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Abstract

Identifying high-growth microentrepreneurs in low-income countries remains a challenge due to
a scarcity of verifiable information. With a cash grant experiment in India we demonstrate that
community knowledge can help target high-growth microentrepreneurs; while the average marginal
return to capital in our sample is 9.5% per month, microentrepreneurs reported in the top third
of the community are estimated to have marginal return to capital between 24% and 30% per
month. Further we find evidence that community members distort their predictions when they
can influence the distribution of resources. Finally, we demonstrate that simple mechanisms can

realign incentives for truthful reporting.
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Introduction

Not everyone has what it takes to be a successful entrepreneur. Numerous experimental studies of
microentrepreneurs in the developing world find widely heterogeneous returns to cash and creditHY et
governments, lenders, and NGOs often lack hard information with which to target resources to high-
growth entrepreneurs. This may be an especially pressing need given the scale of cash transfers — both
through grants and loans — distributed to the poor in the developing world. For instance, a recent
World Bank estimate suggests that over 700 million people in the developing world receive some kind
of cash transfer from their governmentﬂ Governments aiming to stimulate the local economy may
desire to target cash transfers to high-growth microentrepreneursﬂ Similarly, microfinance institu-
tions have distributed loans to more than 139 million households in the developing worldﬁ While
microfinance institutions typically enjoy very high rates of repayment, there is increasing recognition
that identifying high-growth entrepreneurs would allow them to offer more personalized forms of credit
tailored to their borrowers’ needsﬂ In this paper we argue that harnessing community information
directly from a microentrepreneur’s peers may provide a viable approach to identifying high-growth

microentrepreneurs.

Our argument has three parts. First, we demonstrate that entrepreneurs in peri-urban Maharash-
tra have high quality information about one another along a variety of dimensions including marginal
returns to capital. Their information is valuable for identifying high-growth microentrepreneurs even
after controlling for a wide range of demographic and business characteristics. Second we demonstrate
that entrepreneurs manipulate their reports to favor themselves, their friends, and their family when
the distribution of resources is at stake. Finally we identify several simple techniques motivated by

mechanism design that effectively realign incentives for accuracy.

Specifically, we conducted a field experiment with 1,345 entrepreneurs from Amravati, a city in
Maharashtra, India. We assigned respondents and their nearest neighbors to peer groups of 5 people.
After collecting detailed baseline data from all respondents, we asked entrepreneurs to rank their peer
group members on predicted marginal returns to capital, profits, and other firm, owner, and household
characteristics. Once the community reports were complete, we randomly assigned USD 100 grants to
one third of entrepreneurs in order to induce business growth and assess the accuracy of respondents’
predictions. We evaluate the accuracy of community information by comparing how well the rankings

predict individuals’ true outcomes as reported at baseline or in subsequent follow-up surveys.

e.g. [Fafchamps et al.| (2014); [de Mel et al.| (2008); Banerjee et al| (2015))
ZHonorati et al.| (2015)

3The majority of government transfers are not explicitly ear-marked for entrepreneurship. But as of 2020,
the World Bank estimates that 81% of all employed people in low income countries are self-employed (see
https://data.worldbank.org/indicator/SL.EMP.SELF.ZS last checked: November 2020). Therefore identifying who
among them can put capital to productive use may be a high priority for determining the distribution of government
transfers.

4Convergences| (2019)

®See e.g. [Jayachandran| (2020). Further, Rigol and Roth| (2020) finds evidence that microfinance loan officers have
valuable information for differentiating amongst which borrowers would benefit from larger more flexible loans.



Our first main finding is that community members can identify high-return entrepreneurs. While
the average marginal return to the grant was about 9.5% per month, our point estimates of the
marginal returns to capital of entrepreneurs ranked in the top third range from 24% to 30%. Had we
distributed our grants using community reports instead of random assignment, we would have roughly

tripled the total return on our investment.

To benchmark the value of community information, we compare its predictive accuracy against
that of observable entrepreneur characteristics. We find that observable characteristics are indeed
strong predictors of marginal return to capitalﬁ However, when we estimate marginal returns based
on community information and control for a wide range of observables, we still find that those in the
top tercile of the community prediction distribution earn 18 - 36 percentage points higher monthly
returns than those in the bottom tercile, holding fixed other characteristics (for many configurations
of observables, entrepreneurs predicted to be in the bottom tercile have negative marginal return to
capital). This finding suggests that community information is valuable above and beyond information

that can be captured by observables.

Our second main finding is that strategic misreporting is a first-order concern when eliciting
community information. By random assignment, half of respondents were told that their reports
would be used only for research purposes (the “no-stakes” treatment) and the other half were told
that their reports would be used to allocate USD 100 grants to members of their community (the “high-
stakes” treatment). The correlation between community reports and true outcomes is on average 30%
to 34% lower when allocation of resources is at stake, which significantly lowers the value of peer
elicitation. We also identify who benefits from misreporting and by how much: we quantify the extent
to which participants favor themselves, their family members, and their close friends (as identified by

other group members).

Given the importance of strategic misreporting, we explore whether it is feasible to realign in-
centives to report truthfullym Alongside the high-stakes treatment, we cross-randomized treatments
which varied respondents’ immediate benefit (or cost) for truthful responses. Respondents were as-
signed to report either in private or in a public setting, with their fellow neighbors observing their
reports. Participants were also randomly assigned to receive monetary payments based on the truth-
fulness of their reports. Payments were calculated using the Robust Bayesian Truth Serum (RBTS), a
peer prediction mechanism which determines participant scores as a function of the contemporaneous
reports of other respondents (Witkowski and Parkes, [2012).

Our third main finding is that methods grounded in mechanism design theory can be used to de-
sign a peer-elicitation environment in which truthtelling is incentive compatible. Monetary payments
and public reporting do little to improve the accuracy of self-reports. But payments substantially
increase the predictive power of reports that entrepreneurs make about other group members. We

provide direct evidence that monetary payments reduce the likelihood that respondents favor their

SThis stands in contrast to the findings of [Mckenzie and Sansone| (2019), which documents another attempt to predict
business growth using observable characteristics.

"For theory on eliciting reports about community members on a network, see [Bloch and Olckers| (2019).



family members or their close friends. Finally, we find that public reporting increases the predictive
accuracy of reports about others when there are no stakes, but has no effect in a high-stakes setting.
This nuanced finding may reflect a heterogeneous treatment effect, or a noisily estimated impact of

observability on the quality of reports.

Beyond targeting cash grants to high-growth microentrepreneurs, the methods in this paper may
prove useful in other contexts. We provide an experimental framework for predicting heterogeneous
treatment effects before treatment implementation. Namely, by asking subjects of the experiment to
predict their own and their peers’ treatment effects, researchers can leverage information embedded in
their experimental contexts. This may serve as a complement to recently developed techniques to esti-
mate heterogeneous treatment effects after the experiment is complete using observable characteristics

(e.g. Wager and Athey}, 2018). |Dal B6 et al. (2018) employ a similar experimental design.

Our findings contribute to several literatures. The idea that social networks—friends, family,
colleagues—are a rich source of information has deep roots in development economics. Of particular
relevance are the studies that use community reports to inform policy, broadly construed (e.g. Alatas
et al., 2012; Beaman and Magruder| 2012; |Giné and Karlan) 2014; Bryan et al., 2015; |Basurto et al.|
2019). Relative to this literature, our findings provide new insight into the depth and breadth of social
knowledge contained in rural and peri-urban networks. We demonstrate that community members
can predict marginal returns to capital, a metric that is difficult to estimate even using rich observ-
ables or expert opinions. This is evidence that community members have accurate knowledge of one
another that is much deeper than what has been previously documented. In this sense our paper is
related to Maitra et al.| (2017)), which leverages information from local traders to identify high return
entrepreneurs, [Beaman et al| (2020) and Barboni and Agarwal (2020), both of which examine the
extent to which borrowers utilize information about their own marginal return to capital to inform
their borrowing decisions, and |[Fafchamps and Woodruff (2017), which demonstrates that a panel of

judges can identify high-growth entrepreneurs through a business plan competition.

We also contribute to a young literature which addresses strategic misreporting in targeting
programs. |Alatas et al.| (2019) examines whether elite capture poses a problem for community report-
ing, but incentives to manipulate the distribution of resources may extend beyond community elites.
Though Alatas et al. (2019) concludes that elite capture is not a significant concern, we find that mis-
reporting is common when community members are told that their reports will influence distribution
of grants. Importantly, we find that community members distort their reports in favor of their family
and friends, rather than toward community elites. Within the microfinance context Rigol and Roth!
(2020)) provides evidence that loan officers strategically withhold valuable endorsements for targeting
larger more flexible loans to their borrowers unless they are provided with a compensation structure

that rewards doing so.

Finally, our paper relates to the literature studying cash grants to microentrepreneurs across the
developing world (e.g.|de Mel et al., [2008}; Mckenzie and Woodruff, |2008} [Fafchamps et al.,[2014). The

emerging consensus is that the average marginal return to capital among microentrepreneurs is high.



However, whether there are robust predictors that identify which entrepreneurs are likely to have high
marginal return to capital and which not —or even whether there is meaningful variation in ex-ante
expected marginal return to capital — remains unresolved. Our paper demonstrates that microen-
trepreneurs have widely varying marginal return to capital ez-ante, and that community information

is a strong differentiator amongst microentrepreneurs based on their marginal return to capital.

1 Study Sample and Context

Our study takes place in Amravati, a city of about 550,000 people in the state of Maharashtra,
India. Households in our sample come from nine neighborhoods along the perimeter of Amravati; we
selected these neighborhoods because they have a relatively high proportion of microentrepreneursﬁ
These are densely packed peri-urban slums; in each of these neighborhoods, there are roughly 900
household dwellings in a 500 by 700 ft. area. In September 2015, we conducted a complete door-
to-door census of these neighborhoods, which encompassed 5,573 households. Based on households’
responses to the census, we determined their eligibility for the study. In line with selection criteria
of other recent “cash-drop” experiments (see e.g. |de Mel et al.| (2008)), all households in our sample
have at least one enterprise with (i) USD 1,000 or less in total working and durable capital and (ii)
no paid, permanent employeesﬂ Almost 30% of households in these neighborhoods owned at least
one business and were eligible (1,576 households). Entrepreneurs in 1,345 of these households agreed
to participate in our study so our sample population is reasonably representative of the universe of

eligible enterprises in Amravati.

Characteristics of Microenterprise Owners. The modal entrepreneur in our sample is 40 years
old and has roughly 8 years of formal education. Approximately 60% are male and almost all are
married. Most entrepreneurs operate their business close to home, but they operate across a wide
range of activities. About 30% of sample entrepreneurs work in manufacturing, typically as a tailor
or stitcher. Another 30% work in services, mainly in food preparation and hair salons. A further 30%
work in retail, most commonly running a grocery shop. Outside of these three sectors, entrepreneurs
are spread evenly across construction and livestock rearing. On average, sample entrepreneurs earn
profits of Rs.4500 per month (USD 2.5 per day), which accounts for roughly half of their household

income.

Characteristics of Microentrepreneurs’ Peer Networks. In order to elicit entrepreneurs’ knowl-
edge of one another, we assigned study participants to peer groups of five people based on geographical
proximity. Peer groups are the unit of information collection: entrepreneurs are asked to report on
only themselves and their other group members, rather than on the entire community. Importantly,

we find that peers know their group members well. On average, peers reported that they visited

80ur selection of neighborhoods was based on advice from local officials in the District Collector’s Office. The nine
neighborhoods are: Belpura, Vilash Nagar, Mahajan Pura, Akoli, New Saturna, Old Saturna, Wadali, and Pathan
Chawk.

9Following |de Mel et al.| (2008)’s selection criteria, we excluded farmers and self-employed service people, such as

domestic helpers and teachers. If there were multiple business owners in the household, we required that the household
have at most USD 2000 in combined business capital.



another group member on 22 occasions in the previous 30 days. Respondents were unable to identify
another group member in less than 1% of cases. Two-thirds of respondents identify at least one other
group member as a family member or close friend. In 70% of groups, at least two people operate a
business in the same (broad) industry category. Entrepreneurs also actively maintain strong social
ties within their group: over 50% of respondents reported that they regularly discuss private family

and business matters with at least one other group member.

2 Experimental Design

2.1 Design of the Peer Elicitation Exercise

Recruitment. In October 2015, we visited the 1,576 eligible households and invited them to par-
ticipate in our study. At the time of recruitment, households were told that a research team was
conducting a project to study entrepreneurship and business growthF_UI In December 2015 - April
2016, we conducted baseline surveys of the 1,345 sample households. Separately, we also assigned
respondents to groups of five based on geographic proximity, for a total of 274 groups across all neigh-
borhoodsE] Once all baseline surveys in a given neighborhood were complete, surveyors returned to
sample households to invite respondents to a meeting at the local town hall. Respondents were not
given any information regarding the content of the meeting, or that they would be placed into groups
with their peers. They were told, though, that to thank them for their participation in the study the
research team would conduct a public lottery where some participants would be awarded a USD 100

grant.

Explanation of the Exercise to Respondents. Respondents who were assigned by the research
team to the same group were asked to come to the town hall at the same time. Only one group was
invited to the town hall at a time. Upon arrival at the town hall, respondents were each given 20
lottery tickets. They were told that, at the end of the activity, all people present would put their
lottery tickets into an urn and grant winners would be selected by drawing lottery tickets. Participants
were then separated and individually paired with a surveyor. Surveyors explained to participants that
they would be asked to provide information about themselves and their neighbors. In order to ensure
that participants were introduced to the elicitation exercise in a clear and consistent way, we created
animated videos to introduce respondents to the concepts covered in the rankings questions and to
guide them through the activity. When explaining the concept of marginal return to capital, we used
examples to emphasize to respondents that an entrepreneur’s projected marginal returns corresponds
to their expected change in profits in response to the grant, and not their level of profits. After
watching the videos, participants completed a series of quizzes to test their understanding of the
activity and concepts. The introduction and subsequent ranking activity took place behind a privacy

screen. The screen was there to ensure that coordination of responses would not be possible.

0No information regarding the community information nature of the project was disclosed to respondents at this time.

"'We organized respondents into groups that would minimize the geographic distance between study households. The
total number of respondents per neighborhood was not always a multiple of 5, so some groups had 4 or 6 clients. Figure
shows the distribution of group size.



Questions Asked in the Ranking Exercise. As a practice round, we first asked participants to
rank themselves and their peers based on their level of education. We then asked respondents to
rank themselves and their peers on predicted marginal returns to a USD 100 grant. Next we asked
respondents to rank the group across several additional entrepreneur characteristics: average number
of hours spent at work per week; performance in a digit span memory test; and, projected monthly
profits 6 months post-grant disbursal, if the business owner were to receive a USD 100 grant. We
also asked about a number of household-level characteristics: average monthly income over the past
year, total value of assets; total medical expenses in the past 6 months; loan repayment trouble over
the previous yearB To minimize respondent fatigue peer groups completed the ranking exercise only
for a randomly assigned subset of these metrics (but all respondents completed the marginal returns

ranking). For details on the sequence and selections of of ranking questions by treatment group, see
Appendix

Zero-Sum Elicitation. For marginal returns, business profits, and household income and assets
we asked all respondents to rank their peers using two methods: rankings relative to the particular
members of the group, and reports placing each entrepreneur in quintiles relative to the community
at large. The former has a zero-sum nature, in which promoting someone’s position necessitates
diminishing another’s, and may therefore be more effective at inducing truthful reports (a respondent
cannot merely place everyone in the highest position). However, if group members have correlated
attributes, then these rankings may be less informative than rankings that assess each entrepreneur
relative to the broader community. For all other questions we only collected relative rankings (this

was also done to reduce fatigue).

Cross-Reporting. In the spirit of cross-reporting techniques which play a prominent role in mech-
anism design and implementation theory (see |[Maskin (1999)), we asked respondents to identify each
group member’s closest peer in the group, with the intention of exploring whether group members
identified as close peers distort their reports to favor one another. We also ask respondents to identify
who in their peer group has the most accurate information regarding each ranking metric. Implemen-
tation details are in Appendix

2.2 Description of Treatments

Respondents were cross-randomized (at the group level) to give their ranking reports under the
following three treatment conditions, forming a total of eight treatment cells: No Stakes vs. Stakes
(So vs. S1), Private vs. Public (Py vs. Pp), and No Payments vs. Payments (Tp vs. T1). The
eight treatment conditions were randomized in clusters of eight groups. The clusters were based on

geographic proximity. In the remainder of the paper we refer to these as randomization strata.

To economize on incentive payments, only the profits, income and assets questions were subjected

to the stakes or incentive treatments. That is, some questions were always unincentivized and asked

12We hoped to have significant overlap in the sample with a local microfinance institution and that we could use their
administrative data to assess whether community members could predict the quality of borrowers. In the end, however,
the areas in which we implemented the project did not have a significant presence of this MFI. So we drop this question
from our analysis.



in a no-stakes environment, regardless of treatment assignment. Appendix [D] details the sequence of
questions and identifies which ones were subject to each treatment. When analyzing the effect of the 3

treatment conditions, regressions are always limited to the profits, income, and assets questions.

We also randomly selected one-third of our sample to receive USD 100 grants. Grant randomiza-
tion occurred at the individual level and was stratified by group. See Figure for the randomization

design.

High Stakes Environment (Sp vs. S1). All participants across treatment groups were given twenty
lottery tickets upon arrival at the town hall. Respondents in the high stakes treatment were told that,
for each question, the peer ranked highest (on average) by group members would receive extra lottery
tickets, and so would have a better chance of winning the grantE In order to ensure that we would
have sufficient power to evaluate the quality of predictions from the marginal returns rankings, all
participants completed this ranking in a no-stakes setting (the marginal return ranking occurred prior

to any mention of the high stakes treatment)E

Public Reporting (FPy vs. P;). Participants in both the public and private reporting groups
responded to each ranking question behind a privacy screen, in the presence of only their surveyor.
But in the public treatment, after completing each ranking question, peers came to the center of the
room and sat in a circle with their response clipboard in front of them. Participants were told that
they were doing this so that the survey coordinator could record their responses, but the primary
purpose was to give them the opportunity to observe one another’s rankingsﬁ Crucially, participants
understood ahead of doing the ranking exercise that their peers would see their responses. This was
described to them in their introductory animation video and, to ensure that participants understood
the set-up, groups performed a practice round. In the privacy treatment, respondents completed all
ranking questions before interacting with peers and, even after the activity was completed, group

members did not see each other’s individual responses.

Payments for Truthfulness (7 vs. T1). The introductory video for participants in the monetary
incentives group explained that they would be paid per ranking question, based on the truthfulness

of their responses.

Payments were calculated using the Robust Bayesian Truth Serum (RBTS) (Witkowski and
Parkes| [2012). The RBTS requires eliciting not only respondents’ first order beliefs (i.e. what they

believe is the answer to the question), but also their second order beliefs (how respondents believe

13We did not tell participants how many extra lottery tickets would be awarded to the person ranked highest; in
order to keep the randomization as close to uniform as possible, we awarded only one extra lottery ticket per ranking.
Respondents were in a high stakes setting for four ranking questions, and so a person in this treatment group could win
at most four extra lottery tickets. Participants completed all rounds of ranking questions prior to the disbursal of the
extra lottery tickets.

“Measures of profits among microentrepreneurs in settings like this one are notoriously noisy (see, for instance,
de Mel et al.| (2009))). Due to budget constraints, our experiment is just powered to detect how well marginal returns
rankings predict realized marginal returns when accuracy of reports is not confounded by the incentive to lie present in
a high-stakes setting.

15Surveyors report that respondents did in fact almost always look at their peers’ rankings.



others will answer the question). Importantly, under general conditions, discussed in |Witkowski and
Parkes| (2012)), and in our Appendix , RBTS provides incentives to tell the truth without relying
on ex-post measures of accuracy. This is a critical advantage in our setting, as we used RBTS to
incentivize truthful reporting about marginal returns to capital but could not confirm these at the

individual level [[]

The principal drawback of RBTS is that its underlying logic is complex. As such we created
an introductory video providing a basic overview of the payment rule and an explanation of the
reporting requirements. We did not explain the details of the payment rule to participantsﬂ Instead,
participants were told that people who reported what they truly believed would receive an extra
Rs.100 on average (which is equivalent to 2/3 of the average daily wage). Payments were calibrated
using the empirical distribution of reports from |Rigol and Roth| (2017)) to maximize the strength of the
incentive to tell the truth while adhering to a project budget constraint. |[Rigol and Roth! (2017)) also
provides evidence that respondents were likely to believe our assertion that telling the truth would

maximize their expected payment.

Because we did not explain the details of the RBTS to respondents, we cannot be sure how
their behavior would evolve as they learn about the payment rule from experience. Thus we view the
variation in payments (77 vs. Tp) as informative about whether accuracy is responsive to moderate
monetary incentives for truthfulness, but not necessarily as informative about the optimal way to

provide such monetary incentives. We discuss details of the RBTS scheme and its implementation in
Appendix [C]

Groups that were not in the monetary payments treatment were given a lump sum payment to

compensate them for their time.

Enterprise Grant. Upon completion of the peer elicitation exercise, group members came to the
center of the room and placed their lottery tickets into an urn. One respondent was blindfolded and
then drew tickets to award USD 100 grants to one or two group members (the number of winners
per peer group was determined by random assignment, and households could win at most one grant).
Prior to grant randomization participants filled out worksheets specifying how they would invest the
grant if they won. Participants were encouraged to invest grant money into their enterprise although

this was not enforced. Grant money was distributed to winners via bank transfer[]

Random assignment allows us to use the difference between post-period profits of grant winners
and post-period profits of grant losers as an estimate of the average marginal return to the grant. We
therefore identify the informational value of community members’ reports by testing the predictive
power of respondents’ marginal return rankings against our estimates of true marginal returns. The

details of our identification strategy are presented in Section [

6 Qur experimental design allows inference over average marginal return to capital for well-defined populations, but
not for individual entrepreneurs.

"Indeed, [Danz et al.| (2020) provides evidence that respondents may provide more accurate reports when the details
of a payment rule are obscured.

18 All households in our sample had at least one member with a bank account prior to our study.



3 Data and Background Results

Description of the Data. Our main analysis uses data from respondents’ peer rankings during the
elicitation exercise and from respondent surveys. Baseline surveys were conducted between December
2015 and April 2016, and four follow-up surveys were conducted between May 2016 and March 2017.
After baseline and the elicitation exercise but before the first round of follow-up surveys, 8 households
dropped out of the study (none of the households were grant winners). The remaining 1337 households

answered all follow-up surveysE

For all survey rounds, each business owner in the household completed a detailed business mod-
ule about her own enterprise and answered questions about her well-being. The business module
included questions on enterprise costs; revenues; profits; seasonality; inventories; labor inputs; assets;
and business historym At baseline, entrepreneurs also completed a digit span memory test and a set
of psychometric questions@ In each survey round, the study respondent also provided information
regarding her household’s finances. The household-level module included questions on income, health
expenditures, credit history and loan repayment issues, and assets. For the asset section, the respon-
dent indicated whether the household owned a particular type of asset and its current resale value.
Surveyors were trained to visually verify that the household owned each of the assets about which
they reported. At baseline, the respondent also completed a full household roster with education and

labor history for each household member. For a complete timeline of the project and data, see Figure

A3l

We note that as many of our key outcome variables are self-reported, they are measured with
error. However, the random assignment of our treatments should assuage most concerns that mea-
surement error will bias our experimental estimates. One potential concern of note is that respondents
who over-estimate their own profits on our surveys also systematically do so when they discuss busi-
ness matters with their friends and neighbors (i.e. they are boastful). Consider a particular boastful
respondent. If her peers predict that she has high profits, we may incorrectly conclude that they are
well informed about her business, when in fact they are merely repeating the same biased estimates

that she reported to our surveyors. This type of reporting error would introduce bias in our estimate

197 of the 1337 entrepreneurs provided ranks only about themselves. So in specifications in which we omit the self-rank,
the number of observations in the regressions reduce to 1336.

29Entrepreneurs were instructed to net out wage payments to hired labor when calculating business profits, but the
measure does not account for the value of the entrepreneur’s own time.

2IDigit span memory test: Surveyors conducted a memory test in which they showed the respondent a 3 digit
number, put it away, and asked them to repeat the number back. They increased the number of digits until the
respondent either could not recall the number correctly, or the respondent recalled 10 digits correctly. The number of
digits that a respondent was able to recall without error is their digit span score.
Psychometrics: Respondents answered each psychometric question in the module by providing their agreement with
the given statement, where agreement was rated on a scale of one to five, with five indicating strong agreement and
one indicating strong disagreement. A detailed description of the psychometric assessment module is in Appendix
The psychometric module questions are organized according to categories developed by industrial psychologists:
polychronicity measures the willingness to juggle multiple tasks at the same time (Bluedorn et al.| (1999)); impulsiveness
is a measure of the speed at which a person makes decisions and savings attitudes (Barratt Impulsiveness Scale); tenacity
measures a person’s ability to overcome difficult circumstances (Baum and Locke| (2004))); achievement is a measure of
satisfaction in accomplishing a task well (McClelland! (1985)); and locus of control measures a person’s willingness to
put themselves in situations outside of their control Rotter| (1966).

10



of how much community members know about one another’s income and profits, though not assets,
which our surveyors were trained to independently verify. And, critically, if this type of measure-
ment error is uncorrelated with their true profits (e.g. borrowers merely added a constant amount to
their reported profits), it would not bias our estimates of community knowledge of marginal return to
capital, as the random assignment of grants ensures that these boastful entrepreneurs will be equally

represented in our treatment and control groups.

One important caveat is if boastfulness instead introduces an error term that is correlated with
the receipt of the grant, then our estimates of the value of community information may be biased.
Because the grant was randomly assigned, this correlation would need to be mediated by a correlation
between true profits and the error introduced by boastfulness (e.g. the amount an entrepreneur
inflates her reported profits scales with her true level of profits). In this case we could erroneously
conclude that the community is well informed about marginal return to capital when in fact they are
merely indexing on boastfulness. In other words, a group of boastful people, some of whom received a
grant and some did not, will appear to have higher marginal return to capital than unboastful people,
even if the true marginal return to capital is constant across all individuals. As we will show below,
community information predicts marginal return to capital even controlling for a rich set of baseline
characteristics including income and profits, and their interaction with the receipt of the grant. To
the extent that entrepreneurial boastfulness is correlated with these characteristics, it is unlikely that
our results are largely attributable to this type of reporting error. We formalize this discussion in
Appendix Section

Randomization Checks. In Table[AT] we present the randomization check of baseline characteristics

by treatment. To check for balance we estimate the model,

Characteristic;; = o + TiTreatment; + v, + O, + Ts + €5 (1)

where 7 indexes the individual and j indexes the group. T'reatment; is a dummy for whether the
group was assigned to the No Stakes vs. Stakes treatment (columns 1 and 2), the No Payments vs.
Payments treatment (columns 3 and 4), the Private vs. Public treatment (columns 5 and 6), and
the GrantWinner vs. GrantLoser treatment (columns 7 and 8). ~, is the randomization stratum.
We also add survey month (6,,), and surveyor (75) fixed effects. Standard errors are clustered at the

group level.

The odd columns of Table [AT] show the mean of each characteristic for the control group in each
block. So column 1 shows the means of characteristics for groups that were assigned to NoStakes. The
even columns show 7 for each treatment (the difference between treatment and control characteristics)
. The characteristics in Panel A are about the entrepreneur who was ranked during the ranking exercise
and in Panel B is the sector of her primary business. In Panel C, we show household demographic
characteristics as well as baseline average household income and the value of household assets. In
Panel D, we show household-level baseline business measures. All of the variables are aggregated over

all household businesses. So if the ranked entrepreneur is the only business owner in the household,
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these reflect the values of only her businesses.

The majority of entrepreneur and household characteristics are balanced across treatment groups.
At the bottom of the table, we present the F-test of whether the treatment group coefficients are jointly
equal to zero. None of the joint tests of equality are rejected, suggesting that the randomization was

effectively implemented.

3.1 Community Knowledge About Households and Enterprises

We begin our empirical analysis by investigating the depth of community members’ knowledge
of one another. As discussed in Section [I], entrepreneurs have close social ties with peers in their
neighborhood. In this section we show that community members have accurate knowledge about one
another’s concurrent household finances and enterprise characteristics. In our main empirical analysis
(Section , we will argue that community members also make accurate forward-looking predictions

about entrepreneurs’ marginal returns.

During the ranking exercise, community members reported on their peers’ average monthly
household income, predicted monthly profits if they were to receive a USD 100 grant, total value of
household assets, household medical expenses over the previous six months, average weekly work hours,
and predicted performance on a working memory test@ At baseline, we asked each entrepreneur to
self-report answers to these same questions (at the time of the baseline survey, respondents had no
knowledge of the purpose of the study or of the peer ranking activity). To evaluate the accuracy of
community reports, we estimate the relationship between entrepreneurs’ self reports and community

members’ reports for that person. We use the following regression model:

Yiiq = Bo + BiRank;jq + v + O + Ts + €ijgs (2)

where mijq =31 %* Rank;jjq, n is the total number of group members in group j and Rank;;i,
is the rank that person k in group j assigns to person 7 (also in group j) on question g. So mm
is the average rank assigned to person ¢ by the members of group j on question ¢g. In our baseline
specification Rank;j, includes the reports of all community members, except for person i’s report
about herself. However for robustness we re-estimate all of our results using a variant of Rank;jq
that includes person i’s rank about herself. These are included in Table they are qualitatively
similar, though community predictions tend to be somewhat more informative when self-ranks are

included.

Yijq is the corresponding outcome (baseline survey self report) for question g of person i. 7, is
the randomization stratum. To improve precision, we add survey month (6,,), and surveyor (7) fixed

effects. Standard errors are clustered at the group level.

22We use a digit span test, which is a commonly used test for working memory. Respondents are shown flashcards with
an increasing number of digits and asked to recall the numbers from memory. The surveyor records the total number of
digits that the respondent correctly repeated back.
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Table [1] presents the estimates of Specification Panel A presents results in levels of the
outcome and the average rank, so that a 1 unit increase in mm is associated with a (1 increase
in the value of the outcome variable Y;;,. To allow for comparability of estimates across questions,
in Panel B we convert each outcome and the corresponding average rank for each question into
percentiles. Recall that while Rank;;, is a discrete variable taking values from 1 to 5, the average
rank assigned to person i, mijq is a continuous variable. So, a 1 percentile increase in mijq is

associated with a 31 percentile increase in the outcome variable Y;j,.

Entrepreneurs have substantial knowledge of their peers’ household and enterprise characteristics.
For example, in column 3 of Panel B, a 1 percentile increase in the assets rank is associated with a 0.22
[SE=0.03] percentile increase in the distribution of actual household assets. They can also accurately
assess even difficult to observe characteristics: for instance, a one unit increase in the average rank is
associated with a 0.47 [SE=0.09] extra digits recalled in the Digit Span Memory Test (column 5 of
Panel A).

To contextualize the size of these estimates, we regress the business profits percentile on the
percentile of the education of the entrepreneur and also the household assets percentile on the house-
hold income percentile: a 1 percentile increase in the education distribution is associated with a 0.12
percentile increase in the distribution of business profits, and a 1 percentile increase in the income

distribution is associated with a 0.33 percentile increase in the assets distribution.

4  Main Results

4.1 Entrepreneurs’ Average Marginal Returns to Capital

In this section we assess the average impact of the intervention on entrepreneurs’ profits. Fol-
lowing de Mel et al. (2008]), we estimate average marginal returns to the grant with the primary
specification,

}/ijt = qag + ayWinnery + ¢; + 0t + 0 + 75 + €ijt (3)

where Y ;; measures either total household business profits or household income of person 7 in survey
round t@ We also present results limiting profits to the businesses owned by the entrepreneur ranked
in the ranking exercise. We measure business profits by asking each entrepreneur in the household
the following question: “Now that you have thought through your sales and your expenses from the
past 30 days, I would like you to think about the profits of your business. By business profits, I mean
taking the total income received from sales and subtracting all the cost of producing the items (raw
material, wages to employees, fixed costs, etc). Can you tell me your business profits in the past 30

days?’ﬁ Household income is also measured using a single question: “What is your total household

23In Table we pool across all treatment groups: No Stakes vs. Stakes treatment, the No Payments vs. Payments
treatment, and the Private vs. Public. In Sections and we break these estimates up by treatment.

24Bernhardt et al.| (2019) reanalyze data from several cash-drop experiments with microentrepreneurs and find that
measures of returns to capital differ substantially when analyzed at the household versus enterprise level. We therefore
aggregate profits of all household businesses in our main specifications.

2%de Mel et al| (2009) find that asking one aggregate summary measure (rather than for the components) reduces
noise in the estimation of profits.

13



income over the past 30 days from all income generating activities?”

Like |de Mel et al.| (2008), we remove the outliers of the household income and total profits
distributions (levels) by trimming the top 0.5% of both the absolute and percentage changes in profits
measured from one period to the next. We also estimate regression Specification |3{for log(Y;;: + 1) of
income and profits, using the untrimmed distributions@ In the main specification, we utilize three
rounds of follow-up surveys, so t ranges from 0 (baseline) to 3@ Winner;; is an indicator for whether
person ¢ won a grant at or before survey round ¢t. We also include the following fixed effects: person
(i), survey round (d;), survey month (6,,), and surveyor (75). Standard errors are clustered at the
group level. The coefficient of interest in regression Specification [3| is a1, which measures average

marginal return to the grant in the sample.

In the No Stakes treatment group, assignment of grant winners was uniformly random: all
participants received twenty lottery tickets and each group member was equally likely to have their
tickets drawn from the urn. But, as described in Section respondents in the Stakes group were
eligible to receive up to four extra lottery tickets, based on whether their peers ranked them highest
for the treatment questions.To account for this, we weigh all regressions by the inverse propensity
score—i.e. the probability of being assigned to the relevant treatment (Rosenbauml, 1987). In our
setting, the probability of being assigned to treatment is fully determined by the number of lottery
tickets that a subject receives, and the number of grants randomly allocated within each group. For
instance, in a group with just one grant winner, the observation corresponding to respondent ¢ who

won the grant is weighted by ¢’s inverse probability of winning the grant lottery, Ticketg?}:% dTg;kgtquject -

And the observation corresponding to a respondent ¢ who did not win a grant is weighted by 7’s inverse

Total Tickets
—Tickets Held by Subject 7 *

grant lotteries are handled similarly. This reweighting assures that the distribution of covariates is
independent across treatment assignment (Austin, 2011). In Figure we plot the distribution of
lottery tickets in the sample.

probability of losing the lottery, o Tawes Observations from groups with two

Table presents results from estimating Specification We find that the grant had a large
positive effect on household income and total household profits. On average, households that win
grants report an extra Rs.566.5 [SE=405.6] in household income and an extra Rs.683.4 [SE=319.1]
in total household profits over households that were not awarded grants. These gains in household
income and profits represent very high marginal returns to the grant: point estimates suggest that
on average, households earn returns of 9.5% — 11.4% per month@ These estimates are in line with

average returns estimated from cash grants in other settings: [de Mel et al.| (2008) find marginal returns

26The results remain nearly identical whether we log-transform the trimmed or untrimmed income and profits distri-
butions. But because we use the log of the untrimmed distribution, the number of observations in the log specification
is larger.

2"We collected four rounds of follow-up data. We exclude the fourth round of data due to a financial shock that
occurred right before our final round of data collection - the Indian government removed Rs.1000 and Rs.500 bills from
circulation, causing a major economic shock. We discuss this further in Section [£.2.1 and show that results are slightly
noisier if we include this final survey round in the analysis.

28We arrive at this number by dividing the marginal increase in monthly income and profits by the size of the grant
(Rs.6000).
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of 7.6% per month in response to a USD 100 grant and Fafchamps et al.| (2014)) find marginal returns
of 9.7% per month in response to a USD 120 grant.

4.2 Can Communities Predict Entrepreneurs’ Marginal Returns To Capital?

In this section our measure of community knowledge is entrepreneurs’ average marginal returns
rank. We collected these rankings both using relative rankings (how entrepreneurs compare to their
peers within the group) and quintile rankings (how entrepreneurs compare to the broader community).
In this section we utilize the quintile ranking responses, though the results are similar using the relative
rankings. We discuss this further in Section [£.2.1]

An entrepreneur’s average marginal returns rank is the mean of all the ranks assigned to her by
her group members. Since group members are in full agreement about an entrepreneur’s rank in fewer
than 15% of cases, the distribution of average marginal return rank values is relatively smooth. We

plot the distribution of average rank, which takes on values between one and five, in Figure

Figure 1: Distribution of the Average Marginal Returns Rank
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Notes: This figure plots the distribution of the average marginal return quintile rank (non-zero sum rank). The average
marginal return rank is the mean of every rank assigned to person ¢ by all of her peers in her group.

In Figure [2] we plot kernel-weighted local polynomial regressions of log profits at follow-up by
treatment assignment. The solid line plots a local polynomial regression of log profits on average
marginal returns rank percentile (quintile ranks) for grant losersﬁ The dashed line plots a local
polynomial regression of log profits on average marginal returns rank percentile (quintile ranks) for
grant winners. The points in Figure [2 represent the average profits for grant winners and for grant

losers at each two percentiles of the average marginal return ranks distribution.

We find that the distance between the two lines—in other words, entrepreneurs’ marginal re-
turn to the grant—is increasing in the community’s average ranking. An entrepreneur’s marginal

returns rank is strongly correlated with her increase in realized profits in response to the grant: for

29The average marginal returns rank percentile is the percentile of the average marginal returns rank distribution
shown in Figure [T}
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entrepreneurs in ranked in the bottom two thirds of the ranks distribution, post-grant profits for win-
ners and losers are statistically indistinguishable. But for entrepreneurs in the top third of the ranks
distribution, the distance between treatment and control profits increases with marginal returns rank.
In Figure (3] we replicate Figure [2| with baseline profits and show that differences in marginal returns

to the grant are not driven by baseline differences in profits.

Figure 2: Marginal Returns to the Grant by Percentile of the Average Community Ranks
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This figure plots two kernel-weighted local polynomial regressions of log profits on the marginal returns rank percentile,
estimated separately for respondents who won and respondents who did not win grants. Log profits is the average of
the log value of profits in the post grant disbursal periods. The marginal returns rank percentile is the percentile of the
average rank assigned to person i by all of her peers in her group (excluding the self-rank). 90% confidence bands are
shown. We additionally add a scatter plot of the data used to produce the local polynomial regression. Note that the
scatter plot does not depict all of the data points used to produce the regressions. In order to make the figure readable,
each point in the figure represents the average log profits for all of the entrepreneurs in the corresponding two marginal
returns rank percentiles. So there is one point for every two marginal returns rank percentile for grant winners and grant
losers.

Figure [2| presents a joint confirmation of two hypotheses: that there is meaningful ex-ante varia-
tion among entrepreneurs in terms of their expected marginal return to capital, and that community
members are able to accurately identify the ordering of their peers’ heterogeneous returns ex-ante. To

quantify the size of these effects, we use a difference-in-differences specification and estimate of the
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relationship between community ranks and marginal returns to the grant. We extend the model from

Specification [3] to incorporate peer ranks:

}/ijt = ag + oy Winner; + aoWinner; X Rcmk:ij + ¢; + 0 + 0y + 75 + €ijt- (4)

where Rank;; = > 7, % * Rank;y;, n is the total number of group members in group j and Rank;;
is the rank that person k in group j assigns to person i (also in group j). So Rank;; is the average
marginal returns rank assigned to person ¢ by the members of group j. The coefficient a identifies the
average additional marginal return to capital associated with a one unit increase in marginal return
rank. The difference-in-differences specification estimates as for a model in which marginal return
increases linearly in the value of average rank. In our baseline specification we include all community
reports in mij, excluding the report of person i herself. We discuss how results are affected when
we include an entrepreneur’s report about herself in Section Motivated by the non-parametric
estimates in Figure 2] we also estimate a non-linear model in which the ranks distribution is divided
into terciles and rank tercile is interacted (as above) with Winner;. In Table we show that the

sample is balanced across rank terciles and grant treatment groups at baseline.

Table [2| shows results of the difference-in-differences estimation of respondents’ ability to predict
true marginal returns to capital. Outcome variables are household income and total household profits,
measured in levels and logs. Odd columns follow Specification [4] while even columns also include a
vector of interaction terms between Winner;; and each of the control variables in Table (the
uninteracted controls are subsumed in the person fixed effect ¢;). Therefore, even columns can be
understood as measuring the value of community information in identifying high-growth entrepreneurs

over and above the predictive value of observable baseline characteristics.

For the linear-in-rank version of the estimation (Panel A), the coefficient ay is large, positive,
and significant at least at the 5% level across seven of the eight columns. An extra unit of average
rank is associated with increases in profits and income of between Rs.593.2 [SE=235.0] and Rs.1,275.6
[SE=459.3] per month, respectively. These amounts translate to increases in monthly returns to the
grant of between 9.9 and 21.3 percentage points. Average marginal return to capital in the sample
is between 9.5% and 11.4% per month and an entrepreneur ranked one standard deviation above
the mean has monthly marginal return to capital between 18.7% and 24.7% (the mean and standard
deviation of the marginal return rank are 3.34 and 0.73, respectively). For an entrepreneur ranked two

standard deviations above the mean, monthly returns to capital are between 26.2% and 40.4%.

Panel B in Table 2] shows results from the non-linear, tercile rank version of the difference-in-
differences estimation. Consistent with results from the local polynomial regressions in Figure [2| we
cannot reject that the entrepreneurs in the bottom tercile of the marginal returns rank distribution
have zero returns to the grant. Also consistent with Figure [2] while the coefficients for the middle
tercile are typically somewhat larger than those for the bottom tercile, they are never statistically

signiﬁcantm The strongest treatment effects of the grant are concentrated among entrepreneurs in

39Mechanically, since the middle tercile is fixed, the difference between the level and log results occurs because there
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the top tercile of the average rank distribution: depending on whether we use household income or
profits, the coefficients on Winner;; x T'op Tercile;; imply that monthly returns to the grant for the top
tercile range from 24.3% to 30.2%. We can reject that the grant has the same effect for entrepreneurs

in the middle and top tercile.

Comparing the odd columns to the even columns in Panel A, we see that the estimates of ag are
quite stable with respect to the inclusion of controls for observable characteristics, and their interaction
with Winner;. The same is true for the coefficients on Winner;; interacted with tercile of rank in
Panel B. This suggests that community information is non-redundant with what can be inferred from
observables regarding an entrepreneurs marginal return to capital. We further discuss the value of

observables in identifying high-growth entrepreneurs in Section 4.4}

These estimates indicate that the community has high quality information about which en-
trepreneurs can use a cash grant to grow their businesses. This could reflect knowledge that com-
munity members have about which entrepreneurs are the most talented. Or, this could reflect that
entrepreneurs face heterogeneous credit constraints and that the community can identify which en-
trepreneurs are the most constrained. In either case, lending institutions or other organizations aiming
to target capital to entrepreneurs with productive opportunities would have good reason to leverage

community information.

4.2.1 Robustness Checks and Extensions

Evaluation of Community Information Using Cross-Sectional Variation Regression Specifi-
cation [ identifies the treatment effect of the grant off of the within-person differences in profits and
income in the pre- and post- grant disbursal periods for grant winners and losers. As a robustness
check, we also present results using an alternative specification in which the treatment effects are
identified by comparing the cross-sectional differences between treatment and control groups in the
post-grant disbursal periods, controlling for the baseline value of the outcome characteristic. The

specification is:
Yijt = Bo + BiWinnerijc + BoWinnerije x Rankije + B3YijpRE + Y¥r + Om + Ts + 6t + €5t (5)

where Yj;; are post-treatment outcomes (so t ranges from 1 to 3 rather than 0 to 3 as in Specification
and }_Q-j pRE is the pre-treatment (time 0) value of the outcomes. -, is a randomization stratum
fixed effect, 6, is a survey month fixed effect, 75 is a surveyor fixed effect, and ¢; is a survey round
fixed effect. Standard errors are clustered at the group level. We present the analogue of the average
marginal returns (Table using Specification |5 in Table and the analogue of Table [2| in Table
(A6l

Comparing Tables [2{and we see that the point estimates in the linear specification (Panel A)
of Table [Af] are somewhat smaller than those in Table 2] In Panel B, the coefficient on Top Tercile
Rank is somewhat smaller in Table [A6l than in Table 2 and the reverse is true for Middle Tercile

are some extreme right-tail observations in the distribution of income and profits for the middle tercile ranks. The weight
of these outliers in the regression is diminished when the distributions are log-transformed.

18



Rank. Nevertheless, our estimates using cross sectional variation continue to suggest that community
information is quite valuable. For instance, using our estimate of the coefficient on Top Tercile Rank
from Column 1 of Table [A6] we see that community members predicted to be in the top third of the
marginal returns distribution are estimated to have an average marginal return to capital of about
23% per month.

Utilizing Fewer Reports Thus far in the analysis we have utilized the full set of peer reports in
each group (excluding the self rank). However, in settings where it is costly to collect additional
reports it may be useful to gauge the marginal value of each incremental report (e.g. DellaVigna
and Pope, 2018). Table reports Specification {4| estimated for each of 1, 2, 3, and 4 community
reports@ The point estimate of the value of community information grows between Rs. 131 and Rs.
242 with each additional report, and each of estimates corresponding to the value of 1, 2, and 3 report
is statistically distinguishable from that of 4 reports. We find no evidence of diminishing returns to

collecting additional reports up to 4.

Self Rank versus Community Ranks Throughout the analysis so far, our measure of respondents’
average rank excludes how they ranked themselves. The impact of including respondents’ self rank
on community rank accuracy is ex-ante ambiguous. We might expect entrepreneurs to have better
knowledge about themselves than they have about others. But respondents may also be more likely

to strategically misreport in favor of themselves than when reporting about others.

Figure replicates Figure [2 but uses the average marginal return rank percentile that includes
the self-rank. In Table [A8] we replicate the results of Table [2] including the self-rank in our measure
of average rank. Consistent with Figure we find that results are very similar to those presented in
Table Comparing Panel A of the two tables we see that adding self-rank to the linear specification
slightly diminishes the point estimate of the value of community information, though not statistically
significantly so. The estimates in Panel B of the two tables are very similar, and in comparing them
no clear pattern emerges. Therefore adding self-rank to the measure of community information does
not seem to significantly improve the predictive power of community reports. This stands in contrast
to the previous section, in which we established that adding additional community members to the

average report did significantly improve its predictive power.

Overall, using estimates from Column 1 in Panel B, community members in the top third of the

marginal returns distribution have an estimated 32.0% returns per month.

Quintile versus Relative Ranks We collected both zero-sum and quintile community ranks; Section
[2.1] contains a more detailed discussion of the two ranking methods. All analysis presented thus far
in this section uses the (averaged) quintile community rankings. In Table we present the analogue

of Table [2] using the zero-sum rankings.

31'We limit the analysis to reports made in groups of 5 respondents.

32T gauge the predictive value of self-rank judged against a single other randomly selected report about the same
respondent, Figure [AG] replicates Figure 2| where profits are plotted against either self rank or one randomly chosen
group member’s rank.
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The community reports elicited using zero-sum rankings are somewhat less informative than
those elicited using quintile rankings. For instance the point estimates in Panel A of Table [AJ] are
smaller than those in Table[2l In Panel B of Table [A9| the coefficient on Top Tercile Rank is smaller
that of Table @ and the reverse is true for the coefficient on Middle Tercile Rank. However the
community report elicited through zero-sum rankings is still quite informative. For instance, drawing
on the estimates in Table [A9] Column 1, Panel B, we see that those reported to be in the top tercile

are estimated to enjoy an average marginal return to capital of 23.9% per month.

That community reports elicited using relative rankings are somewhat less informative than
those elicited using quintile rankings might reflect that there are meaningful differences between en-
trepreneurs across groups (recall groups were selected so that members were geographically proximate
to one another). Quintile rankings allow entrepreneurs to rank one another relative to the commu-
nity at large rather than relative only to one another, and so may be preferred when attributes are

correlated within members of the same group.

Other Measures of Community Information Our primary measure of community information
is the mean ranking assigned to a respondent by her group, but in principle there are many ways
to summarize the information contained in community reports. Table replicates Table |2 using
the median community ranking rather than the mean. While the median community ranking is still
predictive, it appears to be marginally weaker than the mean community ranking. Comparing the
estimates in Panel A of Table 2] and Table [AT0] we see that those in the latter are smaller, and
similarly for the coefficients on Top Tercile Rank. Once again, however, the median community rank
is still a strong predictor of marginal return to capital. Utilizing the estimate in Table Column
1, Panel B we see that those reported to be in the top tercile of median rankings enjoy an estimated

average marginal return to capital of 22.8% per month.

Next we explore whether community reports with more agreement are more informative. Specif-
ically, we augment Specification [4] by including an interaction between the standard deviation of the
community rank and its mean. The results, reported in Table do not provide strong evidence
that the standard deviation of community ranking contains useful information over and above the

mean, but the estimates are imprecisely estimated.

Individual versus Household-Level Profits Following |Bernhardt et al. (2019), our primary esti-
mates utilize household income and profits, pooled across all sources within the household. In Table
we present the results at the level of the client who was ranked by her peers. Point estimates and
standard errors remain nearly identical, likely because 90% of households in our sample only operate

one business.

Accounting for the value of the entrepreneur’s labor Our measure of enterprise profits accounts
for wages to paid employees but does not account for unpaid labor, and in particular does not account
for the entrepreneurs’ labor. In Table we present our main results for a measure of profits that
attempts to account for the value of the entrepreneurs’ labor. The details of how this measure is
constructed are presented in Appendix [D} Comparing the estimates in Table [AT3] to those in Table [2]
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we see that once we account for labor, the value of community information diminishes, though it is
still quite predictive. Utilizing the estimate in Column 1, Panel B we see that those reported to be in
the top tercile of rankings enjoy an estimated average marginal return to capital of 23.1% per month.
The diminished marginal return to capital for entrepreneurs predicted to be at the top in part reflects

that these entrepreneurs also experienced the largest increase in their labor hours, as we will discuss
in Section £.3]

Demonetization The month before we began our fifth (last) round of data collection, the Indian
government removed from circulation two currency notes—the Rs.1,000 and Rs.500 bills—overnight.
The result was a tremendous shock to the formal and informal economy. As|[Chodorow-Reich et al.
(2020)) report, traders experienced a 20% drop in sales due to demonetization. In fact, in the last
round of surveying, over 50% of our sample reported being adversely affected by demonetization. For
this reason, we exclude the post-demonetization wave of data from the analysis presented in the main
tables. We replicate Table [2] with all five data rounds in Table The results are qualitatively
similar but marginally noisier in a few specifications. Using the estimate in Column 1 of Panel B,
those reported to be in the top tercile of rankings have an average marginal return to capital of 23.8%

per month.

Value of Information in Groups of 5 Members Only The groups in our sample vary between 4
and 6 members, though 87% of the groups have 5 members (see Figure . The interpretation of an
entrepreneur’s relative rank (though not quintile rank) depends on the size of her group. To ensure
that none of our results are unduly influenced by including groups of varying size, in Table we
re-estimate Specification [4| restricting the sample to groups of only 5 members. The results are very
similar, both qualitatively and quantitatively. For example, the average marginal return for the top
tercile is 31.8% (Column 1, Panel B).

4.3 Who are the Top-Ranked Entrepreneurs and How do They Invest Their
Grant?

In this section, we explore whether differences in entrepreneurs’ characteristics and investment

decisions can help explain the large gaps in returns that we observe.

Entrepreneurs’ Investment Decisions in Response to the Grant. In Table we limit the
sample to grant winners and examine the relationship between self-reported grant investment decisions
and marginal returns rank. Highly ranked entrepreneurs who won the grant report spending more of
it on inventory and less of it on household expenditures, relative to lower ranked entrepreneurs who
won the grant. Highly ranked entrepreneurs also appear to spend more of their grant on equipment,
and to add more of their own money to business expenditures to complement the grant, though these
differences are not statistically significant. While important differences in self reported expenditures
are evident, since money is fungible the observed effects might simply be due to mental accounting

(see Karlan et al. (2016) for evidence and implications).

To investigate whether grant investments translate to real increases in business inputs, we use

regression Specification [4 to compare inventories, business assets, and labor outcomes of grant winners
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and losers. Results are shown in Table We find that the grant induces top and middle ranked
entrepreneurs to accumulate higher capital stocks: relative to grant winners in the bottom tercile,
top tercile grant winners report an extra Rs.4,352.5 [SE=2681.6] worth of inventory and an extra
Rs.17,644.1 [SE=8,081.6] of durable assets. The treatment increases the capital stock (inventory plus
durable assets) of top tercile winners by approximately 199% of the grant amount. This treatment

effect is within the confidence bound of increases in capital stock found in |de Mel et al.| (2008).

The grant also induces increases in an entrepreneurs’ own labor, which may therefore be a
complement to capital. In columns 3 and 4, we show that grant winners in the top tercile spend an
extra 9.9 [SE=3.0] hours per week and an extra 4.6 [SE=1.3] days per month working when compared
to their untreated counterparts. [ﬁ The treatment has little or no discernible impact on the amount

of household and non-household labor employed by top ranked enterprises.

Demographic Characteristics of Top-Ranked Entrepreneurs. In Table we compare
baseline characteristics of households and entrepreneurs in all three terciles of the marginal returns
ranks distribution. In column 1, we present the mean of each characteristic for the bottom tercile

group. We then estimate the following model:
Yije = Bo + pr(Middle Tercile);jc + Ba(Top Tercile)ije + vr + Om + Ts + € (6)

In columns 2 and 3, we present the coefficients from regressions of each baseline characteristic on
whether the respondent is ranked in the middle (f1) or top (f2) terciles, respectively. Coefficients
can be interpreted as the difference in each characteristic associated with being in one of the upper

terciles relative to being in the bottom tercile.

When compared to bottom-ranked entrepreneurs, top-ranked entrepreneurs are 11 percentage
points more likely to be male, have an extra 2 years of education, and are 1.6 years younger. They also
remember an average of 0.59 digits more in the digit span memory test. We asked business owners how
much a salaried job would have to pay per month in order for them to exit self-employment. Top ranked
entrepreneurs report that they would require 23.3% higher monthly wages to leave their businesses.
Households with a top-ranked entrepreneur look similar in terms of demographics, although top ranked
households are slightly less likely to have a household member who is a daily wage worker. They have
the same total number of businesses as households in the lower terciles. But these households have
enterprises that are 36.0% larger in terms of assets and earn 50.5% higher profits per month. They also
earn 14.1% higher monthly income. For the most part, entrepreneurs in the middle tercile have baseline

characteristic means that lie between the means of the bottom and top ranked entrepreneurs.

4.4 Benchmarking the Value of Community Information Against Observables

We showed in the previous section that top-ranked entrepreneurs differ from low-ranked en-
trepreneurs across several observable demographic characteristics. These findings raise the question:
are community members simply using observable information to rank one another? Our analysis from
Section suggests not. Specifically, recall that in Table 2 the estimates of the value of community

33See Table for estimates of equation 4| with a measure of profits that accounts for the entrepreneurs’ labor.
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information were stable with respect to the inclusion of a wide range of baseline demographic and busi-
ness controls and their interaction with Winner;;. In Table [AT8 we further control for psychometric
characteristics and their interaction with Winner; (Klinger et al., 2013)), and once again find that the
estimates of the value of community information are stable to their inclusion@ This indicates that
the information contained in the community reports is not largely overlapping with the information
contained in baseline demographic and business characteristics with regards to predicting marginal
return to capital. In this section we go one step further and compare the predictive power of each

source of information.

To form a prediction of marginal return to capital based on observable characteristics, we estimate

the following model:

Yijt = ag + acqWinnery + aaWinnery X X; + ¢; + 04 + Oy + 75 + €45t (7)

where X is a vector of baseline characteristics for respondent ¢, and the rest of the variables are
defined as above (note that the respondent fixed effect ¢; subsumes the uninteracted control vector
X;). To ensure the model is not overfit to the idiosyncratic features of our sample, the model is
estimated using double-lasso (Belloni et al., 2014), where the universe of potential characteristics
included in Xj; is all of those listed in Table We use the resulting model, combined with the vector

X, for each respondent, to form a prediction of each respondent’s marginal return to capital based on
Obs

observables. We denote each respondent #’s predicted marginal return by M R, .

For comparability with our estimates of the value of community information, we then divide
~__Ob
respondents into terciles based on their M R, °. We then replicate the analysis presented Panel B of
Table [2| with our prediction based on observables. Specifically we estimate

3
Yijt = ag+ »_ ayWinnery x Tercileéj + @i + ¢ + Oy + Ts + €45t (8)
t=1

where Tercileﬁ-j is a dummy indicating whether respondent ¢ in group j falls into the I’th tercile
based on the prediction from observables and the rest of the variables are defined as above. The results
are presented in the odd columns of Table[d] The point estimates indicate that observables are useful
for predicting marginal return to capital, though the coefficient on Top Tercile is only significant for
the profits outcome variable. Comparing these estimates to those in Panel B of Table [2| suggests that
observables are about as informative as community rank; community rank appears to be a better

predictor of income while observables perform better at predicting profits.

31Regressors are labeled according to the psychological trait for which they are meant to proxy (the specific wording of
the statement is found in Appendix @ There are two traits that are strongly predictive of marginal returns: optimism
and achievement. We find that optimism negatively predicts marginal returns: business owners who are more likely
to agree with the statements “In times of uncertainty I expect the best” and “I'm always optimistic about the future”
and those who are more likely to disagree with “If something can go wrong with me, it will” have lower self-reported
marginal returns. People who agree with the statement “Part of my enjoyment in doing things is improving my past
performance” tend to have higher marginal returns.
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Next we investigate how much value community ranks add over and above observables in predict-
ing marginal return to capital. Therefore we repeat the exercise above, now reestimating Equation [7],
but where X; includes not only the observable characteristics listed in Table but also community
rank. We then form a prediction of each respondent’s marginal return to capital based on observ-
ables and the community ranking, divide respondents into terciles and then reestimate the model in
Specification [8]

The result is presented in the even columns of Table 4l For all outcome variables, the prediction
based on both observables and community information is stronger than the corresponding prediction
based only on observables. With the exception of column 5 versus column 6, entrepreneurs that fall in
the top tercile of the prediction based on both sources of information have significantly higher marginal
return to capital than those who fall in the top tercile of the prediction based on observables alone.
For instance, looking at column 1, entrepreneurs who fall in the top tercile of the prediction based on
observables alone enjoy a marginal return to capital of 13.6% per month. The corresponding estimate
for entrepreneurs who fall in the top tercile of the prediction based on observables and community
ranks is 38% per month (and from column 1 of Panel B of Table 2| we see that the corresponding
estimate based on community information alone is 30% per month). Therefore, even if a policy maker
had access to the wide array of observable characteristics listed in Table community information

would remain valuable.

4.5 Do Peers Distort Their Responses When There Are Real Stakes?

The analysis in the previous sections has shown that communities are well informed about mem-
bers’ marginal returns to capital. But to be of practical use, community members need to report
their opinions truthfully. In this section, we quantify whether and by how much community members

distort their reports in high stakes settings.

The analyses in this section examine the relationship between community reports and entrepreneurs’
business characteristics; income, assets, and profits. As explained in Section we did not randomize
the Stakes and No Stakes treatments until after the marginal returns ranking was completed due to
power considerations. As a result, we cannot include predictions about marginal return to capital in

our analyses of incentives.

In order to assess whether and how peers lie when there is incentive to strategically misreport,
half of our sample was informed that their rankings would affect the probability that their peers (or
themselves) would win the USD 100 grant (this is the Stakes group). Respondents in the No Stakes
group continued to believe that their ranking responses would only be used for research purposes.
We assess strategic misreporting in Table [5| by amending Specification [2| to compare accuracy in the

Stakes and No Stakes groups:

Yijqg = ao + a1 Rank;jq + coStakes; + agStakes; x Rank;jq + v + Om + Ts + 0 + €ijmg (9)

The model includes the following fixed effects: randomization stratum (+,), survey month (6,,), and
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surveyor (7). Standard errors are clustered at the group level. «; captures the accuracy of the report
in the control group (NoStakes). «s indicates the extent to which the rankings are differentially
informative when respondents are told their reports will be used to help determine grant allocationﬂ
@ To increase power, we stack the percentilized outcomes and ranks across the first 3 columns
presented in Panel A of Table (1) and add a question fixed effect (J,) to the regression model@ The
outcomes and rank variables are percentilized to allow for comparability across questions. Our measure
of Rank;j, excludes self-rank; the analogue including self-rank is presented in Table

Respondents may have idiosyncratic preferences for misreporting about certain peers in their
group and may otherwise make idiosyncratic errors. One way to reduce noise is to average across all
reports given about a particular group member. So in columns 1-3 of Table [5, we show the regressions
at the ranker-rankee level of observation (Rankijmq) and column 4-6 are the regressions with the
average rank (Rank;j,). We observe that the average predictiveness of ranks in the (No Stakes)
group increases significantly when reports are averaged: in column 1, a 1 percentile increase in the
rank distribution is associated with a 0.16 [SE=0.02] shift in the outcome distribution in the individual

regressions and a 0.24 [SE=0.03] shift in the average regression (column 4).

Do respondents misreport in the high stakes settings? We find that the coefficient on Rank x
Stakes is large, negative, and significant. We note that this was not ex-ante clear: the Stakes
treatment may have had a positive effect since introducing stakes may have caused respondents to focus
or take the exercise more seriously. The regression implies that responses are significantly less accurate
when respondents have an incentive to behave strategically: in the pooled individual regression in
column 1, the responses become 34.1% less accurate in the Stakes group. The effect persists even
when averaging reports; in column 4, the averaged responses become 29.9% less informative in the

States group.

Lastly, we asked respondents to rank their peers relative to others in the group (zero-sum ranking)
and also relative to the community by reporting the quintile of the neighborhood distribution that
they believe the peer to be in (quintile ranking). We hypothesized that quintile ranks could contain
more valuable information about rankings because entrepreneurs are compared to the community
more broadly than only the group. But they could also be more susceptible to misreporting: unlike
with zero-sum ranks, respondents could, for example, place all of their peers in the top quintile of the

distribution indicating that everyone is equally excellent.

To compare these two elicitation methods, in columns 2-3 and 5-6, we show the results by
separately stacking zero-sum and quintile rankings. In all four columns, the outcome variable is the
same (percentile of Y;;,). What changes is the method of reporting. In columns 2 and 5, the regressor

is the percentile in the (individual or average) quintile rank distribution. In columns 3 and 6, the

35To reduce clutter in the regression tables, we have omitted the Stakes coefficient from the regression report as it
does not contain information relevant for the interpretation of results, but rather simply adjusts the constant.

36In this section, we pool across the Public and Payments treatments.

3"We did not randomize incentives or stakes for questions in columns 4-6.
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regressor is the percentile in the (individual or average) zero-sum rank distribution@ The coefficients
on Rank in the individual (columns 2 and 3) and the average regressions (columns 5 and 6) are very
similar, implying that in the absence of high-stakes, the value of information from relative and quintile
ranks is very similar. We also cannot reject that respondents misreport by the same amount in either

type reporting method.
Overall, we find that in the presence of real stakes, misreporting is an important problem.

4.6 Can Mechanism Design Tools Improve the Accuracy of Reports?

Monetary Incentives and Public Reporting. Can we use tools from mechanism design to gen-
erate incentives for truthful reporting? And, are these tools effective even in high-stakes settings?
We test the efficacy of two tools: payments for the accuracy of reports and reporting in public versus
private@ Because we cross randomized the Public, Payments and Stakes treatments, there are eight
treatment combinations in which we can evaluate the accuracy of reports. The average accuracy of
reports in each treatment cell is depicted in Figure [l In Table [0 we provide quantitative evidence of
the Public and Payments treatments on the accuracy of reports. Again, following Specification [2| we

estimate,

Yijig =m0+ Ulmijq + naPublic; x Rank;jq, + nsPayments; x Rank;jq
+ nyPublic; x Payments; x Rank;jq + nsPublic; + ne Payments; (10)
+ nrPublic; x Payments; + vy + Op + Ts + 0q + €ijmg-

The coefficient 7; identifies the accuracy of reports in groups in which respondents do not receive
incentive payments and report in private. The coefficients on the first three interaction terms identify
the additional accuracy due to reporting (i) in public without monetary payments (12), (ii) in private

with monetary payments (n3), and (iii) in public with monetary payments (174)@

To determine how these tools perform in a high stakes setting, we split results by No Stakes (odd
columns) and Stakes (even columns). We also split the results by whether a respondent is reporting
about herself (columns 1 and 2) or about her peers (columns 3 and 4). We find that community
members are both more accurate and less responsive to incentives for truthfulness when reporting
about themselves. Shifting from the no stakes (column 1) to the high-stakes (column 2) setting
decreases the accuracy of self-reports by 20.5%, although this difference is not statistically significant.
Moreover, neither payments for truthfulness nor public reporting have any impact on the accuracy of

self-reports. Note, though, that the accuracy of their self-reports (0.16 [SE=0.05] in column 2) in the

38In Table|l| we stacked the zero-sum and quintile ranks by question. So in column 1 of Table |l the outcome variable
is the household income and the regressors are the income quintile and zero-sum ranks, with a fixed effect for ranking
type. Notice that the outcome variable is the same (household income) whether the regressor is a quintile or zero-sum
ranking.

39We discuss the mechanics of our payment rule in Sections and Appendix

40T reduce clutter in the regression tables, we have omitted the coefficients Public;, Payments;, Public; x Payments,
from Table |§| as they do not contain information relevant for the interpretation of results, but rather simply adjust the
intercept.
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high-stakes setting is approximately the same as the accuracy of reports about others in the group in

the private and no payments treatment (0.15 [SE=0.05] in column 3).

When reporting about others, incentives for truthfulness can have a large impact on respondents’
accuracy. First, in the No Stakes setting, the Payments and Public treatments both double the
accuracy of reports (they each lead to increase in accuracy between 0.13 [SE=0.07] and 0.20 [SE=0.08].
The coefficient on the treatment in which respondents receive monetary incentives and report in public
is large and negative (Average Rank x Payments x Public). But, we can reject at the 10% level that
the accuracy of information in this group is the same as in the private reporting and no monetary
incentives group. We therefore interpret the negative coefficient as an indication that monetary

payments and public reporting are substitutes.

In the Stakes setting, we find that the Public treatment no longer has a significant impact on
accuracy. The impact of public reporting on accuracy is ambiguous ex-ante. There may be pressure
for respondents to up-rank their family members, but there may also be pressure from non-family
members and other peers to be truthful. When we introduce stakes, both of these pressures are
intensified. That we find different impacts of observability in the Stakes and No Stakes treatment
might reflect the differing intensities of these two competing forces, or it might reflect a lack of precision
in our estimates. That the Public treatment has no impact in the Stakes setting may cast doubt on

its usefulness as a tool to induce truthfulness in practice.

The monetary payments treatment is still effective when allocation of resources is at stake: when
reports are made in private, the Payments treatment improves accuracy by 0.14 [SE=0.08], which is
an increase in accuracy of over 100%. Once again, the interaction between Payments and Public is
large and negative, which may imply that these are substitutes or may indicate that payments are

less effective in public.

Finally, in Table [A20] we examine the non-interacted impact of the Public treatment and the
Payments treatment. While on average the Public treatment has no effect on accuracy, the Payments
treatment improves accuracy in the Stakes treatment by 0.09 (SE=0.05), though it narrowly misses
statistical significance at traditional levels. On average, the Payments treatment almost entirely

corrects the misreporting attributable to the Stakes treatment.

Our results thus far present a trade-off. Community members are most informed about them-
selves, but their reports about themselves are also unresponsive to incentives for accuracy. In contrast,
when reporting about others, while community members may have lower baseline informationA they
are also more responsive to monetary incentives. Therefore, which of these sources of information is

more valuable may depend on the incentives community members face to distort reports.

How Do Respondents Distort Their Reports? So far we have established that respondents
distort their reports when the distribution of resources is at stake, and that simple mechanisms can
realign incentives for accuracy. Lastly we ask, in whose favor do respondents distort their reports? At

the start of the ranking exercise, we asked respondents to report their relationship with each peer in
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the group. We also asked each respondent to identify each other person’s closest peer in the group. An
entrepreneur’s cross-reported peer is the peer that is most frequently reported as their closest friend

in the group.

To assess whom respondents lie to favor, we analyze how the rankings themselves (not just

accuracy) are affected by proximity between peers. Specifically we estimate

Rankp;jq = no + mCharacteristicy;; + na Public; X Characteristicy;;
+ n3Payments; x Characteristicp;; + naPublic; x Payments; x Characteristicy;; (11)

+ ns Public; + ne Payments; + nyPublic; x Payments; + vp + O + Ts + 0g + €hijmg

where Ranky,;j, is the rank that entrepreneur h assigns to entrepreneur ¢ in group j for question
q, Characteristicy;; is a dummy for the relationship between entrepreneurs h and ¢ in group j, and the
rest of the variables are defined as above. Results are presented in Table[A2I] We see that respondents
up-rank family members and cross-reported peers relative to other peers in the group in the absence
of incentives and in private. But incentives and publicity reduce the average rank assigned to either

of these groups.

To some extent, respondents may also have been distorting their reports to favor poorer members
of their groups. We implemented a regressive policy that targets grants to members of the community
that have the highest income, assets, or profits, and respondents may have attempted to instead target
the grants to those most in need@ It is difficult to test for this explicitly, as there is a mechanical
relationship between the fact that reports are less accurate in the high stakes condition and the fact
that poorer respondents were ranked more highly. In any event, our results that respondents are more
likely to up-rank their family, friends, and cross-reported peers indicates that a desire for redistribution

to the needy cannot account for the full extent of misreporting.

Identifying the Most Informed Community Members Next, we provide suggestive evidence
that the most informed members of the community can be identified ex-ante. Recall, we asked
respondents to name the person who would provide the most accurate reports on average. To assess

whether this exercise was a success, we estimate

Yiikq = Bo+B1Rank;jig+ 2 MostIn formed; i+ B3 Rank; g X MostIn formed; i ~+0q+7r+0m+Ts+€ijqg.
(12)

Observations are at the ranker-rankee-question level and MostInformed;j; is a dummy for
whether a majority of the group selected ranker k as the most informed reporter. To increase power,
we stack the percentilized outcomes and ranks across all of the columns presented in Panel A of Table
and add a question fixed effect (J,) to the regression model. Results are presented in Table
In column 1, pooling across all questions, we see people who are selected provide information that is

40% more accurate than information provided by the standard respondent in the group, though this

“1We note that in settings where lenders or governments want to target the most able entrepreneurs, a regressive
transfer may be justified.
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is not statistically significant at conventional levels.

Finally, we investigate whether entrepreneurs are especially informed about those who are like

themselves. Specifically we estimate

Yiikq = Bo+B1Rank;jre+ B2Characteristic;ji + B3 Rank;jrq X Characteristic;j, +0g+Yr +0m +7s +€ijq
(13)

Characteristic;;j, is a dummy for whether ranker &£ and rankee 7 share a characteristic in common,
and all other features are as in Specification [I2] We restrict attention to outcomes that correspond
to the individual entrepreneur (profits, digit span, and hours worked). Results are presented in Table
Column 1 restricts the sample to male entrepreneurs, and Column 2 restricts attention to
female entrepreneurs. In both columns the characteristic of interest is the ranker’s gender. In the
next three columns we restrict the sample to entrepreneurs from each of the top three industries in
our study — tailors, vegetable vendors, and kirana shops — and the characteristic of interest is whether
the entrepreneurs are in the same industry. While 3 is not statistically significant across any of the
columns, the results suggest that women may have an advantage in ranking women (column 2), while
there is no evidence that men or women have an advantage in ranking men. Further, kirana shop
owners may have an advantage in ranking other kirana shop owners. In other industries we find no

evidence of a within-industry advantage in ranking entrepreneurs.

5 Discussion

We find that community members have information about their peers that is valuable for tar-
geting even after controlling for a wide range of observable characteristics. Not only can community
members identify characteristics of their peers’ enterprises, they can also predict which of their peers
have high returns to capital. But community information is also susceptible to strategic misreporting.
In particular, we identify a tendency for respondents to favor their friends and family members in
their reports. Moreover misreporting is exacerbated when respondents are told that their reports will
influence the distribution of grants. However we also find that a variety of techniques motivated by
mechanism design theory are effective in realigning incentives for truthfulness. Relatively small mon-
etary payments for accuracy and cross reporting techniques both substantially improve the accuracy

of reports.

Is it worth it to invest in collecting community information and providing incentives to respon-
dents? We calibrated the payment rule to pay, on average, Rs.25 per question per respondent. In
total, we paid Rs.17,000 in incentives for the marginal returns question. If a lender were distributing
450 loans (as we did with grants), this would increase the cost on each loan by approximately Rs.40
per month — far less than our estimates of the marginal returns to capital for entrepreneurs who fall

in the top third of community ranks[?]

Our hope is that the peer elicitation method identified in this paper can be useful for targeting

42 A5 it took about 20 minutes to elicit the marginal returns rankings, the associated cost of labor is negligible.
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in poorly developed financial markets in low-income countries, where information asymmetries are
prevalent. Of course there are limits to the extent to which these tools can be immediately adopted
by lenders or governments in such settings. For instance, respondents in our study were not given
time to learn about and adapt to the payment rule. We cannot be certain whether respondents’
predictions about one another’s productivity reflect fixed or time-varying enterprise characteristics.
And even if lenders can identify high-productivity entrepreneurs, lenders may not be able to extract
borrowers’ marginal profits attributable to a loan. These limitations represent fertile areas for future
research. Even so, we expect that the broad conclusions of this study remain useful to interested
parties. Community members are well informed about one another’s marginal return to capital;
incentives to misreport information in favor of friends and family loom large in high-stakes situations;

simple techniques like monetary payments for accuracy are effective at realigning incentives.

The tools developed in this paper may also prove useful in other contexts in which researchers
and policy makers aim to target resources using community information. This may be especially true
when targeting is to be done based on treatment effects rather than observable characteristics, and in

settings where the incentives of community members and policy makers may not be fully aligned.
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