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Abstract

Empirical evidence on peer intermediation lags behind many years of lending practice and a
large body of theory in which lenders use peers to mitigate adverse selection and moral hazard.
Using a simple referral incentive mechanism under individual liability, we develop and imple-
ment a two-stage field experiment that permits separate identification of peer screening and
enforcement effects. We allow for borrower heterogeneity in both ex-ante repayment type and
ex-post susceptibility to social pressure. Our key contribution is how we deal with the interac-
tion between these two sources of asymmetric information. Our method allows us to identify
selection on the likelihood of repayment, selection on the susceptibility to social pressure, and
loan enforcement. We estimate peer effects on loan repayment in our setting, and find no evi-
dence of screening (albeit with an imprecisely estimated zero) and large effects on enforcement.
We then discuss the potential utility and portability of the methodological innovation, for both

science and for practice.

JEL Codes: C93 D12 D14 D82 012 O16

*Bryan: London School of Economics and Innovations for Poverty Action, g.t.bryan@Ilse.ac.uk. Karlan: Yale University,
M.IT. Jameel Poverty Action Lab, Innovations for Poverty Action and NBER, dean karlan@yale.edu. Zinman: Dartmouth
College, M.LT. Jameel Poverty Action Lab, Innovations for Poverty Action and NBER, jzinman@dartmouth.edu. The
authors would like to thank Manfred Kuhn and the employees of Opportunity Finance, Luke Crowley, Jon de Quidt and
seminar participants at Yale, NEUDC, Warwick, Hebrew University, Stanford GSB, Wharton, The NBER summer institute
and The Cambridge conference on consumer credit and bankruptcy. We would also like to thank The Bill and Melinda
Gates Foundation for funding. This paper formed the third chapter of Gharad Bryan'’s dissertation — he would like to
thank The Kauffman Foundation for financial support. All errors are, of course, our own.



1 Introduction

Economic theory assigns credit market failure a central role in explaining poverty and underde-
velopment. Borrowing constraints reduce efficiency, increase inequality and can lead to poverty
traps (Banerjee and Newman, 1993; Galor and Zeira, 1993). Credit rationing also appears to be
empirically important. Making use of experimental or quasi-experimental supply shocks, several
recent papers estimate a large unmet demand for additional credit from consumers, microenter-

prises and small and medium enterprises.!

These studies, coupled with a literature that often
finds high returns to capital (e.g., De Mel et al. 2008), lend credence to policy and programmatic
efforts to relax borrowing constraints.

But how should one go about relaxing borrowing constraints? Information asymmetries, in-
cluding ex-ante selection and ex-post incentive and enforcement problems, are often invoked as
the root causes of borrowing constraints in theory (Stiglitz and Weiss, 1981) and practice (Ar-
menddriz et al. 2010). If this is indeed the case, contracts that alleviate asymmetric information
problems provide a route to greater credit market efficiency.

One popular approach to tackling asymmetric information is based on the presumption that
a borrower’s peers can be harnessed to provide information/screening or enforcement that is
unavailable to (or more costly for) the lender.? Peer-intermediation has been fleshed out over
several hundred years of lending practice and can be seen in a range of guises including credit
cooperatives, credit unions, rotating savings and credit associations, and microlenders such as
the Grameen Bank. Peer intermediation has also been analyzed in a large theoretical literature on
optimal mechanism design in the face of different asymmetric information problems (e.g., Varian
1990, Stiglitz 1990, Banerjee et al. 1994, Besley and Coate 1995, Ghatak 1999, Ghatak and Guinnane
1999, Rai and Sjostrom 2004, and Bond and Rai 2008).

Empirical work on peer contracting has, however, lagged behind both theory and practice.
Yet we need empirical tests of theories not just to inform and build on our theoretical models
of credit markets, but for practical concerns to inform policy. Specifically, with more precise
information on the absolute and relative importance and leverage of screening and enforcement,
one can design better contracts that improve credit market efficiency. For example, if peers are
able to provide high quality screening but weak enforcement, a mechanism that uses joint liability
to select clients for a first loan but then moves to individual liability would harness much of the
screening incentive — 4 la Ghatak (1999) — but minimise the possible negatives of joint liability
lending such as tipping into strategic default (Besley and Coate 1995) and sub-optimal risk-taking
(Fischer 2010 and Giné et al. 2011). But if enforcement is largely responsible for the success of
peer schemes, then the appropriateness of peer mechanisms will decrease as ex-post enforcement
is strengthened through debt collection, legal remedies or better verification of identities.

We formalize and implement a field experiment design that separately identifies peer screen-

For consumers see e.g., Karlan and Zinman (2010) for microenterprises see e.g., Banerjee (2013) and the references
therein, and for SMEs see e.g., Banerjee and Duflo (2004).

2Throughout the paper we use the term enforcement to refer to a set of actions that might include monitoring, peer
pressure, mutual insurance or direct peer assistance.



ing and peer enforcement effects under weaker assumptions than previous work on asymmetric
information. Our key innovations concern the interaction between hidden information and hid-
den action. Our framework allows borrowers to differ both with respect to their ability to repay
(their repayment type) and their susceptibility to social pressure (their malleability type). Hetero-
geneity with respect to malleability raises the possibility of selection on malleability — that peers
select based on their ability to enforce repayment — as well as the possibility that repayment type
is correlated with malleability type. We show that these issues complicate the identification of
selection on repayment type — the type of selection usually associated with peer mechanisms fol-
lowing Ghatak (1999) — but that our experimental design overcomes these difficulties. The possi-
bility that estimates of the extent of hidden information (that can be remedied by peer screening)
depend on the extent of hidden action effects (that can be remedied by enforcement) occurs in
many contract design settings. Relative to other papers that have attempted to separate selection
and enforcement in a variety of settings (e.g. Karlan and Zinman 2009 and Einav et al. 2013)
our experimental design allows us to identify selection without having to assume a zero corre-
lation between ex-ante type and ex-post responsiveness to incentives. Estimates of the extent of
selection on malleability are also important for contract design. Positive selection on malleability
implies that the success of peer enforcement will depend on the amount of selection induced by
the contract. Further, under some reasonable assumptions, selection on repayment type and se-
lection on malleability will be substitutes, opening up the possibility that the extent of selection
on repayment type will be determined by the lender’s choice of enforcement technology.

Since theory, practice, and empirical work all suggest that information environments and the
effectiveness of different remedies will vary across settings,® our experiment is designed to be
portable: simple, and low-cost, to implement in different settings. The hope is that that this will
allow the experiment to be used to tailor contract design to the specifics of particular markets. We
demonstrate the experiment in one setting in conjunction with Opportunity Finance South Africa
(“Opportunity”), a consumer lender located in Kwazulu Natal and a member of the Opportunity
International microfinance network.

Opportunity offered existing clients a 100 Rand ($12) bonus for referring a new borrower who
met particular criteria for Opportunity’s individual liability loan. Opportunity first randomly di-
vided referrers into one of two ex-ante (prior to referral being made) incentives: referrers in the
ex-ante approval group were told that they would receive the bonus if the person they referred
was approved for a loan. Referrers in the ex-ante repayment group were told that they would
receive the bonus if the person they referred repaid a loan on time. Referrers in the ex-ante re-
payment treatment had both an ex-ante incentive to refer applicants of good credit quality (both
observable and unobservable to Opportunity), and an ex-post incentive to encourage repayment.
Referrers in the ex-ante approval group only had an incentive to refer someone they thought
would be approved for a loan.

Ex-post (i.e. after the referral had been made), Opportunity randomly surprised some referrers

3E.g., Besley and Coate (1995) predicts that the success of peer lending will depend on the strength of “social collateral”
in the community. For empirical evidence compare Giné and Karlan (2010) with Carpena et al. (2010).



whose referred applications had been approved with an improvement to their bonus contract.*
Half of the referrers with the ex-ante repayment incentive were given their bonuses as soon as the
loan was approved, thus removing the enforcement incentive. Half of referrers given the ex-ante
approval incentive were offered an additional bonus if the referred loan was repaid, thus creating
an enforcement incentive. Thus, within each of the ex-ante groups, half the referrers have an
ex-post repayment incentive and half have an ex-post approval incentive.

The design produces four groups of referrers, each with a different combination of ex-ante and
ex-post incentives, as illustrated in Figure 1. Throughout we denote the ex-ante treatment group
(i.e. what the referrer was promised prior to making the referral) with a lower case letter and the
ex-post treatment group (i.e. what the referrer was given after making the referral) with a capital
letter. So someone in group aR was promised an approval incentive, but also given a repayment
bonus.

In Section 4 we provide a formal model of the referral decision and use it to show how the
design can separate peer enforcement from selection on repayment type and selection on mal-
leability. Intuitively, enforcement is measured by comparing repayment rates in different rows
and selection by comparing repayment rates across columns. But selection on what? Two addi-
tional comparisons permit separate identification of selection on repayment type and selection on
enforcement malleability. First, comparing repayment rates across columns only in the top row
measures selection in the absence of an enforcement incentive. This comparison reveals the extent
of selection on repayment type even if repayment type and malleability are correlated. Second,
the design produces two estimates of the size of the enforcement effect, one with a selection in-
centive (comparing rows conditional on being in the right column) and one without (comparing
rows conditional on being in the left column). Comparing these two estimates gives us a measure
of selection on malleability.

We also show when our experiment can determine whether or not referrers have information
about repayment type. This is a slightly more general question — rather than asking whether the
experiment induced selection, we ask whether the group of referrers has information. (Referrers
might have information but not reveal it if our mechanism was ineffective.) Guided by an exten-
sion to our model (Appendix B), we show in the empirical section that our repayment incentive
induced referrers to substitute away from referring family toward referring friends. If this sub-
stitution increases the cost of making the referral, and selection on malleability is not too strong,
then we can infer that referrers at least attempted to refer high repayment types. If this attempt
was unsuccessful- if we find no evidence of selection on repayment type— we infer that referrers
have a (noisy) belief that they have information about repayment type, but that in practice this
information was already captured by the lender.

Results from our demonstration show strong enforcement effects. By comparing repayment
rates across ex-post incentives holding the ex-ante incentive constant, we find that the small bonus

4Lenders frequently contact borrowers with promotions in this market.
5The lender also contacted those referrers for whom the contract was not changed and reminded them of the existence
of the contract. This was to dampen any attention or signalling effects.



Figure 1: 2 x 2 Experimental Design — Repayment Incentives

Ex-Ante Incentive: Bonus Promised

Approval Repayment
No Enforcement or Screening
Approval |Screening Incentive Incentive
Ex-Post (aA) (rA)
Incentive:
Bonus Screening and
: Enforcement
Given . Enforcement
Repayment Incentive .
(aR) Incentives
(rR)

Bonus given can differ from bonus promised because, after offering the initial bonus ex-ante (prior to the referral), the
lender later calls each referrer ex-post (after the referral is made) and randomly pleasantly surprises those in the aR and
rA cells with a change to their incentives. Incentives refer to repayment incentives. All referrers have an incentive to refer
a friend that will be approved for a loan.

(100 Rand is equal to about 2% of the average referrer’s gross monthly income and 3% of the aver-
age loan size) decreased default from around 20% to 10% in most specifications.® The magnitude
of improvement in repayment performance is far above and beyond what referrers and borrow-
ers could accomplish with side-contracting, and the improvement (and savings in collection costs)
far exceeded the lender’s outlays for bonuses. Indeed, the lender continues to use the repayment
incentive referral post-experiment.”

We do not find strong evidence of selection effects. Comparing repayment rates across ex-
ante incentives, holding the ex-post incentive fixed, we find no evidence that peer selection on
repayment type improved repayment, although this is an imprecise zero. Finally, we are unable to
reject that there is no selection on malleability in our setting, although this is again an imprecisely
estimated zero with confidence intervals that contain economically meaningful selection effects.

We make four main contributions relative to the existing literature. First, our experiment in-
troduces peer influence in a simple individual liability setting where there is limited potential for
complicating strategic interactions.® This makes identification possible under plausibly weaker
assumptions than required in joint liability settings.” Second, we use a two-stage experiment to

The emphasis of this paper is on designing contracts that encourage repayment so that the lender can relax borrowing
constraints. From this perspective the lower default rate is positive. However, it is plausible that overall welfare is
decreased if the social pressure is excessive. So we do not attach a welfare interpretation to any of our results.

"Besides the enforcement effect, another benefit for the lender is that referrers select on observables: referred borrowers
are much more likely to be approved for a loan (55%) than non-referred borrowers (23%).

8See also Klonner and Rai (2010), which finds in a non-experimental setting that co-signers improve repayment per-
formance in “organized” (intermediated) rotating savings and credit associations.

For example, Ahlin and Townsend (2007) identifies selection effects only under the assumption that their model
correctly captures the strategic situation.



identify selection and enforcement separately, in a peer referral environment.!’ The portability
of the experimental design can help build evidence across settings and contexts. Theory predicts
that peer intermediation will have effects that vary with, e.g., the lenders’” ability to screen and
enforce, the social environment and the heterogeneity of returns. Tests using this experimental
design across such settings can help build a robust and empirically-validated theoretical frame-
work. Third, as discussed above, we advance the study of selection on moral hazard by develop-
ing a treatment in which there is no enforcement incentive.l! Fourth, we provide evidence on the
extent of selection and enforcement effects in a particular setting, and highlight the potential for
peer referral contracts to work in practice.

The paper also provides additional evidence on the presence of asymmetric information prob-
lems in developing-country credit markets. Our enforcement results imply the existence of moral
hazard, similar to the results in Karlan and Zinman (2009), Giné et al. (2012), De Janvry et al.
(2010) and Karlan et al. (2012). Our lack of a strong screening result -may- imply that there is little
adverse selection in the market, again similar to findings in the existing literature. However, we
emphasize that there are alternative interpretations for this null result. Our confidence intervals
include economically meaningful selection effects. It could also be that there is in fact selection
on hidden information, but that peers do not have any better access to this hidden information
than the lender.

The remainder of the paper is structured as follows. Section 2 introduces Opportunity and the
South African microloan market. Section 3 provides details of the experiment. Section 4 outlines
a simple model of the referrer’s decision process, highlighting the conditions under which our
experiment separately identifies enforcement and selection. Section 5 provides some summary
statistics and discusses the integrity of the randomization. Section 6 provides our main results.
Section 7 discusses a few alternative explanations of the data and Section 8 concludes.

2 Market and Lender Overview

Our cooperating lender is a new entrant to the South African consumer microloan market. Oppor-
tunity Finance South Africa (Opportunity) is a for-profit, wholly-owned subsidiary of Opportu-
nity International, which has 1.26 million micro-loan customers across 24 different countries. Op-
portunity operates in the state of Kwazulu Natal, South Africa, and expanded from one branch in
Pietermaritzburg to 5 branches across the state during our study period (February 2008 through
July 2009). Opportunity offers small, high-interest, uncollateralised debt with a fixed monthly
repayment amount. Loans made during our study period averaged around 3500R ($US400), with
a modal (mean) duration of 9 (10) months, and a modal (mean) monthly percentage rate of 5%
(4.1%). There is a competitive market for these loans in Kwazulu Natal (see Karlan and Zinman

10Beaman and Magruder (2012) conduct a peer referral experiment in the labor market and use it to show the presence
of selection effects. They do not consider enforcement, nor the equivalent of selection on malleability.

lRecent work by Gunnsteinsson (2012) on crop insurance provides an example of how non-enforcement incentives can
be applied in other product markets.



2010 for a description of a different lender in this market).

Opportunity underwrites applications using a combination of internal and external credit
scores (South Africa has well-functioning credit bureaus). A necessary condition for getting a
loan is a documented, steady, salaried job. The loans are not tied to a specific purpose, but bor-
rowers are asked the purpose of the loan and most report needing the money for paying school
fees for their children, attending/organizing a funeral, or purchasing a durable.

3 The Experiment

From February 2008 through July 2009, Opportunity offered each individual approved for a loan
the opportunity to participate in its new “Refer-A-Friend”program. Individuals could participate
in the program only once. Referrers received a referral card, which they could give to a friend
(the referred).!? The referred earned R40 ($US5) if she brought in the card and was approved
for a loan. The referrer could earn R100 ($US12)!3 for referring someone who was subsequently
approved for and/or repaid a loan, depending on the referrer’s incentive contract.

Opportunity first randomly assigned referrers to one of two ex-ante incentive contracts, cor-
responding to two different referral cards. Referrers given an ex-ante approval incentive would
be paid only if the referred was approved for a loan.!# Referrers given the ex-ante repayment in-
centive would be paid only if the referred successfully repaid a loan.!® Figure 2 shows examples
of the referral cards, the top card was given to referrers in the ex-ante approval group and the
bottom card to those in the ex-ante repayment group.

Among the set of referrers whose referred friends were approved for a loan, Opportunity
randomly selected half to be surprised with an ex-post incentive change.

Among referrers who had been given the ex-ante approval incentive, half were assigned
to receive an additional ex-post repayment incentive.!® Opportunity phoned referrers in the
additional-incentive arm and told them that, in addition to the R100 approval bonus, they would
receive an additional R100 if the referred repaid the loan. Opportunity also phoned the other
half of referrers in the ex-ante approval incentive group- those who did not get the additional ex-
post repayment incentive— with a remninder to pick up their R100 bonus. The phone call did not
provide any new information on the incentive contract to this second arm, but we wanted every

referrer to get a call from Opportunity in case the personalized contact from the lender had some

12Note that each referrer received only one card. Had we given each referrer many cards we could have increased
power for the repayment experiment, but the lack of scarcity of cards to give out would have made it costless to make a
referral and thus removed the possibility of studying selection.

13The bonus for the referrer was initially R60 but was changed to R100 in July 2008 at the request of the lender. The
inclusion of this as a control makes no difference in any of our results.

4Because the bonus was conditional on approval there is the possibility that some referred clients were approved for a
loan and then did not take out a loan. This does not occur in the data.

15Successful repayment was defined as having no money owing on the date of maturity of the loan.

16This treatment design generates an additional difference between the treatment group and those receiving only the
ex-ante incentive: the referrer receives two payments. Each payment is equivalent to a about a days wage. As long as this
does not generate an income effect, it should not affect the interpretation of our results.



Figure 2: Referral Cards

Refer a friend Voucher ._

Friend receives R40 and you receive R60 cash back
If the friend is approved for a loan

VALID FROM: VALID TO:

YOUR NAME:

Friend receives R40 and you receive R60 cash back
If the friend successfully repays a loan

VALID FROM: VALID TO:

YOUR NAME:

effect. Importantly, while opportunity was aware of the assignment to treatment, no change was
made to the intensity of enforcement in response to the incentives, and individual staff members
responsible for enforcement action were not directly aware of the treatment assignment.

Among referrers who had been given the ex-ante repayment incentive, half of the referrers
were assigned to have the ex-post repayment incentive removed. Opportunity phoned referrers
in this arm, told them that they would be paid R100 now instead of conditional on loan repay-
ment, and explained that this was the extent of the referrer’s bonus eligibility (e.g., that the refer-
rer would not receive an additional R100 if the loan was repaid). The other half of referrers who
had been given the ex-ante repayment incentive were assigned to continue with an ex-post re-
payment incentive. Opportunity phoned these referrers with a reminder that they would receive
a bonus if the loan was repaid.

Figure 1 summarizes the randomization and the incentives that the referrers face. Intuitively,
any effect of peer screening can be identified by comparing the arms with and without an ex-ante



repayment incentive, holding constant the ex-post incentive. Similarly, any effect of peer enforce-
ment can be identified by comparing the arms with and without an ex-post repayment incentive,
holding constant the ex-ante incentive. Two additional comparisons permit separate identifica-
tion of selection on repayment type and selection on enforcement malleability. First, comparing
repayment rates across columns only in the top row measures selection in the absence of an en-
forcement incentive. This comparison reveals the extent of selection on repayment type even if
repayment type and malleability are correlated. Second, the design produces two estimates of
the size of the enforcement effect, one with a selection incentive (comparing rows conditional
on being in the right column) and one without (comparing rows conditional on being in the left
column). Comparing these two estimates gives us a measure of selection on malleability.

4 Identification

In this section we provide a stylised model of the referral decision to help clarify the interpretation
of our experiment. We provide the simplest model possible to discuss the interaction between
selection on repayment type, selection on malleability, and enforcement. The purpose is not to
provide new theory or derive new predictions, but rather to formalize what can be identified by
the experimental treatments. In particular, we clarify the assumptions needed to interpret the
experiment as separating out selection and enforcement effects. We outline the basic model in
Section 4.1. Section 4.2 then relates the model to the data collected in the experiment. Section
4.3 interprets the different repayment rates induced by the experiment, giving formal definitions
of selection on repayment type and selection on malleability and then discussing how these are
identified by the experiment. Appendix B analyses the extent to which the experiment allows us
to determine whether referrers have information about their peers’ repayment types, even if the
lender also has this information.

4.1 The Referral Decision

A market consists of N potential borrowers (referreds), each of whom is characterised by four

parameters:
1. 0 € {6%,01}: a repayment type;
2. 0 € {ol,cM}: a malleability type;
3. 7 € {7}, v }: the probability that the individual is approved for a loan; and

4. A € (0, A]: the net cost of recruiting the individual to the referral scheme, including all social
and search costs and/or benefits, but excluding the referral bonus.

We assume that these characteristics are drawn from a population distribution F, and allow for
characteristics to be correlated. In particular, it may be that repayment type is correlated with



Figure 3: Venn Diagram Showing the Distribution of Potential Referreds by Repayment Type (6),
Malleability Type (c), and Approval Type (7)

malleability; we discuss below how this would affect identification. We concentrate on the case
with binary types for ease of exposition.!” Figure 3 provides a simple diagram showing the poten-
tial distribution of repayment, malleability and approval types. It will be helpful in the discussion
below.!®

We assume that referrer j knows the cost of referral )\i]-w and holds beliefs (91-]-,(71-]-, 'Ayl-]-) about
each potential referred i. We further assume that each of these beliefs is binary. So, for example,
0 € {8,6M} with the interpretation that é,»j = 0 implies that referrer j believes potential referred
i to be a high repayment type.

The timing of the referral decision is as follows:

1. Referrer j chooses a referred i and pays a cost A;; (or chooses not to make a referral);
2. The referred is approved for a loan with probability ;;

3. The referrer applies social pressure e to encourage repayment and incurs cost c(e), where ¢

is a strictly convex cost function;

4. The loan is repaid with probability 6; + Uije.zo

17 Allowing for more types does not alter the thrust of the arguments. However, we comment in the text where allowing
for a richer type space would lead to a slightly different interpretation.

18We leave out correlation with A as this is assumed to be continuous and it leads to a very complicated diagram.

9This last assumption seems reasonable given that we assume the cost is paid prior to the referral. Beliefs could be
derived from a more primitive model in which the referrer has a prior belief about types, receives a signal and uses Bayes’
rule to form the beliefs (éij, Gij, Vij)-

04 is potentially specific to the referrer-referred match, and we allow for that in our notation.

10



We assume that {6,051} and {c!?, 0!} are such that the probability of repayment always lies
between zero and one given an optimal effort choice. We could allow for a more complicated
repayment function without altering our discussion. An advantage of the linear form is that o
encodes all the information needed to determine the impact of enforcement effort.

In making the referral decision, a referrer takes into account the possibility that she will exert
pressure on the referred to repay the loan. We therefore consider the decision backward, first
analysing the effort decision and then returning to the referral decision.

Consider first the effort decision. If the referrer is in the ex-ante approval treatment she knows
she will exert no effort. If the referrer is in the ex-ante repayment treatment she foresees choosing
her level of effort to solve

max {Br(0+0¢) —c(e)}

where By is the bonus payment in the repayment treatment. We denote the unique maximiser
e*(¢) which depends on  only through a correlation between ¢ and . For a borrower of type
(6, 0) perceived to be of type (6, &) the repayment probability is 6 + oe* ().
Now consider the referral decision. Given the effort decision discussed above, referrer j in the
ex-ante approval group chooses who to refer by solving
Uj(A) = max {'?iBA - /\ij} ¢))

zEN]

where B4 is the bonus paid in approval treatment. Because the bonus in the ex-ante approval
treatment is expected to arrive earlier in time (immediately after approval) B4 > Bgr. In the
ex-ante repayment group referrer j solves

Uj(R) = max {1 (Br( -+ 2¢"(2)) = e(e” (@) = N . @)
Equation (2) makes clear that the selection decision depends on both the belief about repayment
type and the belief about malleability. Finally, the model is com