 
depicted in Figure 1, and the welfare evaluation. Also related are Burke, Bergquist, 
and Miguel (2018); Huber (2018); Breza and Kinnan (2021); and Buera, Kaboski, 
and Shin (2021), who study the (generally positive) general equilibrium impacts 
of credit, and Sraer and Thesmar (2020), who propose a method to evaluate the 
general equilibrium effects of firm policies. Our main contributions to their work 
are the evidence on business stealing, the underlying mechanisms, and the welfare 
implications.

2 Related work exploits shocks and policy variation to measure the impact of bank loans on firm performance, 
for example, Chodorow-Reich (2014); Ponticelli and Alencar (2016); and Brown and Earle (2017). Also related 
are studies evaluating the impact of microfinance, including Angelucci, Karlan, and  Zinman (2015); Attanasio 
et al. (2015); Augsburg et al. (2015); Banerjee et al. (2015); Crepon et al. (2015); and Tarozzi, Desai, and Johnson 
(2015).

3 This design has subsequently been used in many domains involving individuals, including financial transfers 
(Angelucci and  Giorgi 2009), labor market policies (Crepon et  al. 2013), and the adoption of health products 
(Guiteras, Levinsohn, and Mobarak 2019).
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I.  Context, Design, and Data

A. Context and Design

Our experimental site is a province located in southeastern China. The province 
is a rapidly growing part of China, with average annual GDP growth between 2010 
and 2019 of 8.25 percent and GDP per capita in 2021 of over US$8,000. Our study 
was conducted in one large prefecture-level city, which consists of several counties 
and covers over 20,000 square kilometers.

We worked with firms based in the 78 local “markets” in that city. A market is a 
government-defined geographic cluster of firms mostly specialized in retail, similar 
to a mall or a bazaar. Markets are located in urban areas and are integrated into the 
local economy. Each market specializes in a broad product category, such as build-
ing materials; most firms in the market sell products in that broad category, but each 
firm has a more specialized product category (online Appendix Table A1 lists the 
broad product categories of our markets). For example, in the market for building 
materials, firms may specialize in selling bricks, wooden flooring, painting materi-
als, or stone. We refer to a firm’s peers in the market that have the same specialized 
product category as the firm’s competitors. Firms tend to have several competitors 
in the market. Thus, our setting features a high spatial concentration of competing 
establishments, a feature that appears to be common in the retail sector in both 
developing and advanced economies (Leonardi and Moretti 2022).

Markets are far from each other: no county in the city has two markets that are 
close competitors in terms of their broad product category, and the shortest distance 
between the centers of any two counties is over 65 kilometers. Each market has a 
market office and a manager. The duties of the market office include dealing with 
new applications by firms, allocating firms to the market, collecting rent, gathering 
data on the activities and performance of firms, monitoring firms to ensure that they 
make the rent payments, and producing reports about the market for the government.

Partner Bank and Loan Product.—We conducted the intervention in collaboration 
with our partner, a major commercial bank in China. In 2013, the bank introduced 
a new loan product to SMEs in the study province. An important feature was that 
the loan product was introduced to firms in local markets of the type just described.

The new loan product had several characteristics potentially attractive to borrow-
ers.4 Most importantly, it did not require collateral, whereas most alternative for-
mal loans seemed to require either collateral or a guarantor who was a government 
employee. In addition, the new loan had a standardized application form, and the 
bank committed to make a decision in two weeks. Finally, the monthly interest rate 
was about 0.7 percent, which was at a 15 percent discount relative to existing formal 
loans in our baseline survey.

4 In our baseline survey, we asked nonborrowing firms why they did not have a loan. Thirty-one percent reported 
that they did not need credit. Among the rest, 40 percent said that they did not possess collateral, 39.6 percent that 
the time cost of applying was too high, 22 percent that they could not borrow enough, 14.8 percent that the interest 
rate was too high, and 11.6 percent that they did not know how to apply. Note that we allowed respondents to choose 
multiple answers.
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A natural question is why the bank was able to offer these loan terms, which were 
meaningfully better than those of competitors. Our interactions with bank officials 
suggest that one main reason was that the firms were organized in markets, which 
allowed the bank to economize on the screening and monitoring costs that Banerjee 
and Duflo (2010) identify as a key barrier to lending. In particular, loan officers 
could gather information from the market manager about potential borrowers and 
could save on transportation costs by visiting multiple borrowers in the same mar-
ket. These issues seemed to matter for the bank, which engaged in intensive screen-
ing and monitoring activities, including several visits to borrower firms before and 
after approving the loan. A second reason may have been that there were dynamic 
incentives: because no other bank offered uncollateralized loans, a firm that lacked 
collateral would have lost its ability to borrow if it did not repay the loan. Consistent 
with these reasons, the approval rate for loans in our sample was only about 47 per-
cent, but the repayment rate for approved loans was about 98 percent.

The loan worked as follows. Firms interested in the loan could apply irrespective 
of their treatment status, and the bank would screen them using their screening pro-
cess. Once a borrower was approved, the bank assigned them a credit limit of up to 
30 percent of the value of net assets as computed by the bank, capped at a maximum 
loan amount of ¥500,000 (about US$81,000). Firms could borrow any amount up 
to their assigned credit limit. They then had to make monthly interest payments, 
and to repay the loan within two years. Taking out a new loan after repayment was 
possible.

Intervention.—In the spring of 2013, we obtained from the market offices the 
lists of all active firms in each market. The lists included the number of formal 
employees of each firm. The total number of firms in the 78 markets was over 6,000. 
In the summer of 2013, after the baseline survey (described below), we introduced 
our intervention to this population of firms.

Our intervention combined a market-level and a firm-level randomization. Out 
of our 78 markets, we randomized 37 markets to have high treatment intensity, 10 
markets to have medium treatment intensity, and 31 markets to have zero treat-
ment intensity (pure control).5 In high-treatment-intensity markets, we treated a 
randomly selected 80 percent of firms; in medium-intensity markets, we treated 
a randomly selected 50 percent of firms; and in pure control markets, we treated 
no firms. In the market-level randomization, we stratified markets by county and, 
within each county, by whether the number of firms in the market was above or 
below the median in the county, resulting in 22 strata. In the firm-level randomiza-
tion, we stratified firms by whether the number of employees, as provided by the 
market office, was above or below the median in the market.

The specific treatment was as follows. Every treated firm was visited every month 
for a year by a loan officer who provided information about the new loan prod-
uct and, if the firm decided to apply, provided help with the application process, 
including filling in the relevant forms. Once a treated firm decided to borrow, the 
loan officer stopped visiting. In addition, the bank agreed not to send loan officers 

5 Our target was to have 45 percent of markets in the high-intensity treatment, 15 percent of markets in the 
medium-intensity treatment, and 40 percent of markets in the pure control.
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to visit untreated firms for a year. However, untreated firms could still learn about 
the loan product from other sources, including their social network, and were free to 
apply for a loan.6 Once a firm—whether treated or untreated—submitted an appli-
cation, the bank decided on lending independently of us.

Surveys.—Because the total number of firms, over 6,000, was beyond our capac-
ity to survey, we randomly selected half of the firms, in each strata of each market, 
to be included in our survey sample. This gave us 3,173 firms. We conducted three 
long surveys with this sample of firms: a baseline survey in the summer of 2013, 
before the intervention; a midline survey in the summer of 2015, two years after the 
intervention; and an endline survey in the summer of 2016. Because the fiscal year 
in China ends in June, data in the baseline survey refer to the fiscal year before the 
intervention. At the baseline survey, treated firms did not yet know that they would 
soon be receiving a treatment. We waited two years between the baseline and the 
midline surveys to allow time for the firms to borrow and use the loan. In addition to 
these long surveys, we conducted a short follow-up survey in the summer of 2020, 
in which we collected some additional information not covered in our long surveys.

The surveys were conducted by locally hired enumerators in collaboration with 
the market office and with the bank. A member of the market office guided us and 
introduced us to the manager of each firm. At the introduction, a loan officer from 
the bank was also present to ensure that the manager would consider us trustworthy. 
The market and bank officials then left, and the survey was conducted, in person, 
with the manager of the firm.

In the long surveys, we collected information about the following groups of vari-
ables. (i) Firm characteristics, including sales, profits, employment, various cost 
categories, and other balance sheet variables. We collected two measures of sales. 
Besides the self-reported value, which we asked for in all three long surveys, in the 
endline survey we also collected the book value directly by having the enumerator 
ask the firm’s accountant or manager to physically show the value in the firm’s 
books. (ii) Managerial characteristics, including demographics. (iii) Measures of 
financial and business activities, including borrowing from formal and informal 
sources, the use of trade credit, the number of suppliers and clients, measures of 
product introduction, renovation, advertising, and others. In addition, in the endline 
survey we also asked borrowers what they primarily used the loan for.

The 2020 short follow-up survey had three components: a market survey, a firm 
survey, and a consumer survey. In the market survey, we collected information from 
the market office about the four closest neighbors of each firm. In the firm survey, 
we asked retrospective questions about outcomes that we did not include in the 
long surveys, especially the average price of their main product in 2016 and the 
share of employees with at least high school education in 2016. In the consumer 
survey, we randomly picked a customer visiting the firm, and asked her or him 
a number of questions about product and service quality. Our questions included 
whether the customer received valuable advice from the seller, and their evaluation 

6 In principle, untreated firms could also learn about the loan by observing the loan officer visiting a treated firm. 
Because firms have many customers, and because loan officers do not wear uniforms, this mechanism was unlikely 
to have been important.
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on a five-point scale of the shopping environment, service quality, value for money, 
and overall satisfaction.

Borrowing Data from the Bank.—We complement the survey data with data from 
our partner bank. These data include which of the firms in our sample borrowed 
using the new loan product, the month they borrowed, the interest rate, and the loan 
amount.

B. Summary Statistics

Our full sample consists of 3,173 firms organized in 78 markets. In the average 
market, we observe about 41 firms, which specialize in about 4.9 main products, 
so that there are 4.9 distinct groups of competitors. Since we only surveyed half of 
the firms in each market, it follows that the average market had about 82 firms spe-
cializing in about 5 main products, with around 17 firms specializing in each main 
product. This confirms that firms operate in a fairly competitive environment.

Table 1 presents summary statistics in the baseline survey about firms and man-
agers. Each row corresponds to a separate regression, in which the variable listed 
in the first column is regressed on a constant and on four indicators for the different 
treatment arms: treated firm in a 50 percent market, untreated firm in a 50 percent 
market, treated firm in an 80 percent market, and untreated firm in an 80 percent 
market. Thus, the coefficient of the constant measures the average of the variable in 
the “pure control” group of firms in untreated markets, while the other coefficients 
measure the average difference in that variable between the other treatment arms 
and the pure control. We label the columns accordingly. We cluster standard errors 
at the market level.

Panel A on firm characteristics shows that in 2013 average firm age was about 6.5 
years. Almost 70 percent of the firms were in retail, with the rest mostly in services 
and manufacturing. Firms employed on average about nine workers. The average 
net profit was about ¥519,000 (about US$84,000), and average revenue was about 
¥3,230,000 (US$525,000). Panel B presents managerial characteristics. Almost 60 
percent of managers were men, and in 2013 they were on average 38 years old. 
About a quarter of them had a college degree. About 15 percent of managers had a 
political connection, defined as past experience working in the government. Panel 
C reports on borrowing from formal banks. A quarter of firms had a preexisting 
loan at baseline. Conditional on having a loan, the average loan amount was about 
¥300,000 (US$49,000), and the average monthly interest rate was about 0.9 percent. 
Panel D reports data on business connections with suppliers and clients. Firms had 
about 27 clients per day and about 6 active suppliers. Consistent with the random-
ization, there is no significant difference between any of the treatment arms in any 
of these variables. Moreover, as the p-values at the bottom show, regressing the 
treatment indicators on all of the variables in panels A–D yields no evidence of joint 
significance.

Panel E reports attrition and shutdown by endline. Attrition is defined as one in 
a survey wave if we do not have information about the firm in that wave and do not 
know whether the firm has shut down; this is typically due to the firm moving away 
or choosing not to respond. Shutdown is defined as one in a survey wave if we have 
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information that the firm went out of business in or before the fiscal year to which 
the survey wave refers. With these definitions, attrition and shutdown are mutually 
exclusive. We made several arrangements to keep attrition low. The bank phoned 
managers in advance to arrange the survey; when the manager was unavailable at the 

Table 1—Summary Statistics and Balance

Sample: All baseline, 3,173 firms Pure control
Δ Treated

50% markets
Δ Untreated
50% markets

Δ Treated
80% markets

Δ Untreated
80% markets

Panel A. Firm characteristics
Firm age 6.479 0.778 1.009 −0.214 −0.447

(0.308) (1.007) (0.724) (0.420) (0.469)

Sector–retail (%) 0.682 0.047 0.027 0.004 −0.041
(0.057) (0.089) (0.103) (0.072) (0.090)

Number of employees 8.823 1.159 0.364 0.015 0.219
(0.564) (1.151) (1.131) (0.705) (0.697)

Profit (¥10,000) 51.95 −1.878 −2.483 −0.951 −0.272
(6.193) (11.62) (9.134) (7.747) (8.204)

Sales (¥10,000) 323.7 19.06 6.570 2.925 −7.416
(38.30) (79.75) (59.83) (53.74) (43.40)

Panel B. Managerial characteristics
Gender (1  =  Male, 0  =  Female) 0.581 −0.018 −0.009 −0.002 −0.002

(0.031) (0.065) (0.061) (0.053) (0.059)
Age 38.36 −0.232 0.347 −0.016 0.927

(0.642) (1.415) (1.294) (1.081) (1.059)
Education–college 0.246 0.011 0.025 0.031 0.029

(0.021) (0.036) (0.051) (0.028) (0.034)

Political connection (1  =  Yes, 0  =  No) 0.148 0.037 0.015 0.015 0.013
(0.018) (0.0400) (0.031) (0.025) (0.027)

Panel C. Borrowing
Other bank loan (1  =  Yes, 0  =  No) 0.253 0.036 −0.001 −0.027 −0.030

(0.024) (0.049) (0.048) (0.033) (0.044)

Loan size (¥10,000) 30.78 1.271 −4.008 −1.982 −5.531
(6.737) (14.28) (8.919) (11.12) (7.769)

Monthly interest rate (‰) 9.158 −0.391 0.332 0.043 0.036
(0.133) (0.380) (0.289) (0.198) (0.294)

Panel D. Partnerships
Number of clients 27.37 −0.770 1.232 1.124 2.118

(1.011) (1.505) (2.287) (1.482) (1.829)
Number of suppliers 6.535 2.091 1.549 −0.244 0.124

(0.813) (2.245) (1.559) (0.908) (1.063)

Panel E. Attrition and shutdown (endline)
Attrition 0.106 −0.002 −0.002 0.001 −0.001

(0.009) (0.015) (0.023) (0.012) (0.016)
Shutdown 0.134 −0.026 −0.031 −0.052 0.019

(0.023) (0.059) (0.045) (0.028) (0.034)

p-val of joint significance of vars in panels A–D 0.439 0.354 0.716 0.328
Observations 1,247 222 203 1,214 287

Notes: Each row is a separate regression of the outcome variable (column 1) on a constant representing the pure 
control group, and indicators for treated firms in 50 percent markets, untreated firms in 50 percent markets, treated 
firms in 80 percent markets, and untreated firms in 80 percent markets, representing the mean differences relative to 
the pure control. Panels A–D focus on balance at baseline, panel E on attrition and shutdown at endline. To test for 
joint balance, we regress the four treatment indicators on all baseline variables of panels A–D and report the p-value 
of joint significance. Standard errors clustered at the market level.
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arranged time, we attempted to arrange a second meeting, and with the help of the 
bank and the market office, we managed to track most mover firms. The table shows 
that attrition was about 10 percent by endline and not significantly different across 
treatment arms. Finally, the shutdown rate among pure control firms was about 13 
percent by endline and was significantly lower ( ​p  <  0.10​) among treated firms 
in the 80 percent treated markets. This result suggests that the treatment may have 
improved firm performance but also that differences in shutdown rates may have 
induced selection by treatment status, potentially biasing our results. To address 
this concern, in online Appendix Table A2, we present balance tests for the sub-
sample of firms that remain in our data all the way to the 2016 endline, or to the 
2020 follow-up, and document no significant differences by treatment status in these 
subsamples. These results suggest that selective exit is unlikely to bias our results.

II.  Model and Empirical Strategy

To motivate our empirical analysis, in this section we build a model of the direct 
and indirect effects of the loan program. We begin with a model of business stealing, 
then incorporate take-up and information diffusion, and then use the predictions to 
formulate our empirical strategy.

A. A Model of Business Stealing

Our basic model parallels that of Rotemberg (2019) but explicitly incorporates 
markets and the possibility that the loan enables quality improvements. The main 
focus of our model is a monopolistically competitive sector, which consists of a 
mass of markets indexed by ​m​, and in each market ​m​ a mass ​​n​m​​​ of firms indexed by ​
i​. Goods purchased in market ​m​ aggregate into a composite good

(1)	​ ​Q​m​​  = ​​ [​∫ 
i∈m

​ 
 
 ​​ ​​ (​h​i​​ · ​Q​i​​)​​​ 1−1/σ​ di]​​​ 

​  σ _ σ−1 ​
​​,

where ​​h​i​​​ is the quality or appeal of the product (or service) of firm ​i​. Consumer 
preferences are given by

(2)	​ H + ​(​∫ 
 
​ 
 
​​​Q​ m​ 1−1/θ​ dm)​.​

In these equations, ​σ​ measures the elasticity of substitution within a market, and ​
θ​ the elasticity of substitution across markets. We assume ​σ  >  θ  >  1​. For sim-
plicity, we assume that utility is quasi-linear, with ​H​ being a numeraire good pro-
duced by a perfectly competitive sector and traded at a price normalized to one. One 
unit of labor produces ​w​ units of ​H​, pinning down the wage as ​w​. The aggregate 
labor supply is ​L​.7 Firms in the monopolistically competitive sector have constant 
returns to scale, produce with labor, and take wages as given. The output of firm ​i​ is 
​​Q​i​​  = ​ ω​i​​ ​L​i​​​. Firms may differ both in quality (or appeal) ​​h​i​​​ and productivity ​​ω​i​​​, and 
different markets ​m​ may have different distributions of firm quality and productivity. 

7 We assume that ​L​ is sufficiently large to ensure that in equilibrium ​H  >  0​.
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Recognizing quality or appeal is important, given the finding of Hottman, Redding, 
and Weinstein (2016) that in the United States it accounts for most of the varia-
tion in retail firm size. We note that we interpret quality in a broad sense that also 
includes the product variety offered by the firm.8

We consider the impact in this economy of a loan program that provides loans to 
a subset of firms in a subset of markets. For now, we take the loan assignment to be 
exogenous and assume that all firms assigned the loan borrow; we will endogenize 
the borrowing decision below. We assume that receiving the loan allows for invest-
ments in business practices that improve both product quality and firm productivity: 
quality ​​h​i​​​ increases by a factor ​​e​​ ​γ​h​​​​, and productivity ​​ω​i​​​ by a factor ​​e​​ ​γ​ω​​​​. We assume ​​γ​ω​​,  
​γ​h​​  ≥  0​, and let ​​γ​ω​​ + ​γ​h​​  =  γ​. We let ​​B​i​​​ be an indicator for whether firm ​i​ borrows 
and let ​​Z​m​​​ denote the share of firms in market ​m​ that borrow.

In the spirit of the potential outcomes approach, it will be helpful to consider 
counterfactual outcomes that would obtain absent the loan program. We use the con-
vention that variables with tilde represent outcomes absent the loan program, and ​Δ​ 
represents the impact of the program, i.e., ​Δ X  =  X − ​X ̃ ​​.

Because the loan assignment need not be random, borrowers may be different 
from the average firm in their market. To capture this selection, we let ​​λ​m​​​ denote the 
ratio, absent the loan program, of the average revenue of borrowers relative to that 
of all firms in market ​m​:

	​ ​λ​m​​  = ​ 
​∫ i∈m:  ​B​i​​=1​ 

 
 ​​ ​​ R ̃ ​​i​​ di

  __________  
​Z​m​​ · ​∫ i∈m​ 

 
 ​​ ​​ R ̃ ​​i​​ di

 ​​,

where ​​​R ̃ ​​i​​​ is the revenue of firm ​i​ absent the intervention. Then the following result 
characterizes the impact of the loan program on firms.

PROPOSITION 1: To a first-order approximation, the impact of the loan program 
on the revenue of firm ​i​ in market ​m​ is

(3)	​ Δ log ​R​i​​  ≈ ​ (σ − 1)​γ · ​B​i​​ − ​(σ − θ)​γ ​λ​m​​ · ​Z​m​​.​

All proofs are in online Appendix A.1. The impact on revenue is characterized by 
two terms. The first term represents the positive direct effect of the firm receiving a 
loan (​​B​i​​​), while the second term represents the negative business-stealing effect of 
the share of the firm’s competitors that receive the loan (​​Z​m​​​). The logic of the direct 
effect is that the loan induces (i) improvements in quality (and variety) and (ii) 
reductions in cost, both of which allow the firm to reduce its quality-adjusted price 
and thereby attract higher demand. These mechanisms are depicted in Figure 1. The 
coefficient is ​γ​(σ − 1)​​, where ​γ​ measures the decrease in the quality-adjusted price 
and ​σ − 1​ measures the demand response.

The logic of the business-stealing effect is that an increase in the share of com-
petitors who borrow increases market-level competition (formally, reduces the 
quality-adjusted price index) and thus lowers demand for the product of the firm. 

8 It is straightforward to explicitly incorporate product variety in the model, and improving product variety is 
equivalent to improving the firm’s quality-to-cost ratio.
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This is the flip side of the direct effect. The coefficient is proportional to ​​λ​m​​​ because 
larger borrowers have a larger absolute impact on the market. The coefficient is also 
proportional to ​σ − θ​, which measures the responsiveness of firm-level demand to 
market-level competition. This elasticity is lower than the ​σ − 1​ that governs the 
direct effect because an increase in market-level competition also attracts demand 
from outside of the market.9

Observe that with ​​λ​m​​  =  1​, in the limiting case when ​θ​ approaches one, the 
direct and indirect effects become approximately equal. This case corresponds to 
Cobb-Douglas preferences over markets, which imply that the relative expenditure 
share of a market does not respond to market-level improvements. Importantly, this 
market-level nonresponse can be consistent with substantial within-market realloca-
tion as characterized by the proposition.

B. Diffusion, Take-Up, and Other Empirically Relevant Features

We enrich the model by incorporating the indirect effect of information diffusion, 
as well as other features relevant for our empirical analysis: multiple periods, ran-
dom shocks, the randomized intervention, and imperfect take-up.

We assume that the model is repeated over periods ​t  =  0, 1, …, τ​. Consumers 
have preferences given by (2) in each period and consume all their income each 
period. We make relatively weak assumptions about firm dynamics, stated formally 
in the online Appendix. Specifically, absent the treatment, for each firm ​i​, the vector 
of log quality and productivity ​​​x ̃ ​​ i​  t​  = ​ (log ​​h ̃ ​​ i​  t​, log ​​ω ̃ ​​ i​  t​)​​ evolves according to the sum 
of (i) a Markov process that depends on firm-level and market-level characteristics 
and shocks, (ii) a firm-specific idiosyncratic shock, and (iii) a time trend. We also 
assume that wages ​​w​​  t​​, pinned down by the production function for the numeraire 
good, evolve deterministically.

We model the intervention as follows. A mass ​M​ of markets are selected to be 
treated. Market-level treatment intensities are characterized by intensity levels ​
0  ≤ ​ s​1​​  ≤ ​ s​2​​  ≤  …  ≤ ​ s​k​​​ and associated probabilities ​0  ≤ ​ q​j​​  ≤  1​ such that ​​
q​1​​ + … + ​q​k​​  =  1​. The intervention is introduced between periods 0 and 1 and 
treats a randomly chosen share ​​s​j​​​ of firms in a randomly chosen share ​​q​j​​​ of markets.

The treatment provides information about the new loan opportunity. Similar 
to the basic model, we assume that every firm that takes up the loan experiences 
increases in (log) quality and productivity of ​​γ​h​​​ and ​​γ​ω​​​, and we also assume that 
these improvements are permanent. But, different from the basic model, information 
about the loan may diffuse to untreated firms, and both treated and untreated firms 
make a decision about whether to borrow.

We model information diffusion in the spirit of the Bass (1969) model by 
assuming that, when a share ​​S​m​​​ of firms in market ​m​ are treated, an additional share  
​ϕ ​S​m​​​(1 − ​S​m​​)​​ learn about the loan opportunity. This share is proportional to the 
mass of treated firms ​​S​m​​​ that can potentially diffuse the information and the 
mass of untreated firms ​1 − ​S​m​​​ that can potentially receive the information. The 
parameter ​ϕ​ governs the strength of diffusion. We assume that the firms to which 

9 In our model with quasi-linear preferences, the reallocation from outside of the market is coming entirely from 
the numeraire good.
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information diffuses are a random subset of the untreated firms. These assumptions 
imply that the treatment only generates information diffusion about the loan oppor-
tunity. However, the model permits non-treatment-induced information diffusion 
about quality and productivity by allowing these variables to have a market-level 
component.

We assume that take-up is imperfect because the firm’s manager may not have a 
sufficiently promising idea that could be developed using the loan. Furthermore, we 
assume that, relative to the benefits of the loan, the cost of applying is minimal and 
can be ignored. Treated firms decide to take up in period 1, while informed untreated 
firms, because diffusion takes time, decide to take up in an exogenously given period ​
s​, where ​s  ≥  1​. We model take-up in a reduced-form fashion that allows for a cor-
relation between firm fundamentals and whether the manager has an idea for the 
loan. Specifically, firm ​i​, if treated, takes up at ​t  =  1​ with probability ​​F​​   T​​(​​x ̃ ​​ i​ 1​)​​, and 
if untreated but reached by diffusion, takes up at ​t  =  s​ with probability ​​F​​   D​​(​​x ̃ ​​ i​ s​)​​. 
Here, the exogenous nondecreasing functions ​​F​​   T​​ and ​​F​​   D​​ represent the probability 
that the firm with fundamentals ​​​x ̃ ​​ i​  t​  = ​ (log ​​h ̃ ​​ i​  t​, log ​​ω ̃ ​​ i​  t​)​​ has an idea.10

Denote the probability that in market ​m​ a random treated firm borrows by  
​​μ​ m​ T ​ =  E​[​F​​   T​​(​​x ̃ ​​ i​ 1​)​ | m]​​, and that in market ​m​ a random firm accessed by diffusion 
borrows by ​​μ​ m​ D​ =  E​[​F​​   D​​(​​x ̃ ​​ i​ s​)​ | m]​​. We assume that ​​μ​ m​ T ​ >  ϕ ​μ​ m​ D​​ for all ​m​, which means 
that, on average, getting the treatment has a higher effect on take-up than getting diffu-
sion from all peers. This assumption will be useful for our IV strategy. Let ​​μ​​ T​​ and ​​μ​​ D​​ 
denote the unconditional average take-up probability of a treated and a diffusion firm.

We let ​​T​i​​​ denote the realized treatment status of firm ​i​, and ​​S​m​​​ the realized 
treatment intensity of market ​m​. Because borrowing is now time-dependent, we 
let ​​B​ i​  t​​ indicate whether the firm has borrowed in or before period ​t​, ​​Z​ m​  t ​​ denote the 
share of firms in the market that have borrowed in or before period ​t​, and ​​λ​ m​ t ​  = 
​∫ i∈m:​B​ i​  t​=1​ 

 
 ​​ ​​ R ̃ ​​ i​  t​ di/​(​Z​ m​  t ​ · ​∫ i∈m​ 

 
 ​​ ​​ R ̃ ​​ i​  t​ di)​​ denote, absent the treatment, the average revenue of 

borrowers relative to the average revenue of all firms in market ​m​ in period ​t​.

PROPOSITION 2: 

	 1.	 Borrowing in a period ​t  ≥  s​ can be written as

(4)	​ ​B​ i​  t​  = ​ μ​​ T​ · ​T​i​​ + ​μ​​ D​ ϕ · ​(1 − ​T​i​​)​​S​m​​ + ​η​i​​​,

		  where

	​ E​[​η​i​​ × ​(​T​i​​, ​(1 − ​T​i​​)​​S​m​​)​]​  =  0​.

	 2.	 Firm revenue in period ​t​, to a first-order approximation, can be written as

(5)	​ log ​R​ i​  t​  ≈ ​ (σ − 1)​γ · ​B​ i​  t​ − ​(σ − θ)​γ λ · ​Z​ m​  t ​ + κ · ​Post​​  t​ + ​f​i​​ + ​ε​ i​ t​​,

10 At the expense of additional notation, we could allow take-up to also depend on market-level characteristics.
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		  where ​λ​ is a non-negative-weighted average of ​​λ​ m​ t ​​, ​​Post​​  t​​ is an indicator for ​
t  ≥  1​, ​​f​i​​​ are firm-specific effects, and ​E​[​ε​ i​ t​ × ​(​1​j​​, ​Post​​  t​, ​Post​​  t​ · ​T​i​​, ​Post​​  t​ · ​S​m​​)​]​ 
=  0​ for all ​j​.

Part 1 characterizes take-up. The first term on the right-hand side of (4) shows 
that, on average, receiving the treatment increases the probability of borrowing by ​​
μ​​ T​​. The second term characterizes diffusion: a nontreated firm (​1 − ​T​i​​  =  1​) in 
market ​m​ is reached by information diffusion with probability ​ϕ ​S​m​​​ and conditional 
on being informed, borrows with average intensity ​​μ​​ D​​. The error term ​​η​i​​​ reflects 
both firm-level and market-level idiosyncratic variation in take-up and is orthogonal 
to the explanatory variables because of the random treatment assignment.

Part 2 characterizes firm revenue. Equation (5) parallels equation (3) of 
Proposition 1 but expresses revenue, rather than the treatment effect, and incor-
porates the additional richness of the model. The direct effect, ​​(σ − 1)​γ · ​B​ i​  t​​, is 
the same as in the previous result, except that it now accounts for time variation in 
borrowing. In the business-stealing effect, ​−​(σ − θ)​γ λ · ​Z​ m​  t ​​, a novelty relative to 
the previous result is that the coefficient ​λ​ that accounts for selection is no longer 
dependent on ​m​ (or on ​t​). To obtain this term, using a logic familiar from the study 
of heterogeneous treatment effects, we move the heterogeneity in the business-steal-
ing effect captured by ​​λ​ m​ t ​​ to the error term. The coefficient of the business-stealing 
effect thus represents an average effect and depends on a weighted average ​λ​, which 
measures average selection.11 The equation also includes firm and time fixed effects 
that account for other heterogeneities and dynamics.

The main novelty in (5) is the error term, which captures both firm-level shocks 
and—as we have just seen—heterogeneity in the strength of the business-stealing 
effect. Our model allows both of these sources of variation to be correlated with 
take-up and hence the right-hand-side variables. Thus, equation (5) cannot be esti-
mated with ordinary least squares. However, the proposition states that—essentially 
because the treatments are randomly assigned—the error term is orthogonal to ​​
Post​​  t​ · ​T​i​​​ and ​​Post​​  t​ · ​S​m​​​. This implies that equation (5) can be estimated with an IV, 
using ​​Post​​  t​ · ​T​i​​​ and ​​Post​​  t​ · ​S​m​​​ as instruments.

The reduced-form equation of this IV strategy takes the familiar 
difference-in-differences form

(6)	​ log ​R​ i​  t​  =  β · ​T​i​​ · ​Post​​  t​ + δ · ​S​m​​ · ​Post​​  t​ + κ · ​Post​​  t​ + ​f​i​​ + ​ϵ​ i​ t​.​

In the important special case of no diffusion, we can use the take-up equation 
(4) to substitute borrowing outcomes with the treatments, resulting in an explicit 
expression for the coefficients of this reduced-form regression: ​β  = ​ (σ − 1)​γ · ​μ​​ T​​ 
and ​δ  = ​ (σ − θ)​γ λ · ​μ​​ T​​. Thus, in this special case the reduced-form coefficients 
are proportional to the second-stage coefficients and serve as measures of the direct 
and business-stealing effects.

11 In this average effect, the weights are functions of the covariance between the share of firms treated and the 
share of firms that borrow. The nonnegativity of this covariance, and hence the weights, is ensured by our assump-
tion that take-up responds more to the treatment than to diffusion.
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C. Empirical Strategy

Proposition 2 motivates our empirical strategy. Part 1 of the proposition provides 
foundations for our first estimating equation, which documents information diffu-
sion in take-up:

(7)	 ​​Borrow​i​​  =  const + μ · ​Treated​i​​ + ​(1 − ​Treated​i​​)​

	 · G​(​SharePeersTreated​i​​)​ + ​η​i​​.​

Here, the ​G​( · )​​ function governs how diffusion varies with the treatment intensity 
and is assumed to be linear in the model. In our main specification, we define the set 
of peers relevant for diffusion to be all firms in the market, but later, we also consider 
alternative definitions based on distance and competition status.

Our second estimating equation documents indirect effects in firm performance:

(8)	​ ​y​ i​ t​  =  β · Pos​t​​  t​ × ​Treated​i​​ + δ · Pos​t​​  t​ × ​ShareCompetitorsTreated​i​​

	 + κ Pos​t​​  t​ + Firm f.e. + ​ε​ i​ t​.​

When the outcome variable ​​y​ i​ t​​ is log revenue, this specification is simply the 
reduced-form (6) of the IV in Proposition 2. As discussed above, within our model, 
in the case of no diffusion, the reduced-form coefficients have clear interpretation: ​
β​ is proportional to the direct effect, and ​δ​ is proportional to the business-stealing 
effect of the loan. With diffusion, the map from reduced-form coefficients to eco-
nomic forces is more complicated. However, even then, ​β  >  0​ and ​δ  <  0​ are only 
possible if the loan has a positive direct and a negative business-stealing effect.12 
Moreover, independent of the model, the coefficients have straightforward interpre-
tations as treatment effect estimates: ​β​ measures the direct and ​δ​ the indirect effect 
of the treatment. For these reasons, we use (8) as our main estimating equation. In 
our main specifications, we define competitors to be firms that are in the same mar-
ket and have the same specialized product category.

A key identification condition of equation (8) is that the ShareCompetitorsTreated 
variable is as good as random. In our empirical setting this condition may not seem 
immediate since the share of competitors treated is not a treatment arm. But note 
that the identification condition follows mechanically if each competitor has the 
same exogenous probability of receiving the treatment. Indeed, in that case, the 
expected share of competitors treated, conditional on any firm-level disturbance, 
is simply that exogenous probability, implying mean independence. In our empiri-
cal setting—except for the integer constraints of the randomization—each firm has 
the same probability of receiving the treatment. Thus, the identification condition 

12 Diffusion biases ​β​ toward zero because some untreated firms also borrow and experience the direct effect. 
Thus, ​β  >  0​ must imply a positive direct effect. Given that, ​δ  <  0​ must imply a negative indirect effect since 
otherwise, diffusion would just amplify the positive direct effect.
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should hold, and balance tests in online Appendix Table  A3 confirm that the 
ShareCompetitorsTreated is uncorrelated with baseline characteristics.13

Our third estimating equation jointly accounts for the diffusion and business-steal-
ing effects through the IV regression

(9)	 ​​y​ i​ t​  =  ζ · ​Borrow​ i​ t​ + ξ · ​Share Competitors Borrow​ i​ t​ + κ ​Post​​  t​

	 + Firm f.e. + ​ν​ i​  t​​,

in which ​Pos​t​​  t​ × ​Treated​i​​​ and ​Pos​t​​  t​ × ​ShareCompetitorsTreated​i​​​ are the instru-
ments. When ​​y​ i​ t​​ is log revenue, this specification is identical to the IV of Proposition 
2, providing a way to infer, even with diffusion, the direct and business-stealing 
effects of the loan. We use this regression to confirm the insights obtained from the 
reduced-form analysis, and for our welfare evaluation.

Before moving to the results, we explain how our approach can account for two 
different indirect effects using a single source of exogenous variation: treatment 
intensity. The reason is that the two indirect effects affect different outcome vari-
ables in different regressions: diffusion affects take-up in (7), while business steal-
ing affects firm performance conditional on take-up in (9).

III.  Reduced-Form Estimates of Direct and Indirect Effects

In this section, we present five sets of reduced-form results. First, we report 
impacts on loan take-up. Second, we report impacts on several firm performance 
measures and examine the robustness of these results. Third, we look at intermedi-
ate outcomes to document evidence on mechanisms. Fourth, we report impacts on 
market-level outcomes. Finally, we explore the heterogeneity of the indirect effects 
with respect to distance and competition status, and in the process identify a third 
indirect effect: diffusion of demand.

A. Take-Up

Table 2 presents cross-sectional estimates of our first estimating equation (7). In 
columns 1–3, the dependent variable is an indicator for whether the firm has bor-
rowed using the new loan product by the endline survey. Column 1 shows that the 
probability of borrowing was 28 percentage points higher among treated firms than 
among untreated firms, indicating that the treatment succeeded in inducing firms to 
borrow. Complementing this finding, the data show that the average loan amount 
borrowed using the new product was ¥270,000 (about US$47,000), or roughly 9 
percent of average sales. The average monthly interest rate was about 0.73 percent, 

13 Borusyak and Hull (2022) show that in cases when the indirect effect contains nonrandom variation driven 
by a variable mediating exposure—e.g., when it is governed by the number of competitors treated—one should 
“re-center” the indirect effect by subtracting its mean conditional on the mediating variable. When, as in our case, 
the indirect effect is a share, that conditional mean is a constant, and re-centering does not make a difference. 
Aronow and Samii (2017) study the case where the indirect effects associated with different treatment intensities 
are not linked. Our model implies that they are a linear function of the intensity level, a prediction on which we 
present evidence below.
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meaningfully lower than the average interest rate among alternatives reported in 
Table 1. And, although the bank did not share data on this with us, they reported 
that the repayment rate among borrowers in our sample was over 98 percent and 
that about half of borrowers borrowed again after repaying the loan. We conclude 
that firms found the new loan product attractive and that the treatment succeeded in 
providing access to a significant amount of financing.

In columns 2 and 3, we look in more depth at borrowing by untreated firms. 
Column 2 includes the interaction between an indicator for the firm being untreated 
and the share of other firms in the market that are treated. The estimated coefficient 
of 0.18 is highly significant and implies that increasing the share of peers treated 
from 0 percent to 100 percent would increase the likelihood that an untreated firm 
borrows by 18 percentage points. Column 3 is a more flexible specification that 
estimates take-up separately in the five treatment arms. Firms in pure control mar-
kets borrowed with a 3 percent probability. Relative to these firms, treated firms in 
the two types of treated markets borrowed with 30 and 32 percentage points higher 
probability, respectively. And, relative to pure control firms, untreated firms in the 
two types of treated markets borrowed with 11 and 14 percentage points higher 
probability, respectively.14

By showing that untreated firms in treated markets were more likely to borrow 
than untreated firms in control markets, these results provide clear evidence of an 
indirect effect on take-up. One plausible explanation for this effect, highlighted by 
our model, is information diffusion about the loan. Another explanation may be 

14 The linear specification of column 2 would imply 9 and 14 percentage points for the last two effects. Panel A 
of Figure 3 compares graphically these two specifications and shows that we cannot reject linearity.

Table 2—Effects on Borrowing by Endline

Borrow with new loan product
Borrow from other 

sources
Borrow from any 

source

(1) (2) (3) (4) (5) (6) (7)
Treated 0.279 0.315 0.029 0.274

(0.034) (0.034) (0.019) (0.034)
Untreated × Share of Peers 0.178 0.013 0.164
  Treated (0.037) (0.032) (0.041)
Treated × 50% Market 0.302 0.029 0.280

(0.057) (0.025) (0.049)
Treated × 80% Market 0.318 0.028 0.273

(0.039) (0.021) (0.038)
Untreated × 50% Market 0.112 0.005 0.096

(0.062) (0.028) (0.059)
Untreated × 80% Market 0.140 0.007 0.137

(0.030) (0.029) (0.033)
Constant 0.067 0.032 0.031 0.294 0.295 0.320 0.322

(0.014) (0.037) (0.030) (0.013) (0.013) (0.016) (0.016)

Mean of pure control 0.031 0.031 0.031 0.295 0.295 0.322 0.322
Observations 3,173 3,173 3,173 2,658 2,658 2,658 2,658

Notes: Dependent variable is indicator for borrowing by endline, in columns 1–3 from new loan product; in columns 
4–5 from other sources; and in columns 6–7 from any source. Sample in columns 1–3 is all firms, and in columns 
4–7 is firms in the endline survey. Share of peers treated is the share of other firms in the market treated. Standard 
errors clustered at the market level.
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cost, if loan officers’ more frequent presence in treated markets reduced the cost of 
application for untreated firms. In our context, the contribution of the cost explana-
tion is probably small. Since loan officers did not wear uniforms, untreated firms 
could not easily identify them, and, even if they could, loan officers were instructed 
not to provide the same application assistance to these firms. Responses to our sur-
vey questions also support the information diffusion explanation: among untreated 
borrowers in treated markets, 70 percent heard about the program from other firms, 
16 percent from friends or relatives, and 5 percent from bank officers (the remain-
ing categories were media and other). For these reasons, we interpret the indirect 
effect on borrowing as information diffusion. This interpretation is consistent with 
evidence from other contexts documenting information diffusion about financial 
products (Banerjee, Chandrasekhar, Duflo 2013; Cai, de Janvry, and Sadoulet 2015; 
Cai and Szeidl 2018).

The direct and indirect effects on take-up may reflect either increased total bor-
rowing or the new loan crowding out other borrowing (Banerjee et al. 2015). To 
distinguish between these possibilities, columns 4 and 5 of Table 2 report regres-
sions analogous to columns 2 and 3 but with an indicator for (formal or informal) 
borrowing from other sources as the outcome. Both the direct and indirect effects 
are insignificant and small, implying that the treatment did not crowd out other bor-
rowing. In columns 6 and 7, we report analogous regressions in which the outcome 
variable is borrowing from any source, including the new loan product. The results 
are similar to those in columns 2 and 3 and confirm that the loan product created 
new borrowing both directly and indirectly.15 Because non-credit-constrained firms, 
if they borrowed with the new loan product, should have used the proceeds to reduce 
other borrowing (Banerjee and Duflo 2014), the results also provide evidence that 
firms in our sample were credit constrained. Analogous regressions for the loan 
amount, shown in online Appendix Table A4, yield parallel results.

B. Main Effects on Firm Performance

Graphical Evidence.—We start by studying the intervention’s impacts on firm 
performance with graphical evidence. The left panel in Figure 2 plots the kernel 
density of log sales at baseline for three different groups of firms: treated firms, 
untreated firms in treated markets, and untreated firms in control markets. Consistent 
with the randomization, these densities are close to each other: before the interven-
tion, the distribution of log sales was similar in the three groups.

The right panel of Figure 2 shows, for the same three groups, the kernel density 
of the change in log sales between baseline and endline. There are two salient dif-
ferences between these densities. First, relative to untreated firms in control mar-
kets, treated firms experienced higher growth in sales. This pattern suggests that the 
intervention had a positive direct effect on the revenue of treated firms; presumably, 
access to the loan allowed firms to change business practices and expand. Second, 
relative to untreated firms in control markets, untreated firms in treated markets 

15 The sample in columns 4–7 is smaller than that in columns 2–3. This is because data on other borrowing are 
from the survey and only available for firms surveyed at the endline, while the data on the new loan are from the 
bank and available for all firms. Rerunning columns 2–3 in the subsample of columns 6–7 yields similar results.
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experienced lower growth in sales. This pattern suggests that the intervention had 
a negative indirect effect on the revenue of untreated firms that had treated peers. A 
natural interpretation is business stealing: as treated firms expanded due to the loan, 
they lured away some of the business of their untreated competitors.

Regression Estimates.—We now study these direct and indirect effects in more 
depth using the empirical strategy implied by the model. Table 3 reports estimates 
of our reduced-form estimating equation (8) for a range of leading firm performance 
measures. In column 1, the outcome is log sales. The coefficient of the interaction 
between Treated and Post implies that the treatment would increase firm sales by 
9.9 log points. The coefficient of the interaction between ShareCompetitorsTreated 
and Post implies that treating all of its competitors would reduce firm sales by 8.6 
log points. Both of these effects are large and highly significant. In column 2, the 
outcome is profit in levels: because profit may be negative, we do not take logs. We 
estimate a positive and significant direct effect of ¥126,400 (about US$20,000) and 
a negative and significant indirect effect of ¥95,000 (about US$15,000).

These results, consistent with the logic of the model, suggest that the interven-
tion induced a reallocation of demand and profit from firms that had many treated 
competitors to treated firms. The similar magnitude of the direct and indirect effects 
suggests that the treatment had little aggregate effect on market-level revenue or 
profit. Observe that the latter conclusion holds for any level of treatment intensity 
because treatment intensity scales both the direct and the indirect effect: the former 
by increasing the share of firms that receive the treatment and the latter by increas-
ing the strength of the business-stealing effect.16

The remaining columns in Table 3 focus on factor use, input use, and firm sur-
vival. Columns 3 and 4 show positive direct and negative indirect effects for log 
employment and the log wage bill. These results suggest that employment was an 
important margin of adjustment accommodating the reallocation induced by the 

16 For example, suppose that 50 percent of firms are treated. Then the aggregate direct effect is ​9.9 · 50%  =  5.45​ 
log points, and the aggregate business-stealing effect, since the average firm experiences business stealing from 50 
percent of competitors, is ​−8.6 · 50%  =  −4.3​ log points. This logic hinges on the model’s prediction that both 
treated and untreated firms experience business-stealing effects. We present evidence on this prediction below.

Figure 2. Kernel Density of log Sales
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treatment. Column 5 reports insignificant and small coefficients for fixed assets, 
suggesting that the loan was not used for traditional forms of capital. This result is 
consistent with the fact that most firms in our data are in the retail and service sec-
tors and have low capital intensity. Column 6 reports effects on materials spending. 
The coefficients are comparable to those for employment, though less significant, 
and suggest that inputs were another margin of adjustment. Finally, column 7 shows 
that the treatment had a positive direct effect, and no indirect effect, on survival. 
The positive direct effect, though formally outside of our model, is consistent with 
the logic that borrowing improved firm performance. One reason for the lack of an 
indirect effect may be that business stealing is spread out over multiple competitors 
and thus has a smaller impact per firm. Overall, consistent with our model, Table 3 
documents positive direct and negative indirect effects of the intervention.17

Linearity of Indirect Effect.—Our regression specification imposes the restric-
tion that the business-stealing effect is a linear function of the share of competitors 
treated. As shown in Proposition 2, this restriction is an implication of our model. 
To evaluate its empirical validity, we estimate more flexible specifications that allow 
the indirect effect to vary with the intensity of exposure. We group firms in treated 
markets into three terciles based on the share of their competitors treated and replace 
the linear indirect effect in the estimating equation with indicators for these terciles 
(interacted with Post). Panels B–D of Figure 3 plot the estimates for three main out-
comes: log sales, profit, and log employment. We also plot the straight line predicted 
by the linear specification of Table 3. The point estimates line up reasonably closely 
with the line in all three cases, as well as for take-up, shown in panel A. Given the 
standard errors, we cannot reject the linear specification. We conclude that the lin-
earity restriction implied by the model is consistent with the data.

17 To adjust for multiple hypothesis testing, Table 4 also reports Romano and Wolf p-values (Romano and Wolf 
2005), which closely line up with the conventional measures of significance.

Table 3—Direct and Indirect Effects: Main Outcomes

log sales 

 
Profit 

(¥10,000)

log  
num of 

employees
log wage 

bill

 
Fixed assets 
(¥10,000)

log  
material 

cost

 

Shutdown
(1) (2) (3) (4) (5) (6) (7)

Post × Treated 0.099 12.64 0.075 0.101 5.468 0.077 −0.028
(0.035) (3.099) (0.029) (0.029) (4.537) (0.041) (0.010)

Post × Share Competitors −0.086 −9.478 −0.066 −0.069 −3.013 −0.050 0.001
  Treated (0.041) (4.802) (0.038) (0.037) (4.558) (0.047) (0.018)

Firm FE and Post Yes Yes Yes Yes Yes Yes Yes
Mean of pure control 5.454 51.945 1.956 2.675 12.005 4.925 0
Observations 8,612 8,612 8,612 8,602 8,612 8,605 8,847

Romano-Wolf p-values
Post × Treated 0.011 0.001 0.021 0.004 0.349 0.071 0.011
Post × Sh Comp Treated 0.057 0.064 0.093 0.071 0.607 0.404 0.912

Notes: Mean of pure control computed at baseline. Romano and Wolf p-values, which adjust for multiple hypothesis 
testing, are calculated with 1,000 bootstrap replications. Standard errors clustered at the market level. 
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Specification Checks and Robustness.—We next show that our results are robust 
to some natural alternative empirical choices. First, we note that our second explan-
atory variable, the share of competitors treated—although, based on our discussion 
in Section  IIC, it is as good as random—is not a treatment arm. It is natural to 
explore the alternative empirical approach in which we regress outcomes directly 
on the treatment arms. We present results from that specification for our three main 
outcomes in online Appendix Table A5. We find that, although power is somewhat 
lower—unsurprisingly, as we now have twice as many independent variables—the 
results closely correspond to those in Table 3. In particular, treated firms perform 
better than untreated firms in treated markets, while untreated firms in treated mar-
kets perform less well than untreated firms in control markets.

Second, although we use difference-in-differences as our main specification 
because that is what we derived from the model, in online Appendix Table A5, we 
show that our main results are similar when we estimate an ANCOVA specification 
(McKenzie 2012), in which we use the follow-up data and control for the baseline 
outcome.

A third issue is that we do not observe subsequent outcomes for firms that shut 
down. In our main approach, we include these firms in the regression only in those 
years in which they are in operation. We show in online Appendix A.1.6 that this 
approach is valid as long as our explanatory variables are orthogonal to the error term 
in the sample of firms that do not exit or attrit. We present evidence corroborating this 

Figure 3. Linearity of the Indirect Effect

Notes: Panel A is based on column 3 of Table 2 and shows take-up intensity by treatment exposure. The green line 
is the prediction from the linear specification of column 2. Panels B, C, and D are based on heterogeneous effect 
regressions in which we group firms in treated markets into terciles based on the share of their competitors treated 
and use indicators for these terciles (interacted with Post) to estimate the indirect effect. The green line shows the 
prediction of the linear model from Table 3.
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condition by showing in online Appendix Table A3 that our explanatory variables 
are orthogonal to baseline characteristics in the subset of firms that remain in the 
sample until 2016 or 2020. Nevertheless, we also pursue the alternative approach 
in which we keep firms that shut down in the sample and set their outcomes to zero 
after they shut down. We report the results from this approach, for sales, profit, 
and employment, in online Appendix Table  A6. Because we can no longer take 
logs, we measure the outcomes in levels and with the inverse hyperbolic sine (IHS). 
Although power is marginally reduced, we find that neither the change in the sam-
ple nor the change in the way we transform the outcomes (level or IHS) affects our 
qualitative results.

Fourth, we note that, although such a force is absent from the model, in reality, 
firms could be stealing business from in-sample firms in other markets. Not account-
ing for such effects may lead to misspecification. However, such effects are unlikely 
in our context; as noted in Section  IA, no county has two markets that are close 
competitors in terms of broad product category, and counties are far from each other, 
with a minimum distance between them of over 65 kilometers.

Heterogeneity by Treatment Status and over Time.—To gather further evidence 
on internal validity, we explore some model-implied heterogeneities in our main 
specification. First, we ask whether indirect effects are heterogeneous by the firm’s 
treatment status. Proposition 2 implies that, to a first-order approximation, busi-
ness stealing should affect treated and untreated firms equally. To check this, we 
include in the regression the interaction of SharePeersTreated with both Treated and 
Untreated, resulting in a natural “saturated” specification. We report the results for 
our three main outcomes in online Appendix Table A7. The coefficients are insignif-
icant, except for the negative indirect effect on untreated firms. The signs and mag-
nitudes of the direct effect, and of the indirect effect on untreated firms, are similar 
to those in our main specification in Table 3. The magnitude of the indirect effect on 
treated firms is smaller than, but not significantly different from, that of the indirect 
effect on untreated firms. We conclude that we lack the power to separately identify 
indirect effects by treatment status and that we cannot reject our model-implied 
main specification.

Second, we ask how the direct and indirect effects vary between the midline 
and the endline. We do this by decomposing the interactions with Post into interac-
tions with Midline and Endline. The results, reported in online Appendix Table A7, 
show that impacts at midline and endline are statistically not distinguishable from 
each other and that those at endline are more significant. These results suggest that, 
consistent with the model, the treatment had a nontransitory effect on business 
outcomes.

C. Intermediate Outcomes and Mechanisms

What mechanisms drove the direct and indirect effects? Our model identifies 
two mechanisms, as depicted in Figure 1: improvements in quality and variety and 
reductions in cost and price, both of which are expected to improve consumer expe-
rience and generate a reallocation of demand. To gather evidence on these mecha-
nisms, we investigate impacts on intermediate outcomes.
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Business Outcomes and Practices.—We begin by looking at impacts on various 
business outcomes and practices, shown in Table 4. In column 1, we find a significant 
positive direct effect and a significant negative indirect effect on the firm’s number 
of clients. This result is consistent with the model’s logic of demand reallocation: as 
borrower firms improve, clients migrate from firms that have many borrower com-
petitors to firms that are borrowers. The result is also consistent with the findings of 
Einav et al. (2021), who document the importance of customers in accounting for 
retails sales variation.

The rest of Table 4 seeks to identify dimensions of improvement that may have 
driven this reallocation. In columns 2–4, we study outcomes related to the mecha-
nism of improvements in quality and variety. Column 2 reports impacts on renova-
tion. We estimate a large and significant direct effect—the treatment increases the 
probability of renovation by 24 percentage points—and no indirect effect. Column 
3 reports impacts on the introduction of new products. Here, too, we estimate a 
large and significant direct effect, again with almost a quarter of treated firms being 
impacted, and a much smaller indirect effect. Column 4 reports impacts on the qual-
ity of labor, measured as the share of workers in 2016 who had finished high school. 
We collected these data in our 2020 follow-up survey. Because we only have these 
data for one year, we estimate a cross-sectional regression.18 Again, we find a large 
positive direct effect and no indirect effect.

18 In this and most subsequent cross-sectional regressions, we include controls for baseline firm employment 
and for the county and broad product category of the market. Note that the variable labels in Table 4 are correct 
because ​Post  =  1​ for the year 2016.

Table 4—Direct and Indirect Effects: Business Outcomes

log  
num of 
clients Renovation

New 
product

Quality of 
labor

Supplier 
change

Stocking 
period 
(unit: 

month)
Inventory 

management
(1) (2) (3) (4) (5) (6) (7)

Post × Treated 0.083 0.243 0.231 0.111 0.110 0.571 0.132
(0.032) (0.020) (0.018) (0.031) (0.026) (0.086) (0.021)

Post × Share Competitors −0.071 −0.049 −0.047 −0.022 0.031 0.026 0.014
  Treated (0.034) (0.030) (0.019) (0.039) (0.033) (0.111) (0.027)

Firm FE and Post Yes Yes Yes No No No No
Mean of pure control 3.067 0.134 0.078 0.166 0.153 1.281 0.291
Observations 8,612 8,612 8,612 1,804 2,714 2,714 2,714

Romano-Wolf p-values
Post × Treated 0.014 0.001 0.001 0.002 0.001 0.001 0.001
Post × Sh Comp Treated 0.067 0.209 0.015 0.742 0.742 0.742 0.742

Notes: Column 4 reports a cross-sectional regression using the 2020 follow-up data. Columns 5–7 report 
cross-sectional regressions using the endline data. In columns 4–7, we include controls for baseline employment 
and for the county and broad product category of the market. In columns 2, 3, and 5, dependent variable is an indica-
tor. In column 4 dependent variable is the share of workers who completed high school; in column 7 it is an indica-
tor for the firm having digitalized inventory records or a designated area for inventory storage. Mean of pure control 
is computed in the first wave in which the outcome was measured. Romano and Wolf p-values are calculated using 
1,000 bootstrap replications. Standard errors clustered at the market level.
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In columns 5–7, we explore outcomes related to the mechanism of reductions in 
marginal cost, which we collected in the 2016 endline survey. We focus on improve-
ments in inventory and supplier management. Column 5 shows a positive direct 
effect on an indicator for the firm switching to a new supplier. One possible explana-
tion is that the loan allowed the firm to place larger orders, which may have required 
changing suppliers. Consistent with this explanation, column 6 shows a positive 
direct effect on the stocking period, i.e., the number of months between episodes 
of restocking the store. This may have reduced marginal cost because large orders 
often come with a discount.

Column 7 shows an improvement in the quality of inventory management, mea-
sured with an indicator that equals one if the firm either had digitized inventory 
records or had a designated area for inventory storage.19 These effects could come 
about if the better-educated workers digitized records or the renovation created space 
for inventory. There are no detectable indirect effects in any of these cost-related 
outcomes.

In summary, the results in Table 4 provide evidence that, consistent with the mod-
el’s mechanisms, the loan enabled investments to improve quality and reduce cost. 
The weak indirect effects suggest market-wide gains. These results are consistent 
with our survey of borrowers at endline, in which we asked them to describe what 
they primarily used the loan for and grouped the answers into categories. The three 
categories mentioned most frequently were renovation and increase in scale of oper-
ations (75 percent), purchase of inventory or inputs (50 percent), and starting new 
projects or introducing new products (34 percent), in line with our results on reno-
vation, supplier/inventory management, and new product introduction.

Consumer Experience.—We next investigate whether—as the model predicts—
the loan-induced changes in business practices affected consumer well-being. To do 
this, we look at impacts on different dimensions of consumer experience, including 
both price and quality experienced by consumers. We collected data on these out-
comes in our short follow-up survey in 2020. We think that these data are an import-
ant part of our contribution.

To measure price, we asked firms to report the average price during 2016 of the 
product they sold that had the highest sales share. More precisely, in the 2016 sur-
vey, we had asked firms to list their top three main products ranked by their sales 
share. In 2020, we asked them for the average price in 2016 of the top product on 
that list. Our experience was that managers typically answered after consulting their 
records to get the exact historical price. When the manager was not available during 
our visit, we phoned to collect these data. When we were not able to reach the man-
ager on the phone, we asked the market office, who had collected quarterly data on 
the price of the firm’s main product as part of their regular data collection activities, 
and computed the average over 2016 of their quarterly records.20 In this way, we 
were able to gather data on the 2016 price for 2,482 firms.

19 Separately estimating the impacts on digitization and inventory storage yields similar results. Because 
answers to the two questions are positively correlated, we decided to group them into a single measure.

20 The market office collected these data in part to share with clients who might approach them.
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We are able to validate these retrospective data because we had collected the price 
of the same main product in the 2016 survey for a subset of 262 firms. Thus, for this 
subset of firms, we have two observations about their 2016 price: one contempora-
neous, the other retrospective. Regressing the retrospective 2016 log price (from the 
2020 survey) on the contemporaneous 2016 log price (from the 2016 survey) yields 
a coefficient of 0.99 and an ​​R​​ 2​​ of 0.95, suggesting that retrospective price data are 
reliable.

To measure the quality experienced by consumers, we asked a random client 
physically present in the store to evaluate it along a number of dimensions. These 
included whether they received advice from the seller (yes/no) and their evaluation 
on a five-point scale of service quality, the shopping environment, value for money, 
and their overall satisfaction. We were able to collect these data for the 1,804 firms 
that we found open during our visit in 2020.

We validate these consumer satisfaction measures in two ways. First, we regress 
the first four evaluated dimensions on the fifth, i.e., the buyer’s overall satisfac-
tion. The coefficient in each specification is highly significant ( ​p  <  0.001​), and 
the average ​​R​​ 2​​ is 0.27, suggesting that these measures contain relevant information 
about the firm. Second, to check whether the consumer’s assessment of value for 
money contains information about price, we regress the log price in 2016, con-
trolling for the main product of the firm, on the value-for-money score. Note that 
the price and value-for-money score are collected from different respondents. We 
obtain a significant negative coefficient ( ​p  <  0.02​), implying that the consumer’s 
value-for-money evaluation contains information about the price. Naturally, we 
expect that our measures also contain measurement error. Since we use them as 
outcomes, independent measurement error should not bias our estimates.

Table  5 reports the impacts on these outcomes. We estimate cross-sectional 
regressions because the data are only available in one wave. In column 1, we look 
at the price of the firm’s main product. We find a significant negative direct effect 
of about 6 log points and an insignificant and small indirect effect. In columns 2–6, 
we look at the different quality and price-adjusted quality dimensions: advice from 
sellers, service quality, the shopping environment, value for money, and overall sat-
isfaction. For all of them, we find a significant positive direct effect and a much 
smaller and less significant indirect effect. These results support our interpretation 
that the changes in business practices improved consumer experience.

In summary, Tables 4 and 5 suggest that—consistent with the model’s mecha-
nisms depicted in Figure 1—the loan enabled firms to improve quality and reduce 
cost, leading to an increase in consumer welfare and a reallocation of demand. Our 
findings also point to the importance of quality for retail firm performance, consis-
tent with the results of Hottman, Redding, and Weinstein (2016) about the role of 
product appeal in the retail sector.

Tables  4 and 5 also highlight a pattern not implied by our model: a negative 
indirect effect on new product introduction and some measures of consumer expe-
rience. Indeed, our model only implies negative indirect effects for revenue and 
profit but not for business practices or consumer satisfaction. One explanation for 
the observed pattern may be that increased competition discouraged innovation, as 
predicted by the model of Aghion et al. (2005). Another explanation for consumer 
experience (but not new product introduction) may be that consumers in treated 
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markets, having experienced some treated stores, had higher expectations and gave 
lower marks to untreated firms.21

Other Outcomes.—In online Appendix Table A8, we investigate impacts on other 
intermediate outcomes. First, we look at the use of trade credit with suppliers and 
with clients and find a positive direct and a negative indirect effect for both. One 
possible explanation is that trade credit tracks the intensity of business activities. 
Second, we look at advertising spending and find a positive direct effect but no 
indirect effect, indicating that advertising may have contributed to the reallocation 
of demand. However, the effect is quantitatively small (about ¥2,100 or US$320), 
suggesting that the role of advertising was minor. Third, we find no direct or indirect 
effects on a markup measure computed as the ratio of revenue to cost, or on rental 
payments, suggesting that these channels did not contribute to our findings. We also 
find no impact on the log number of suppliers of the firm, suggesting that the switch 
to new suppliers documented above crowded out preexisting suppliers.

Alternative Mechanisms.—Because all our data come from self-reported surveys, 
a concern is that some of our results may be explained by experimenter demand. We 
have two pieces of evidence that address this concern. First, in the endline survey, 
we had our enumerators ask firms to directly show the value of sales in their books. 
We think that these book value data have about the same quality as administrative 
data and are unlikely to be affected by experimenter demand. Over 90 percent of 
firms surveyed at the endline showed us the book value, and nonresponses were 

21 It may be puzzling that we observe these negative effects on untreated firms even though some of them bor-
rowed due to information diffusion. But untreated firms in treated markets borrowed on average 11 months later 
than treated firms, so that the effects of borrowing may not be fully visible here. Our IV strategy accounts for these 
forces.

Table 5—Direct and Indirect Effects: Consumer Experience

log price
Advice from 

sellers
Service 
quality

Shopping 
environment

Value for 
money

Overall 
satisfaction

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

Treated −0.062 0.238 0.753 0.991 0.618 0.836
(0.026) (0.035) (0.0950) (0.0969) (0.077) (0.060)

Share Competitors Treated 0.003 −0.098 −0.175 −0.345 −0.197 −0.231
(0.040) (0.046) (0.120) (0.128) (0.086) (0.095)

Mean of pure control 1.602 0.401 −0.004 0.043 0.024 0.021
Observations 2,482 1,804 1,804 1,804 1,804 1,804

Romano-Wolf p-values
Treated 0.033 0.001 0.001 0.001 0.001 0.001
Sh Comp Treated 0.920 0.054 0.175 0.01 0.036 0.028

Notes: In column 1, sample is all firms we could reach at the 2020 follow-up to collect price data. In columns 
2–6, where the outcome is based on a consumer’s evaluation, sample is all firms we found open during the 2020 
follow-up. In column 2 outcome is an indicator; in columns 3–6 it is the z-score of the corresponding dimension 
of consumer evaluation. In all regressions, we include controls for baseline employment and for the county and 
broad product category of the market. Romano and Wolf p-values are calculated using 1,000 bootstrap replications. 
Standard errors clustered at the market level. 
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balanced across the treatment arms. In online Appendix Table A9, we report impacts 
on the log of the book value of sales. We use a cross-sectional regression because 
the data are only available at the endline, and estimate effects that are less significant 
but numerically very close to those in Table 3. When we also include the baseline 
self-reported value of sales—collected before the treatment and therefore plausi-
bly immune to experimenter demand—the estimates become significant. Moreover, 
when we use as the outcome the difference between the log of self-reported sales 
and the log of book sales, we find null effects. These results are direct evidence 
against experimenter demand. A second piece of evidence is the set of results on 
consumer satisfaction, which are based on the evaluations of customers who were 
not aware of the firms’ treatment status. We conclude that experimenter demand is 
unlikely to drive our results.

A second alternative mechanism is that the regular visits by loan officers may 
have affected treated firms through a channel different from access to the loan. Two 
concrete channels seem salient: the visits may have increased managers’ finan-
cial knowledge or improved their connection to the bank. To address the financial 
knowledge channel, we exploit data we collected in the endline survey about man-
agers’ financial knowledge using five questions described in the online Appendix 
(e.g., whether our partner bank offer loans to micro and small enterprises). Online 
Appendix Table A9 reports essentially null effects on an index of financial knowl-
edge created by standardizing the average response to these questions. To address 
the connection channel, we use data we collected in the endline survey about the 
manager’s assessment on a five-point scale of how difficult it is to get a loan. Online 
Appendix Table A9 reports essentially null effects on the standardized value of the 
response. We conclude that these channels probably did not contribute to the effect 
of the treatment.

D. Market-Level Effects

We turn to present regressions that assess the impact of the intervention at the 
market level. This analysis plays two roles. First, it validates our earlier arguments 
about how the firm-level estimates of direct and indirect effects aggregate to the mar-
ket level. Second, it sets the stage for the model-based calculations of market-level 
welfare effects that follow in Section IV.

In Table  6, we report regressions measuring the impact of the share of firms 
treated on market-level outcomes. In these regressions, each observation is a market 
in a survey wave, and the outcome is an aggregate of firm-level outcomes across all 
firms in the market in that wave. Columns 1 to 3 show insignificant effects on the 
market-level revenue, profit, and employment. These results are consistent with the 
opposite-signed direct and indirect firm-level effects and reinforce the interpretation 
that the loan program led to within-market reallocation but no detectable gains in 
market-level producer surplus.

The remaining columns report impacts on a set of outcomes for which the 
firm-level regressions showed a direct effect substantially larger than the indirect 
effect: the shutdown rate, the renovation rate, the product introduction rate, labor 
quality, price, and customer satisfaction, the latter measured as a z-score at the mar-
ket level. The precision of the effect for price is just below the conventional level of 
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significance ( ​p  =  0.13​), and the effect for labor quality is insignificant. However, 
the effect for every other outcome is significant.22 These results are consistent with 
the interpretation that—despite the insignificant effects on producer surplus—the 
treatment generated market-wide gains in price-adjusted quality and that consumers 
valued these gains.

Our model can rationalize the insignificant market-level revenue and the signifi-
cant market-level quality effects with an elasticity of substitution between markets, ​
θ​, which is close to one. With such a ​θ​, equation (2) implies that preferences over 
markets are approximately Cobb-Douglas, so that the relative expenditure share of 
each market is essentially constant. Intuitively, in this case demand at the market 
level is sufficiently inelastic that improvements in price or quality generate addi-
tional demand only to the extent that keeps market-level expenditure constant, but 
there is no reallocation from outside markets.

Our takeaway from these results is not that market-level growth is zero but that 
market-level growth can be meaningfully lower than the firm-level treatment effect 
because some of that treatment effect reflects reallocation within the market. An 
intuitive possibility is that the demand elasticity ​θ​, and market-level revenue along 
with it, will increase once enough consumers outside the market learn about the 
improvements. Consistent with this mechanism, the market-level revenue effect, 6.5 
log points, is not small. But it is insignificant and is thus also consistent with a 
market-level growth of zero. We are not able to study this issue in more depth with 
our data.

E. Geography and Competition

So far, we have assumed that all peers in the market induce information diffusion 
of the same intensity, and all competitors in the market induce business stealing of 

22 Labor quality in the table is an employment-weighted average that measures the labor quality of the average 
worker. Using the unweighted average instead, which measures the labor quality of the average firm, would give 
significant results. In addition to these reported results, the market-level impacts on all other measures of consumer 
experience from Table 5 are positive and significant.

Table 6—Market-Level Outcomes

log market
revenue

Market
profits

log market
employment

Shutdown
rate

Renovation
rate

Product
intro rate

Quality of
labor

log
price

Customer
satisfaction

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Post × Share Market 0.065 55.72 0.052 −0.072 0.162 0.146 0.052 −0.066 0.385
  Treated (0.047) (127.98) (0.039) (0.027) (0.030) (0.020) (0.031) (0.045) (0.061)

Market FE and Post Yes Yes Yes Yes Yes Yes No No No
Mean of pure control 9.12 2,089.54 5.56 0 0.11 0.06 0.2 1.6 0.025
Observations 234 234 234 234 234 234 78 78 78

Notes: Quality of labor is the share of employees in the market with at least high school education. Log price is 
revenue-weighted average of the firm-level log price. Customer satisfaction is the z-score of the market-level aver-
age of overall customer satisfaction. Mean of pure control computed in the first wave in which outcome is measured. 
Standard errors clustered at the market level.
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the same intensity.23 However, it is possible that these indirect effects vary with 
geographic distance and vary differently for competitors and noncompetitors. To 
explore these effects, we use the fact that our data have information on the four clos-
est neighbors of each firm. We call those four neighbors “local” to the firm and create 
four categories of peer firms in the market: local competitors, local noncompetitors, 
nonlocal competitors, and nonlocal noncompetitors. For example, local competitors 
are those firms among the four closest neighbors that have the same specialized 
product category, and nonlocal noncompetitors are those firms in the market that 
are not among the four closest neighbors and have a different specialized product 
category.

We estimate regressions in which the key right-hand side variables are the share 
of treated firms within each of these four peer groups.24 One issue with this approach 
is that, when the size of a peer group is zero, the share is undefined. This is the case 
for 42 percent of firms for the local noncompetitors group, 11 percent of firms for 
the nonlocal competitors group, and less than 1 percent of firms for the other two 
groups. We “dummy out” these cases by including indicators of the firm having zero 
peers in each group (interacted with Post) and setting the share treated to zero in 
these cases.25 Thus, our regression measures the impact of the share of peers treated 
for the subsample of firms for which the peer group is nonempty.

Whenever a peer group is nonempty, the randomness of the treatment assignment 
ensures—as with our main estimating equation—that the share treated is as good 
as randomly assigned. Indeed, balance tests (not reported) confirm that the share 
treated in each peer group is uncorrelated with the firm’s baseline characteristics. 
Thus, our regressions measure the causal effect of the share of firms treated in each 
group. However, because location and competition status are not randomly assigned, 
differences between the coefficients across peer groups are not necessarily driven by 
the causal effect of distance and competition status.26 For this reason, our interpre-
tation of the differences between the coefficients should be viewed as suggestive.

We first investigate heterogeneity by geography and competition status in the 
information diffusion effect. Table 7 reports regressions of loan take-up on the share 
of peers treated in each of the above-defined four groups. Column 1 focuses on the 
sample of treated firms and shows that for them, the likelihood of taking out the 
loan does not vary with the share treated in any of the groups. This seems plausible; 
treated firms do not need to rely on information diffusion because they know about 
the loan directly from the loan officer.

Column 2 reports analogous estimates for the sample of untreated firms. Here, 
the results are more interesting. Beginning with local peers, we find a small and 

23 The latter statement is conditional on size; our approach incorporates the idea that larger firms generate more 
business stealing.

24 We are able to construct these variables even though our sample contains only half of the firms in the market, 
and hence does not cover about half of the listed neighbors, because we know the treatment status of all firms.

25 Omitting these cases instead leads to slightly noisier but qualitatively similar results.
26 For example, if managers locate businesses close to their friends, then the effect of local competitors get-

ting the treatment may be driven by friendship. That said, firm location is decided by the market office based on 
factors such as space availability. In a subsample of 140 firms for which we know the managers’ 5 best friends in 
the market, we find that the share of local competitors, local noncompetitors, nonlocal competitors, and nonlocal 
noncompetitors who are friends is 1 percent, 1 percent, 3 percent, and 7 percent. Thus, friends grouping together 
may not be a major concern.
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insignificant effect of the share of local competitors treated but a large and sig-
nificant effect of the share of local noncompetitors treated. A possible mecha-
nism explaining this difference—shown to be active in different contexts by Cai 
and Szeidl (2018) and Hardy and McCasland (2021)—is that firms prefer to with-
hold business-relevant information from their direct competitors. Indeed, our results 
on business stealing confirm that withholding information about the loan from com-
petitors is in the interest of the firm. In contrast, for local noncompetitors, there is no 
risk of business stealing, and improvements made by treated neighbors may attract 
more shoppers to the neighborhood.

Turning to nonlocal peers, we find a significant effect of the share of nonlocal 
competitors treated. This is surprising, as there could be business stealing by these 
firms as well. A possible explanation is that, because they are located farther away, 
these peers do not directly compete with the firm; however, because they are in the 
same business, they do share information. Consistent with this logic, we show below 
that business stealing by these competitors is weaker. Finally, we find a noisily esti-
mated positive effect of the share of nonlocal noncompetitors treated. This is the 
largest of the four peer groups, so the noisy estimate may indicate either that there is 
no diffusion from these firms or that there is diffusion from a subset, e.g., from those 
who are friends with the manager of the firm.

Taken together, these heterogeneous effects support our interpretation that the 
borrowing spillover reflects information diffusion and highlight the role of agents’ 
incentives to talk in shaping social learning and technology adoption (Banerjee et al. 
2018; Chandrasekhar, Golub, and Yang 2018).

We next investigate heterogeneity by geography and competition in the indirect 
effect on firm performance. Panel A of Table 8 reports estimates of the impact on 
three main outcomes of the share treated in each of the four groups. We begin with 
peers who are competitors. Consistent with the logic that the main competitors of a 
firm are local, the share of treated among local competitors has a significant nega-
tive effect on log sales and profits. By contrast, the share of treated among nonlocal 

Table 7—Effects on Borrowing by Peers’ Location and Competition Status

Dependent variable: Borrow with new loan product

Sample: Treated Untreated
(1) (2)

Share Local Competitors Treated −0.025 −0.019
(0.039) (0.044)

Share Local Noncompetitors Treated 0.058 0.110
(0.065) (0.050)

Share Nonlocal Competitors Treated 0.004 0.098
(0.092) (0.058)

Share Nonlocal Noncompetitors Treated −0.047 0.069
(0.147) (0.078)

Mean of pure control 0.031 0.031
Observations 1,256 1,525

Notes: Sample is all firms in the 2016 endline survey, which are the firms for which we have 
the neighbor data. Column 1 includes treated, column 2 untreated firms. Indicators for no peers 
in the relevant group, interacted with Post, are included in both specifications. Standard errors 
clustered at the market level. 
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competitors has a smaller and imprecisely estimated effect on all three outcomes. 
This result helps rationalize why we observe information diffusion from nonlocal, 
but not from local, competitors.

The most interesting result of Table 8 concerns noncompetitors. We find, unex-
pectedly, that the share of local noncompetitors treated has a positive effect on firm 
performance. Being positive, and coming from noncompetitors, this effect cannot 
be driven by business stealing. Two other explanations seem possible. First, the 
effect could be driven by the diffusion of information: treated noncompetitors may 
induce that the firm borrows and thus grows. Second, the effect could be driven by a 
new mechanism, the diffusion of demand: treated noncompetitors may attract more 
consumers to the neighborhood, who then also shop at the firm. Panel B of Table 8 
attempts to distinguish between these explanations by estimating the same regres-
sion for the subsample of firms that are either treated or in pure control markets. For 
these firms, we do not expect the first channel to be active. Indeed, as we have seen 
in Table 7, treated firms do not experience information diffusion, while pure control 
firms—because they have no treated peers—cannot experience information diffu-
sion. Table 8 shows that the positive indirect effect is preserved in this subsample, 
providing evidence in favor of the demand diffusion explanation.27

In online Appendix A.1.7, we extend our model to incorporate the new mech-
anism of demand diffusion. This model generates the positive indirect effect on 
treated noncompetitors that we have documented and yields two new predictions, on 

27 This is not to say that the information diffusion effect is inactive. We believe that it is active but weak because 
firms that borrow due to diffusion borrow about 11 months later, and hence, the impact of their loans was realized 
only after the midline survey.

Table 8—Effects on Main Outcomes by Peers’ Location and Competition Status

Panel A. All firms Panel B. Treated and pure control

log sales
Profit 

(¥10,000)
log num of 
employees log sales 

Profit  
(¥10,000)

log num of
employees

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

Post × Treated 0.095 11.91 0.078 0.048 −6.178 0.030
(0.041) (2.753) (0.031) (0.142) (11.83) (0.058)

Post × Share Local −0.122 −11.84 −0.064 −0.029 −4.295 0.018
  Competitors Treated (0.054) (4.783) (0.039) (0.068) (4.672) (0.038)
Post × Share Local 0.190 14.70 0.062 0.169 17.79 0.015
  Noncompetitors Treated (0.049) (4.981) (0.030) (0.056) (5.744) (0.027)
Post × Share Nonlocal −0.113 −10.31 −0.038 −0.171 −1.600 0.008
  Competitors Treated (0.072) (11.62) (0.049) (0.126) (13.36) (0.062)
Post × Share Nonlocal 0.052 7.569 0.002 0.085 12.42 −0.043
  Noncompetitors Treated (0.062) (14.68) (0.050) (0.094) (15.07) (0.047)

Firm FE and Post Yes Yes Yes Yes Yes Yes
Mean of pure control 5.45 51.95 1.96 5.45 51.36 1.96
Observations 8,220 8,220 8,220 6,967 6,967 6,967

Notes: Panel A uses firms in the 2016 endline, for which we have the neighbor data. Panel B uses the subsample 
that are treated or in the pure control group. Indicators for no peers in the relevant group, interacted with Post, are 
included in all specifications. Mean of pure control computed at baseline. Standard errors clustered at the market 
level.
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which we present evidence in online Appendix Table A10. First, the share of treated 
noncompetitors should not have a positive effect on consumer satisfaction because 
the increased demand is due to “shopping around” rather than to improvements in 
quality and price. Our results confirm this. Second, demand diffusion itself should 
generate business stealing because the demand that results from shopping around 
must be reallocated from somewhere else. To test for this, we present regressions 
showing that firms with a higher share of competitors exposed to demand diffusion 
exhibit lower performance. Since these regressions also include the share of local 
competitors treated, which is correlated with the share of local competitors exposed 
to demand diffusion, we interpret the results as suggestive. But we still find them 
interesting because they imply a second-degree indirect effect—from the treatment 
to demand diffusion to business stealing—suggesting that indirect effects may accu-
mulate over firm networks.28

These results provide new experimental evidence on a demand externality that may 
be an important driver of the spatial concentration of retail establishments commonly 
observed around the world (Marshall 1920; Fujita and Thisse 1996; Leonardi and 
Moretti 2022). The demand externality we document acts between noncompetitors. 
However, because our markets are fairly specialized, even noncompetitors tend to be 
in the same broadly defined trade, suggesting that this externality can help explain 
the clustering of similar establishments.

IV.  Combining Indirect Effects: Estimation and Welfare Evaluation

We now combine the direct and indirect effects of the loan program. We first 
present IV estimates that measure the impacts of the loan, accounting for both infor-
mation diffusion and business stealing. We then combine the results with the model 
to evaluate the welfare impact of the program on both firms and consumers. Finally, 
we discuss the plausibility of some of our assumptions.

A. IV Estimates

We begin by measuring the impact of borrowing, as opposed to the treatment, on 
firm performance. Because the treatment effects on total borrowing are similar to the 
treatment effects on borrowing through the new loan (Table 2), we focus on evalu-
ating the impact of borrowing through the new loan. For simplicity, in this analysis 
we ignore the heterogeneity in indirect effects and the new indirect effect of demand 
diffusion that we documented in Section IIIE.

Under these assumptions, Proposition 2 implies that we can estimate the direct 
and indirect effects of the loan using the IV regression (9), in which we instrument 
borrowing and the share of competitors that borrow with the treatment and the 
share of competitors that are treated. This IV accounts for the two indirect effects 
(information diffusion and business stealing) at different stages. Information 
diffusion is accounted for at the first stage, where the firm’s borrowing status 
can depend on the share of its competitors that are treated. Business stealing is 

28 The accumulation of indirect effects, albeit of a different kind, plays an important role in theories of 
input-output networks, for example, in Acemoglu et al. (2012).
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accounted for at the second stage, where the firm’s performance can depend on 
the share of its competitors that borrow. This IV strategy assumes that the treat-
ment only induces information diffusion about the loan, not about other practices. 
However, nontreatment induced information diffusion about other practices is 
allowed and is one reason we cluster standard errors at the market level.

To estimate the IV, we need to define which firm constitutes a borrower in which 
period. Because using the loan plausibly takes time, we classify untreated borrower 
firms—which borrow on average 11 months later than treated borrowers—as bor-
rowers only at the endline (​s  =  Endline​ in the model), effectively assuming that for 
these firms, the impact of the loan is only realized after the midline.29

Table 9 reports the results. Columns 1 and 2 show the first stage for both explan-
atory variables. As expected, both instruments create variation in borrowing, while 
only the share of competitors that are treated creates meaningful variation in the 
share of competitors that borrow. The F-statistics for the first stages are over 50, 
suggesting that weak instruments are not a problem. Columns 3–5 show the sec-
ond stage for three main outcomes. As in the reduced-form regressions, we esti-
mate significant positive direct effects and significant negative indirect effects that 
are of comparable magnitude. The coefficients are larger than in the reduced-form 
regressions since here we evaluate the impact of borrowing, not of the treatment. 
The estimates imply that borrowing would increase sales by 32 log points and that 
increasing the share of competitors that borrow from 0 to 100 percent would reduce 
sales by 29 log points. We obtain similarly large direct and indirect effects for profit 
and employment.

We conclude that the qualitative findings from the IV are similar to those from 
the reduced-form regressions, validating our approach of using the reduced-form 
regression in most of our analysis. We now turn to use the IV estimates for welfare 
evaluation.

B. Welfare Evaluation: Strategy

We define the welfare gain from the loan program to be the total improvement in 
the welfare of firms and consumers in the markets, resulting from the direct, diffu-
sion, and business-stealing effects, net of the interest cost of the loan. This measure 
of the welfare gain would approximate the societal welfare impact of the program 
if (i) there are no other indirect effects and (ii) the interest rate is a good measure 
of the social cost of capital. We discuss both assumptions in Section IVD; for now, 
we note that, even if they fail, our definition captures an important component of the 
societal welfare effect of the program.

We compute the welfare gain using the model of Section IIB, which omits firm 
exit and demand diffusion. We discuss below extensions that allow these channels 
and show that they have small effects on our results. In our model, the change in 
welfare from the loan program comes from a change in the consumer surplus and a 
change in the producer surplus. Let ​​​R ̃ ​​ m​  t ​​ denote the total revenue of firms in market  

29 Classifying them as borrowers at midline generates slightly larger direct and indirect effects.
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​m​ in period ​t​ absent the treatment. Then, the following result characterizes the 
impact of the loan program on the consumer surplus.

PROPOSITION 3: To a first-order approximation, in period ​t  ≥  s​ the impact of a 
loan program on consumer surplus is

(10)	​ Δ C​S​​  t​  ≈ ​ ∫ 
m
​ 
 
 ​​ γ​[​S​m​​ ​μ​ m​ T ​ + ϕ ​S​m​​​(1 − ​S​m​​)​​μ​ m​ D​]​​λ​ m​ t ​ ​​R ̃ ​​ m​  t ​ dm.​

To understand equation (10), recall that the intervention reduces the price and 
increases the quality of borrower firms. The equation expresses consumers’ savings 
from purchasing the same (quality-adjusted) bundle that they would have purchased 
absent the intervention, but at the new (quality-adjusted) prices. By the envelope the-
orem, these savings—which could be spent on any good including the numeraire—
are to a first-order approximation equal to the gain in the consumer surplus. The 
formula expresses these savings as the reduction in spending that results from bor-
rower firms reducing their quality-adjusted prices. In particular, given take-up and 
diffusion, the share of firms that borrow equals ​​S​m​​ ​μ​ m​ T ​ + ϕ ​S​m​​​(1 − ​S​m​​)​​μ​ m​ D​​, and these 
firms experience a reduction in their quality-adjusted price of ​γ​. This reduction is 
relative to total market revenue ​​​R ̃ ​​ m​  t ​​ and is amplified because borrower firms are on 
average ​​λ​ m​ t ​​ times larger than the average firm in the market.

To evaluate welfare impacts using this result, we make two simplifying assump-
tions. First, we focus on a counterfactual intervention in which a constant share ​
S​ of firms are treated in markets ​M​. Second, we set aside cross-market heteroge-
neity and evaluate impacts for the average market. In particular, we approximate 
the market-level take-up and diffusion intensities ​​μ​ m​ T ​​ and ​ϕ ​μ​ m​ D​​ with their sample 
averages ​​μ​​ T​​ and ​ϕ ​μ​​ D​​ estimated in column 2 of Table 2. We measure market revenue 
absent the treatment, ​​​R ̃ ​​ m​  t ​​, by multiplying average firm revenue at midline and end-
line in pure control markets, ​​​R 

–
 ​​C​​​, with the number of firms in the market ​​n​m​​​. And, 

Table 9—Effects of Borrowing on Main Outcomes: IV Estimation

First stage IV

Borrow 
(1  =  Yes, 
0  =  No)

 
Share competitors 

borrow

 
 

log sales

 
 

Profit

 
log number 

of employees
(1) (2) (3) (4) (5)

Post × Treated 0.322 0.011
(0.034) (0.006)

Post × Share Competitors Treated 0.092 0.399
(0.023) (0.038)

Borrow 0.318 40.41 0.239
(0.127) (9.698) (0.07)

Share Competitors Borrow −0.288 −33.09 −0.22
(0.134) (12.978) (0.082)

Firm FE and Post Yes Yes Yes Yes Yes
F-statistics 50.10 58.84
Observations 8,612 8,612 8,612 8,612 8,612

Notes: Borrow is an indicator for borrowing through the new loan product. For treated borrowers, it equals one at 
midline and endline; for untreated borrowers, who borrowed later, it equals one at endline. Mean of pure control 
computed at baseline. Standard errors are clustered at the market level.
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because at baseline the average revenue of borrowers relative to all firms is about 
1.1 and not significantly larger than 1, we proxy the market-level selection intensity ​​
λ​ m​ t ​​ with 1 in all markets.

To estimate the deep parameter ​γ​, note that by Proposition 2, the regression coef-
ficient measuring the direct effect of the loan on revenue (in column 3 of Table 9) is 
an estimator for ​γ​(σ − 1)​​. We infer ​γ​ from this coefficient by calibrating ​σ​ based on 
the literature. Note that the higher the ​σ​, the lower the implied ​γ​, and the lower the 
estimated welfare gains. Recent work estimating the retail elasticity of substitution 
includes Atkin, Faber, and  Gonzalez-Navarro (2018), who find ​σ​ in the range of 
2.3–4.4, and Dolfen et al. (2019), who find ​σ​ in the range of 4.3–6.1. For our main 
results, we set a conservative ​σ  =  6​, which is at the high end of these ranges and 
close to the inverse of the average profit-to-sales ratio in our baseline sample, 5.9, 
which would be equal to ​σ​ in our model. For robustness, we also consider ​σ  =  4​ 
and ​σ  =  8​ in online Appendix A.2.

Welfare Formulas.—We are ready to state our formulas for the welfare impact 
of the program. Given our assumptions, Proposition 3 implies that the impact of 
the program on consumer surplus, normalized by the total mass of firms in treated 
markets, is

(11)	​​  Δ CS _____ 
​∑ M​   ​​ ​ n​m​​

 ​  ≈ ​   ​ζ​R​​ _ σ − 1 ​​[S ​μ​​ T​ + ϕ ​μ​​ D​ S​(1 − S)​]​ · ​​R 
–
 ​​C​​​,

where ​​ζ​R​​​ is the IV estimate of the direct effect of borrowing on log revenue from 
Table 9. The impact on producer surplus, that is, profits, can be estimated directly 
using the coefficients of the profit IV regression:

(12)	​​  Δ PS _____ 
​∑ M​   ​​ ​ n​m​​

 ​  = ​ (​ζ​Π​​ + ​ξ​Π​​)​​[S ​μ​​ T​ + S​(1 − S)​ϕ ​μ​​ D​]​​,

where ​​ζ​Π​​​ and ​​ξ​Π​​​ are the direct and indirect profit effects from Table 9. Intuitively, 
each firm gets the loan with probability ​S ​μ​​ T​ + S​(1 − S)​ϕ ​μ​​ D​​, and if it does, experi-
ences an average profit gain of ​​ζ​Π​​​. Further, each firm experiences a business-stealing 
effect from the share of borrowing competitors ​S ​μ​​ T​ + S​(1 − S)​ϕ ​μ​​ D​​ of magnitude ​​
ξ​Π​​​. As above, ​​μ​​ T​​ and ​ϕ ​μ​​ D​​ come from the take-up regression in column 2 of Table 2. 
These consumer and producer surplus effects are our main measures of the welfare 
gain from the loan.

Return on Capital.—To make comparisons with other credit interventions, it is 
helpful to compute the return on capital. Following Banerjee and Duflo (2014), we 
define the private return to capital as the return that business owner would earn from 
injecting capital into the business. Equivalently, this definition measures the return 
accumulating to the bank and the borrower firm as a result of the loan. We can anal-
ogously define the social return on capital, which in addition accounts for the effect 
of the loan on market competitors and consumers.

A simple calculation for the private return on capital is to take the estimated effect 
of the loan on profit from Table 9 of ¥404,100 and divide it by the average loan 
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amount of ¥290,000. This gives a net private return of 139 percent. However, this 
calculation uses profits measured starting two years after the intervention—midline 
is two years after baseline—and it is plausible that in the first year the profit gains 
were lower. We therefore develop an approach to compute returns while setting the 
gains in the first year to zero.

Our approach assumes that all firms in a market are treated, so that there are 
no diffusion effects. We then proceed in two steps, which are explained in detail 
in online Appendix A.1.5. First, we measure the average yields of the loan as esti-
mated in our data. This is essentially the calculation we conducted in the previous 
paragraph, with two modifications: we adjust for the interest rate and the default 
rate that affect the bank’s earnings, and we also compute yields that measure the 
additional contributions of business stealing and the consumer surplus. Second, we 
make assumptions about the dynamics of yields: that all yields in the first year are 
zero, that the yield in year 2 is what we computed, and that in subsequent years all 
yields depreciate at an annual rate ​d  =  0.10​.30 We then compute the internal rate 
of return associated with this time path of yields. We use this procedure to compute 
the private and the social return, as well as to decompose the social return into the 
contributions of the private return, business stealing, and the consumer surplus.

We obtain confidence intervals for our welfare measures—including the pro-
ducer surplus, the consumer surplus, and the return on capital—by bootstrapping the 
entire procedure, starting with the IV estimation, 1,000 times, drawing markets with 
replacement. As a result, the confidence intervals of our welfare estimates reflect the 
uncertainty about the IV coefficient estimates.31

C. Results

We first present the results on the welfare gain and then on the return to capital. 
Table 10 reports the implied impacts on the consumer surplus, the producer sur-
plus, and total welfare. Bootstrapped standard errors and confidence intervals are 
reported in parentheses. All welfare gains are reported relative to the number of 
firms in the market (not relative to the number of firms treated) and are thus com-
parable across different treatment intensities ​S​. The first two columns focus on the 
impact of treating all firms in the market. Column 1 reports impacts scaled by the 
profit of the average firm, while column 2 reports impacts in US dollars. The first 
row shows that treating all firms generates an insignificant gain in producer surplus 
amounting to 4 percent of profits. The second row shows that treating all firms gen-
erates a significant gain in consumer surplus amounting to 13 percent of profits, or 
about US$11,000 per firm in the market. The total welfare gain is about 17 percent 
of profits, or close to US$15,000 per firm. Because all firms are treated, we have no 
information diffusion effects.

The next two columns report the results when 50 percent of firms are treated. 
Here, we decompose both the consumer surplus and the producer surplus into a term 

30 Online Appendix Table A7 shows insignificant differences between effects at midline and endline, suggesting 
that a 10 percent depreciation is a conservative choice.

31 Because the internal rate of return is not defined for negative yields, for the approximately 10 percent of 
bootstrap draws in which the yield is negative, we set the return equal to the yield. This is a conservative choice for 
the confidence intervals of the implied returns.
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measuring the impact of the loan program absent information diffusion and another 
term measuring the additional impact of information diffusion.32 We label the com-
bined impact on the consumer and producer surplus of information diffusion as the 
spillover effect. As the table shows, the per firm effects on producer and consumer 
surplus are halved relative to the case when all firms are treated; but now informa-
tion diffusion generates additional gains, which amount on average to 2.4 percent of 
firm profits or about US$2,100 per firm in the market. These sizable gains raise the 
question of whether it may be optimal to treat only a subset of firms and leverage 
diffusion. In our model, the additional gain in consumer surplus from treating one 
more firm, if it is already exposed to diffusion from all its peers, is ​γ​(​μ​​ T​ − ϕ ​μ​​ D​)​​​R 

–
 ​​C​​​ , 

about US$4,000. This is almost certainly larger than the marginal cost of treatment 
and suggests that in our setting it is optimal to treat all firms.

These results have two main implications. First, they show that the welfare gain 
from the loan program was substantial and mainly driven by the consumer sur-
plus. The fact that the incidence of the welfare gain is on consumers, not producers, 
suggests that policies introduced to improve industrial performance, even if they 
improve the affected businesses, may not achieve their goal but may nevertheless 
generate sizable welfare gains. The second implication is that accounting for, poten-
tially multiple, indirect effects can be essential for the welfare evaluation of firm 
policies. In our setting, accounting for the direct and indirect effects on firms, while 
ignoring the effect on consumers, would imply that the program generated insignif-
icant and small welfare gains, whereas also accounting for the effect on consumers 
implies large and significant welfare gains.33

32 The former is obtained by setting ​ϕ​ to zero in (11) and (12), and the latter is obtained as the residual.
33 Online Appendix Table A11 replicates the welfare results for ​σ  =  4​ and ​σ  =  8​ and finds that our qualitative 

conclusions are robust: the program is estimated to generate large welfare gains mostly driven by the consumer 
surplus.

Table 10—Welfare Gain Estimates

Treat all firms Treat 50% of firms

Welfare gain per firm in market: Share of profit (%) US$ Share of profit (%) US$

Producer Surplus 4.1 3,566 2.0 1,778
(4.4) (3,904) (2.2) (1,952)

[−5, 12] [−4,174, 10,919] [−2, 6] [−2,210, 5,310]
Consumer Surplus 12.7 11,139 6.3 5,565

(4.6) (4,022) (2.3) (2,011)
[4, 22] [3,927, 19,618] [2, 11] [1,964, 9,809]

Spillover 2.4 2,087
(1.3) (1,144)
[0, 6] [317, 4,913]

Total 16.7 14,696 10.7 9,430
(7.3) (6,415) (4.9) (4,280)
[3, 32] [2,721, 28,027] [2, 21] [1,506, 18,297]

Notes: Bootstrapped standard errors in round brackets, and bootstrapped bias-corrected percentile confidence inter-
vals in square brackets, are computed by bootstrapping our estimation procedure 1,000 times, drawing markets 
with replacement. US dollar values calculated using the average annual exchange rate during midline and endline 
(6.465).
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We now turn to the return on capital. Table 11 reports the implied returns and the 
decomposition. The private return is about 74 percent. Most of the private return 
is canceled by business stealing. The social return is about 60 percent and mostly 
driven by gains in consumer surplus. The large gap between the private return to 
capital and bank deposit rates, which were below the loan interest rate, suggests 
that some friction limits lending below the privately efficient level. And the fact that 
the social return of the loan is also very high suggests that due to this friction, large 
potential welfare gains are not realized.

It is useful to compare our results to estimates of the (private) return to capi-
tal obtained in other contexts. De Mel, McKenzie, and Woodruff (2008) estimate 
returns of 55–63 percent for microenterprises in Sri Lanka, while Banerjee and Duflo 
(2014) estimate a return of 105 percent for larger firms in India. Our private return 
of 74 percent for SMEs falls between these estimates.34

Our analysis may contribute to understanding why the return to capital in 
developing countries is high. In our model, the private yield to borrower firms, of 
which the private return is a function, is proportional to the loan-induced improve-
ment in quality-adjusted productivity (​γ​) times the potential for business stealing 
(​σ − 1​). Thus, for ​σ​ large enough, business stealing generates an amplification, 
through which even moderate improvements in productivity can result in high pri-
vate returns. The logic of amplification also implies that small differences in the 
productivity-improving effects of the loan (​γ​) can generate large differences in the 
observed return to capital (through ​γ · ​(σ − 1)​​), a possible mechanism predicting a 
large difference in returns between developing and developed countries.

34 Other experimental work in development estimates similarly high (uncompounded) annual returns to capital 
in microenterprises: McKenzie and Woodruff (2008) estimate 120–396 percent in Mexico, Fafchamps et al. (2014) 
estimate 180 percent in Ghana, and Field et al. (2013) estimate 156 percent in India.

Table 11—Return to Capital Decomposition

Private Return (percent) 74.2
(12.9)
[46, 98]

Business Stealing (pp) −56.3
(23.4)

[−104, −13]
Consumer Surplus (pp) 41.9

(13.6)
[16, 70]

Social Return (percent) 59.8
(21.8)
[11, 98]

Notes: Bootstrapped standard errors in round brackets, and bootstrapped 
bias-corrected percentile confidence intervals in square brackets, are com-
puted by bootstrapping our estimation procedure 1,000 times, drawing mar-
kets with replacement. In draws with negative raw yields (about 10 percent 
of cases), we approximate the internal rate of return with the yield.
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D. Discussion of Assumptions for Welfare Evaluation

Other Indirect Effects.—Our welfare results assume that there are no other 
indirect effects. Omitted indirect effects may include effects on competitors from 
outside the market, effects on suppliers, and general equilibrium effects through 
income or the wage. On outside competitors, we expect at most weak effects: since 
there are no detectable impacts on market-level revenue, consumers do not seem to 
be reducing spending elsewhere. On suppliers, since we observe some switching, 
we do expect a reallocation effect. To the extent that treated firms are switching to 
higher-quality suppliers, this effect is likely to be welfare enhancing. As to business 
owners’ income, because the impact on the producer surplus is small, we expect at 
most a small effect driven by differences in the propensity to spend. Finally, con-
cerning the wage, because the direct and indirect effects on employment roughly 
cancel, we expect at most small effects. Thus, the omitted indirect effects on welfare 
are likely to be either approximately zero or marginally positive.

Interest Rate as Cost of Capital.—Our measure of the welfare gain net of interest 
approximates the true welfare gain under the assumption that the interest rate mea-
sures the cost of capital. This is a natural assumption for evaluating the private gain: 
since presumably the bank earns profits, the interest rate is a plausible upper bound 
for their private cost of capital. But for the social gain, the relevant measure is the 
social cost of capital, which may be different depending on the alternative use of 
capital. For example, if the bank, instead of lending to our firms, uses the capital to 
buy government securities, that itself could have indirect effects on other actors. Our 
measure does not account for this social opportunity cost, but comparing our social 
return to that in an alternative use of the capital would lead to valid conclusions 
about the relative desirability of these uses.

Alternative Loan Allocation.—A related question, motivated by Bertrand, Schoar, 
and Thesmar (2007) and Sraer and Thesmar (2020), is whether a different loan allo-
cation could have generated larger welfare gains. This is not our main focus, but our 
expectation is that better allocations may exist. Heterogeneous effect regressions 
show that impacts were higher for firms that were larger or had a more educated 
manager (not reported), suggesting that targeting such firms could have increased 
efficiency.

Omitted Effects: Default, Exit, Demand Diffusion.—In the analysis we ignored 
the impact of loan default. Although we do not have direct data, the bank informed 
us that repayment rates for the two-year loan were over 98 percent, implying a 
default rate of less than 1 percent per year. Because the bank acts as a for-profit 
lender, given this low rate, we expect that interest payments covered the bank’s cost 
of capital, including losses from default. Thus, computing the welfare gain net of 
interest payments accounts for default.35

35 Even if this is not the case, the quantitative effect of the 1 percent default rate on welfare is small.
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The analysis ignored firm exit. In online Appendix A.1.6, we develop a model 
extension that incorporates exit and highlights two new effects. (i) Because some 
borrowers exit, the effects of the program on consumer and producer surplus are 
reduced over time. (ii) Borrowing increases survival, which, to the extent that bor-
rowers are larger than average, increases the surplus. In the data the exit rate of 
borrowers is low, which implies that the first channel has little impact on our welfare 
results. In addition, at baseline borrowers are only slightly and insignificantly larger 
than the average firm, suggesting that the second effect is also plausibly small.

Finally, the analysis ignored demand diffusion. We note that including as controls 
the variables from online Appendix Table A10 measuring demand diffusion and its 
business-stealing effect has minor effects on the main coefficients (not reported). In 
addition, in online Appendix A.1.7 we develop a model extension that formalizes 
diffusion as a random reallocation of demand. Such a reallocation, to a first-order 
approximation, has no effect on welfare because the expected marginal utility of 
the goods that experience a demand increase is the same as that of the goods that 
experience a demand decrease.

V.  Conclusion

We estimated the direct and indirect effects of a loan program. We found that 
borrower firms provided higher quality and variety and charged lower prices and 
that consumers valued these gains and reallocated their demand to borrowers. We 
estimated that these changes had a statistically undetectable effect on producer sur-
plus but a large positive effect on consumer surplus. We also found indirect effects 
operating through the diffusion of information and the diffusion of demand. We now 
discuss some caveats and implications of these results.

We begin with external validity. Our primary interest is not in the external validity 
of the statistically zero effect on producer surplus but in that of the importance of 
business stealing, the underlying mechanisms, and the welfare implications. In this 
regard, a natural concern is that business-stealing effects may be especially strong in 
our spatially concentrated retail markets. It is certainly possible that business-steal-
ing effects are different in other sectors, e.g., manufacturing. However, the retail 
sector appears to be spatially concentrated in both developing and advanced coun-
tries (Jensen 2007; Hardy and McCasland 2021; Leonardi and Moretti 2022). Thus, 
there is an important set of contexts where we may expect similar business-stealing 
effects.

We next compare our results in more detail to some key papers discussed in the 
introduction. Rotemberg (2019), in a credible but nonrandomized evaluation of a 
subsidy policy, finds, as we do, a large business-stealing effect. However, in contrast 
to our results on improvements in quality and cost, he does not find evidence on 
improvements in firm productivity. Possible explanations for this difference may 
be that he studies a subsidy rather than a loan program or that his data do not allow 
measuring impacts on product quality. Another difference is that Rotemberg (2019) 
does not explore impacts on consumers. However, the reallocation he documents 
suggests that consumers do benefit, so that there may be an impact on consumer 
surplus in his context too. McKenzie and Puerto (2021), in a randomized evaluation 
of a training program, do not find evidence on business stealing. One key difference 
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between their context and ours is that their business owners spent some of their 
income in the local market. This effect is likely absent in our specialized markets. 
Because it predicts that the treatment-induced gains may be spent on untreated peers, 
it can help close the gap between their results and ours. Finally, Drexler, Fischer, and 
Schoar (2014) and Calderon, Cunha, and De Giorgi (2020) find suggestive evidence 
consistent with business-stealing effects. We conclude that comparisons with prior 
work are consistent with the potential broad importance of business-stealing effects. 
Our contribution to this work is the randomized evidence on business stealing; the 
underlying mechanisms on quality, price, and consumer satisfaction; and the wel-
fare implications.

Our results have implications for firm-level impact evaluations and for indus-
trial policy. Concerning impact evaluations, our results suggest that a positive direct 
effect on firms, especially if these firms sell directly to consumers, likely reflects 
a gain in consumer surplus: after all, there must be a reason consumers increase 
their purchases. But the impact on producer surplus is less clear, as the direct effect 
may be partially offset by losses at untreated firms. Concerning industrial policy, 
our results suggest that policies introduced to improve industry outcomes such as 
employment, even if they increase employment at treated firms, may not achieve 
their goal due to business-stealing effects. However, these policies may increase 
consumer surplus and welfare.

Finally, our results provide new evidence that innovations that improve aggregate 
welfare can create economic losers. This force may be important for understanding 
the development process. In particular, our analysis suggests that, because in our 
model business stealing impacts all firms, including treated nonborrowers, the loan 
program had a negative effect on the majority of firms. If firms could have voted 
on the program while fully anticipating its implications, they should have voted 
it down. Of course, this is purely hypothetical, as such a collective action was not 
possible in our context. But our evidence does suggest that economic losers are an 
important consequence of development, and there may be contexts in which they 
act as a barrier.
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