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Abstract:

Given the substantial amount of resources currently invested in microcredit programs, it is
more important than ever to accurately assess the extent to which peer monitoring by
borrowers faced with group liability contracts actually reduces moral hazard. We conduct a
field experiment with women about to enter a group loan program in Paraguay and then
gather administrative data on the members’ repayment behavior in the six-month period
following the experiment. In addition to the experiment which is designed to measure
individual propensities to monitor under incentives similar to group liability, we collect a
variety of the other potential correlates of borrowing behavior and repayment. Controlling for
other factors, we find a very strong causal relationship between the monitoring propensity of
one’s loan group and repayment. Our lowest estimate suggests that borrowers in groups with
above median monitoring are 36 percent less likely to have a problem repaying their portion of
the loan. Besides confirming a number of previous results, we also find some evidence that risk
preferences, social preferences, and cognitive skills affect repayment.
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1 Introduction

It is now generally agreed that one of the major impedimenmtslimbing out of poverty in the
developing world is the lack of access to credit. In fact,recoists now expect that even small
amounts of financial capital, if used to start or expand v&stucan ultimately give the poor the
needed boost to achieving lasting economic success. Threonedit vision, developed to a large
extent at the Grameen Bank in Bangladesh, Bank Rakyat imksia, and Banco Sol in Bolivia,
among many other places, has been fine-tuned and implemeresk the developing world (Ar-
mendariz de Aghion and Morduch 2005). Given the populafitjhese microcredit programs and
the large funds currently invested in them, it is vitally ionfant to determine whether group lia-
bility actually attenuates the moral hazard problem. Ireothords,does peer monitoring reduce
the likelihood of default?

For a long time, however, there has been a dearth of soliceeea on whether microcredit
programs actually help borrowers or, for that matter, weetihe loan programs work in accordance
with the incentive structures embedded in the contractthodigh the availability of data on loan
programs has not been a major issue, self-selection infgrgamts has been a significant concern.
As a result, investigators have been forced to make onlydgabstatements about the impact
of specific microcredit programs. To some extent, this mowbbn the verge of being solved,
given new data from a number of recent randomized trials.nk study (Banerjee et al., 2009),
microfinance institutions were opened randomly in half tluens of Hyderabad India and, after
18 months, access to credit appeared to have little effe@tenrcapita expenditures. However,
borrowers’ expenditures on durable goods did increase daséholds with existing businesses,
indicating the fulfillment of expansion plans made possilyiémproved access to credit.

While there has been more work to resolve whether the loagranas work as theory suggests,
many studies suffer from other data limitations. In somehefiost straightforward models (for
example, Stiglitz 1990Besley and Coate 199&rmendariz de Aghion 199%Rai and Sjostrom
2004), microcredit is effective because the moral hazaddaaiverse selection problems faced by
bankers with poor customers are pushed onto groups of berspwrhich also lowers the cost of
lending to individuals. Specifically, if one starts from theemise that credit is not extended to
poor individuals because these borrowers provide no eoHiato assure that they will act pru-
dently once given a loan, then by insisting that each memb&igooup of borrowers will be held
responsible for the loans taken out by the other member&ebsimcentivize each group member
to monitor the activities of their peers and to threatena@anctions (including group expulsion)
in response to observed moral hazard. In other words, pepitoniong, with the threat of social
sanctions, solves the banker’s moral hazard problem. thd@emez and Santor (2008) do find
lower default rates in Canadian group lending programsHamit tlata do not allow them to cleanly



identify whether the effect is driven by peer monitoringentves or by the differential selection of
borrowers who are more likely to repay into the group lengirggram. At the same time, the ran-
domized intervention by Giné and Karlan (2008), which colstfor any possible selection effects,
allows the authors to conclude that Filipino banks need nttdr with group lending programs
because individual loans perform just as well.

To resolve this discrepancy, we are interested in idemiifya causal link between the propen-
sity to monitor one’s peers in a group lending program anddle at which individual members
of the group default. While a literature already exists gidémpts to estimate this link, the re-
sults are not conclusive. One strand of this literature civing perhaps higher in external validity,
measures peer monitoring by proxy, though it does so in bgtoap lending programs. Another
strand, much higher in internal validity, uses laboratoqyeziments to test whether group lending
incentives are strong enough to cultivate peer monitor@wnsidering the first approach, Wydick
(1999) made a valuable early contribution by showing that&umalan loan-group members who
work in closer proximity, on average, to the other membeesmaore likely to insure each other
against negative shocks and have higher repayment rategoM, when group members know
the sales of the other members, insurance is more likely tdfbeed and there are fewer defaults.
More recently, Ahlin and Townsend (2007) studied group iegdn Thailand, where they used
the fraction of the group living in the same village and thenber of members with a relative in
the group as measures of peer monitoring. Their estimathksaite that the bank is less likely to
penalize the group by raising the interest rate if more ofgfwaip lives in the same village and if
there are fewer relatives in the group—the latter resutidp@terpreted as it is potentially harder
to discipline close relatives. Lastly, working in Peru, ar(2007) also shows that the physical
distance between group members affects repayment: therhilgl fraction of the group living
within a 10-minute walk of each other, the less likely the rbens are to be in default at the end
of the loan cyclé-

In the laboratory, the group lending incentives have bepsnlgited to more cleanly identify
the effects of peer monitoring. In addition to the contribntof Abbink, Irlenbusch, and Renner
(2006) who showed how social ties can affect loan performarecselection into loan groups, Ca-
son, Gangadhara, and Maitra (2009) show that group membergiling to monitor each other,
even at a cost, and when the cost that group members incuvas tban the cost to the bank, group
lending is more profitable. More insight is gained when theisabrought to the field. Giné et al.
(forthcoming) set the stage with experiments conducted Pevian large market. They show
how group loan programs can raise repayment rates becaule embedded mutual insurance

10ther valuable contributions to the survey-based liteeatoclude Hermes, Lensink, and Merhteab (2005), Kri-
tikos and Vigenina (2005), Barboza and Barreto (2006), @ratand Zeller (2007) and Feigenberg, Field, and Pande
(2009).



arrangement that allows some borrowers to invest in ridkiérmore rewarding projects. Some-
what surprisingly, working in Vietnam with poor inhabitardf Ho Chi Minh City, Kono (2006)
shows that group lending practices perform worse than icidal loans even when group members
can monitor and penalize each other. In South Africa and ArmeCassar, Crowley, and Wydick
(2007) also simulate the incentives associated with grengdihg and find that experimental mea-
sures of the trust that exists among group members acouratedict experimental repayment
rates.

Despite all this interesting work, the evidence that peenitoong affects real loan repayment
rates is still circumstantial. While informative, the seyvwork relating the physical distance
between group members to loan performance is, at beshdesghiether a potential monitoring cost
predicts repayment rates, which is not the same as linkia@¢h of monitoring to loan outcomes.
At worst, survey measures may proxy for social preferenelevant to repayment (for example,
altruism, trust, or reciprocity) that may have less to ddweionitoring directly. Likewise, although
we learn a lot about the decision to monitor and strategicifault in the lab, ultimately we also
want to know how monitoring affects loan performance in & world.

We add to this work by combining aspects of the two previowsnsis of literature to more
directly test whether peer monitoring predicts loan penfance. Borrowing from the behavioral
literature, we develop an experiment to measure indivigugpensities to monitor one’s peers in
a social dilemma with incentives similar to group lendinge Wen test whether the monitoring
propensities of women about to enter an actual group lengliogram in Paraguay predict loan
performance six months later.

There are many advantages to our approach. First, insteatiyofg on a proxy for the cost of
monitoring, using an experiment in which monitoring is tgstie directly measure the behavioral
propensity of individuals to engage in peer monitoring. @&k because our participants did not
know the exact identity of the people that they chose to noomit the experiment, our measures
of peer monitoring are inherenthat is, these measures could not be conditioned on indiVvidu
characteristics like being a friend or being a bad credk ria this sense our measures are much
less likely to be endogenous. Third, inspired by Karlan 800ve estimate the effect of peer
monitoring on subsequent loan performance. Because wéheaaxperiment before the groups
received their first loan (we collected loan data six monttes ave measured the behavioral data),
simultaneity bias is also less likely to affect our resuétsd we can be more confident that we
are estimating a causal relationship between peer mamit@md repayment rates. Fourth, since
overt default rates tend to be very low in group lending situnes, we follow Wydick (1999) and
use a broader loan performance measure that indicates eviatimot an individual had trouble
making payments over the term of the loan. We are confiderttaratcuracy of this measure,
since it is constructed from administrative data and cregerts from individual interviews. Fifth,



in addition to providing measures of peer monitoring praies, our protocol also allowed us
to gather behavioral measures of time, risk, and sociatpeates that we can also use to predict
repayment problems. Lastly, we collect a large set of cdmthat include standard demographics
and a number of other potential correlates of default (fameple, the number of family members
in the loan group, an objective measure of default risk, ameasure of nonverbal 1Q).

Although we find many interesting results, at this point weu® on the main question that
motivated our research. Our data suggest that there is dicign link between peer monitoring
and group loan performance. Specifically, we find that imtliais in groups populated by inher-
ently “nosy” monitors are approximately 10 percent lessliiko have problems repaying their
loans. Further, our estimates are robust to differencelsarfdrmulation of our peer monitoring
measure and the inclusion of a number of other significantrapdrtant factors. In fact, when the
controls are added, our point estimates increase sulataniihese results suggest that, regardless
of whether or not group lending leads to measurable rechgiio poverty, it is the case that the
groups’ moral hazard is attenuated by peer monitoring.

We proceed by first describing our participants and the leagram in which they participated.
We then describe the design of our peer monitoring expetiraed the methods that we used to
gather our other behavioral measures. Before estimateigthbetween peer monitoring and loan
performance, we first describe how we created the individagicipants’ propensities to monitor
their peers. Considering our results, we begin by focusm@ur main results described above
and then we look at some of the other important factors that@loan performance. In the final
section, we offer a few concluding remarks.

2 Loan Program Details and Participant Characteristics

Our participants are women in a group loan program run by tive&cion Paraguaya de Coop-
eracion y Desarrollo (Paraguayan Foundation for Coopmratnd Development). The Fundacién
is a nonprofit organization headquartered in Asuncion, qRera Its numerous branch offices
throughout the eastern half of the country administer thedBaion’s many programs. The Fun-
dacion’s goal is to empower Paraguay’s low-income citizen$elping them develop entrepre-
neurial skills and by giving them the resources necessaryhfm to apply these skills in their
lives.

Three of its programs are focused on the development of metmeurial skills: (i) a self-
sustaining agricultural high school, (ii) the Junior Acleeent program, which focuses on busi-
ness education in schools, and (iii) a business incubat@mhatelps entrepreneurs learn new busi-
ness techniques. Their fourth program is a microcredit amogcalled “Bancomunal” (that is,
“Community Bank”), which helps give low-income entreprarethe capital that they need to start



and maintain small businesses. As with many microcredigq@ams, this program offers much
lower interest rates than those offered by banks and loatksha

Traditionally, all of the Fundacion’s microloans were madendividuals, and required bor-
rowers to provide some sort of physical capital that coulddieged in lieu of payment. However,
just prior to the start of our project in July, 2005, the Furida began a group loan program that
does not require its participants to offer collateral ineorid secure a loan. In the program, aloan is
made to a group of women that is formed through a mix of recraiitt by the Fundacién and by the
women themselves. When at least 15 (and no more than 20) wioaverbeen identified to form a
group, via group decision making, the women approve eadngiat borrower's membership.

After a group has formed, the members decide on the size db#rethat they will request
from the Fundacién. To determine the total amount, theyutalle an individual loan amount for
each member. This individual amount is primarily deterrdibg how much each woman would
like to borrow, but also by the borrowers’ (and the Funda@ployees’) opinions of how much
each woman can afford to borrow. For their first loan, groupnioers may only request amounts
between 100,000 PGY (about U.S. $17 at the time of our studg)4®0,000 PGY (about U.S.
$67)?

Each group decides whether they would like to make loan pajgveeekly for two months or
biweekly for two or three months, and each group member @oresible for repaying her portion
of the group loan as well as the interest on her own portiore imterest rate charged depends on
the duration of the loan and on the payment frequency (wtiathosen by each group), but all
interest rates are less than 50 percent annually.

Although the group loan program does not employ physicdataal, the Fundacion does use
joint liability and sequential lending mechanisms to helptivate repayment, as do many other
microfinance institutions. Specifically, it requires thiltkeorrowers repay their portion of the
group loan in order for any borrower in the group to receive pha second group loan from the
Fundacién. Thus, the entire group is liable for any defagljroup member’s unmade payments.
If the group does not cover this liability, then it cannotuegt another loan.

After a loan has been completely repaid, there are threelpess-group changes before the
next loan cycle begins: (i) borrowers may voluntarily ledkie group or be expelled by group
decision (ii) borrowers may take a break and choose not to requestrabogstill remain in the
group (this outcome can also be enforced by the graang] (iii) individual borrowers may request
a loan amount that is up to 50 percent higher than their ppevioan. However, it is important
to note that new borrowers cannot join groups after the firske¢ which means that the original
groups remain intact and are only reduced via voluntarywalimtary attrition. Also, if borrowers

2The Paraguayan currency is the guardiné exchange rate at the time was about 1 PGY = U.S. $0.00017. A
conversions in the paper use this rate.



decide to take a break for one (or more) loan(s), they areegiilected to help repay defaulters’
loans if they want to receive loans as part of the group in tieré.

The Bancomunal program participants are all women fromdwet economic strata of Paraguayan
society. However, their characteristics vary widely, as lsa seen in the top two panels of table 1.
The mean age of our participants was 37 years, but the wonmratva age between 17 and 60
years. While a few of our participants had graduated frorh Bichool and even attended college,
well over half (57 percent) had no more than a primary schdatation. Lastly, 60 percent of
our participants were married, although long-term cofadioih without a formal marriage is also
common in Paraguay.

Considering their socio-economic characteristics, 26¢@rof our participants classify them-
selves as the “head of the household.” The minimum montlagnme in the sample is only 100,000
PGY (about U.S. $17), while the maximum is over 6 million PG¥d@ut U.S. $1,020). Median
monthly income in the study is 1.5 million PGY (about U.S. $R3while the legal minimum
monthly salary in Paraguay is about 1 million PGY (about l$570). Given their low average
income, it is no surprise that our participants find it harcséwe substantial amounts. In fact,
while our participants’ mean savings are 24,650 PGY (abo8t $4), more than 80 percent of our
participants report having no savings.

The women participate in a variety of business activitiesugh most are small, entrepreneur-
ial efforts run out of their homes. Some examples of theséuves include food preparation,
delivery, and salesvery small convenience stores/staktsothing production and used clothing
sales. On average, our participants have between sevemngimgears of experience in their busi-
nesses. Although a few women work for wages in an outsidenbasj they are encouraged to
invest their loans in an entrepreneurial effort. The womarigipating in the study all live in two
neighborhoods that are uniformly poor. One is a neighbathmfoAsuncion, Paraguay’s capital
and largest city, while the other is farther away and part sfilsurb of Asuncion. A few partici-
pants already had active loans from other banks, but mostemnomthese neighborhoods had few
formal borrowing opportunities at the time of our study. Mauarticipants also borrow regularly
from loan sharks at very high interest rates, suggestinglieacost of defaulting on the loan from
the Fundacion was high.

3 Designing an Experiment to Measure Peer Monitoring

To better suit our purposes, we refined a social dilemma @rpet that has already been used ex-
tensively in the field. In Carpenter and Seki (2010), Japafissermen participated in a voluntary
contribution experiment in which nonmonetary sanctioresuased to control free-riding. The ex-
periment has also been used in Carpenter, Daniere, andd&kgB004a) and Carpenter, Daniere,



and Takahasi (2004b) to examine the cooperative and samrgibehavior of poor people living in
southeast Asian urban slums. While it is possible to creaasores of individual propensities to
cooperate and punish other group members using this exgpet,inve decided to make one subtle
change that allows us to focus more directly on the decisstomanitor one’s peers. After the
contribution stage, but before punishment was allowedjqgyeants were asked if they wanted to
have access to the contribution decisions of the other mendb¢heir experimental group. If the
participant paid a small fee, she was shown, in random oodanotect anonymity, the contribution
levels of all the participants in her experimental group.lyQhose who paid the monitoring fee
were eligible to socially sanction the other participaBscause monitoring behavior is at the heart
of much of the theory of group lending, in our analysis we ®oa the individual participant’s
decision of whether to view the contribution levels of otparticipants.

In our Paraguayan implementation, over eight sessionsfi8ipants were randomly split into
anonymous groups of four where they stayed for the entireraxent? In all but the first session,
each experimental session lasted eight rodriise detailed instructions for the experiment appear
in the appendix, so here we discuss only the important tggtdi At the beginning of each round,
participants were given fifteen 100 PGY coins as an endowmethtthen asked how many they
would like to contribute to a group project, keeping the daail for themselves. The women
were told that the total amount of group contributions wdagdncreased by 50 percent and then
redistributed evenly to all individuals in the group. Hentlee marginal per capita return from
the public good is 37.5 PGY for each 100 PGY coin contributéde incentives are those of a
standard social dilemma: each coin contributed to the gprafect returns only 0.375 of a coin
to the contributor while the same person also receives (@74l those coins contributed by the
other group members. As a result, one can always earn thebyasintributing nothing but the
socially efficient outcome occurs when all group membersridmrte the maximum amount.

After the contribution stage, each participant was shownghess income for the round and
the group total contribution. At this point participantsre@sked if they wanted to monitor the
rest of the groug. If an individual paid 50 PGY for this privilege, she was shatlie individual
contribution data and then could send messages of disagdgumhappy faces) to other individuals

3Clearly, 58 participants cannot be evenly divided into goof four. Instead of turning away people from our
limited subject pool, we relied on the fact that particigaruld not know who the other members of their group were
and formed groups with shadow members. These randomly ehlebselow members contributed to their own group
but their behavior was also counted in another group to getiatal up to four persons.

4The first session lasted 10 rounds. Because this took lohgardur time allocation, in all subsequent sessions
eight rounds were played. Our analysis uses all the avaitdddia.

SAverage earnings in the experiment were 15,400 PGY, or dbhit$2.60 at the time of the study. Considering
that 18 percent of Paraguayans live on less than U.S. $2 pardhparticipants’ median daily earnings were 50,000
PGY (U.S. $8.50), the incentives appeared to be salient.

6To save time and to eliminate end-game effects, the mongaind punishment ended after round seven. This
was not announced until contributions had been made foridintheround near the end of the experiment.



in the group for an additional 50 PGY per message. Noticeldbahuse the costs of monitoring
and sanctioning are only incurred by the individual monitbese costs should notfinence the
standard free-riding prediction based on egoistic pref@s. Participants who contribute nothing
should not care if their contribution decisions are seepgeeéslly given the anonymity of the
experiment. Further, since punishment via registerecpgieaval by others does not reduce one’s
payoff, it should be ignored.

Despite the incentives not to contribute, as one can sedla 2 the individual participants
contributed an average of 8.4 coins to the group, which isé&6gnt of their endowment. This
fraction is comparable to both previous studies using tkeegmental design and to the related
experiment of Masclet et al. (2003). Despite the costs raal we also see that the probability
of monitoring on any given round was 0.47 and that, while law,average of 0.14 messages of
disapproval are sent per round. In other words, our expetimeplicates a standard feature of the
related laboratory studies: people are willing to pay to ifwwrand sanction other participants.
To get a better sense of the dynamics, figure 1 presents a ¢ines ®f the average experimental
behavior by each round. Unlike standard voluntary contitiougames (see, for example, Ledyard
1995), contributions are relativefiat over time, as is the likelihood that the average partiipail
monitor her peers. Looking closer we see that monitoringsdak off to some extenthowever,
this is probably explained by the fact that contributionsr@ase slightly over time and therefore
there is less reason to monitor other’s behavior. In se&iae use the individual-level data from
this experiment to create monitoring propensity measuresur participants.

4 Gathering Other Behavioral Controls

While the focus of our analysis was on peer monitoring, waddetthat, in order to reduce the
variance in the estimated effects of peer monitoring onyneeant, it would be important to control
for some of the other behavioral reasons why people may ormoayepay their loans. To this
end, along with asking the demographic and socio-econammieyg questions discussed above, we
also had the women participate in four other tasks thatviahbour peer monitoring experiment.
Summary statistics of the responses to these tasks and dHfenrelevant survey questions appear
in the bottom two sections of table 1.

Because an individual's cognitive skills may determinedbgree to which that person is able
to properly analyze costs and benefits and make sound bssleeisions (Burks et al., 2009), we
decided to implement a very short version of a standard mbal¢Q test. From the 60-question
Raven’s Progressive Matrices examination (Raven et 80320ve borrowed three questions ask-
ing people to complete a pattern. There are a number of reagly our participants might not
do well (for example, lack of familiarity with this sort of$& or low levels of formal education).



Out of three questions, nobody answered all three corrbatiyhere is still some variation in per-
formance that we can exploit: just under one-tenth got twoecd and about one-quarter got one
guestion right.

To assess levels of risk aversion, since risk preferencgsdet@rmine how the women invest
their loans, we conducted the same binary lottery expetiased in Cardenas and Carpenter
(2009). Six binary lotteries in which the payoff odds areZDwere arrayed in a circle, and the
participant was asked to pick the lottery in which she woulsstrike to participate. Once the
lottery was chosen, a coin was tossed to determine the payadfthis amount was added to the
participant’s final earnings. The lottery in the 1 o’clocksfimn is the sure thing: both outcomes
are 33,000 PGY. At 3 o’clock is a 25,0@107,000 lottery, followed by 18,0062,000 at 5 o’clock,
11,00077,000 at 7 o’clock, 4,0001,000 at 9 o’clock, and|05,000 at 11 o’clock. The expected
values for the lotteries in this exercise were well over bafsubjects’ median daily earnings, and
participants were paid based on their individual choicestheflip of a coin.

Both the expected value and the variance in payoffs incraasme moves clockwise around
the circle, with the exception of the last lottery. Here, Mtihe variance in payoffs continues to
increase, the expected value plateaus. Given this desigamvimfer that anyone choosing the last
lottery at the 11 o’clock position must be risk seeking (asgibly risk neutral). According to table
1, 14 percent of our participants chose the most risky kt#&tthe same time, another 10 percent
can easily be classified as extremely risk averse becaugelibse the sure payoff.

People may also struggle to repay their loans because otienpa (see, for example, Meier
and Sprenger, 2009). To gather information on our partidgiandividual discount rates, in the
survey we asked them to pick between four hypothetical pdipgyments. One payment in each
pair was always 18,000 PGY to be paid immediately, and therptio be paid in one month,
was taken from the set {18,300, 18,750, 19,500, 21,000}.hdf participant always chose the
smaller/earlier payment we know that her monthly discoat¢ must be at least 16.7 percent.
Returning to table 1, we see that 17 percent of our partitgoalvays chose the sooner payment
and can therefore be categorized as high discounters. lskeif/the participant always chose the
larger/later payment her monthly discount rate can be rgetahan 1.67 percent. These women
(26 percent) were classified as low discounters.

Repayment behavior might also depend on one’s social atientwithin the group. For ex-
ample, altruists might be less willing to impose a negatixemality on the rest of the group
by defaulting on their portion of the group loan. In a hypdite dictator game (Forsythe et al.,
1994), each participant was endowed with 30,000 PGY, angigooof which she could give to
an anonymous stranger. As indicated in table 1, the meartidaremount was 43 percent of the
endowment. While this seems like a lot compared to studestores of the dictator game, it is not
high when compared to other nonstudents experiments (G@mp&urks, and Verhoogen, 2005).



There are other avenues through which one’s social orientatight affect repayment. Those
people who are more engaged in the community might be lesly li& default because doing do so
would tarnish their reputation. It might also be the casetti@group’s composition matters. As
indicated in Ahlin and Townsend (2007), the number of familgmbers or friends belonging to
the group might affect repayment rates. For example, havioig friends and family in the group
could increase repayment rates due to lower costs of mamgt@nd sanctioning, or decrease
repayment rates because of less willingness to imposeisasctWith these pathways in mind,
we asked participants, as part of the survey, to list the conityr groups with which they were
affiliated. We also asked each woman for the number of faméynimers and friends in her loan
group. Summary statistics from these survey responsesappthe bottom of table 1.

5 Creating Behavioral Measures of Peer Monitoring

Based on the data from our social dilemma experiment, ourigda create behavioral measures
of each participant’s propensity to incur some cost to noonite behavior of the other group mem-
bers. Since the experiment is anonymous and players caondition their monitoring choices
on any observable characteristics specific to the othercgants, our hope is that the propensi-
ties we create are inherent and therefore capture the eghsdimmonitor other people in a situation
with incentives similar to those found in group lending. kher words, we seek to capture our
participants basic “nosiness.”

The obvious place to start with our data is to look at the ragdiency with which participants
chose to monitor the group. As seen in figure 2(a), there isiderable variation in this frequency.
Slightly more than 15 percent of the participants never teoineir fellow group members, while
about the same fraction always monitor their peers. Themensak mode at monitoring one time
but, overall, there is a considerable amount of monitoritng: average monitoring frequency is
0.46.

One obvious problem with looking at the raw monitoring fregay is that it does not account
for the fact that some groups are generally more coopertiae others. Thus, in some groups
there may be more need to monitor than in others. To a greang:this discrepancy means that
it is hard to make “apples to apples” comparisons acrosyithakls using the raw monitoring
frequencies. One intuitive way to create meaningful conspas across individuals in all groups
is to ask how each individual would react to a common stimulasour context we ask, at the
average level of cooperation in the experiment how likely @articipants to monitor other group
members?

Recall that individuals only see the contributions for theerent round after they pay to see
these data, so it is sensible to model monitoring choiceseperling on the lag of the other

10



group members’ contributions. Regardless of whether oranparticipant monitored on round
t — 1, knowing the total group contribution from round- 1 and her own contribution allows a
participant to infer how cooperative the other members ofgneup were during the last round.
With this formulation in mind, we regress the decision to mamin one round,\/; ;, on the sum
of the amount kept by the other members of one’s experimgntaip in the previous round (that
is, Y (15 — C_;_1)) according to:

Pr(M; 4| 2(15 —Cip1)) = B+ Bi 2(15 —C_i1) + €ig, 1)

wheree; ; is a disturbance term. To get a sense of the pooled populasponse to the amount kept
by the other group members, in the first two columns of tables3,eport a linear probability model
that controls to some extent for individual heterogenejtyrizcluding random effects. As one can
see, monitoring choices overall do appear to be affectetidogtoup’s level of cooperation: each
additional coin kept by a team member in the previous rouaddd¢o an almost 1 percent increase
(p<0.01) in the likelihood that the representative player rasion the next round.

While it is interesting that the pooled regression confirimst tmonitoring does depend on
lagged free-riding, for our purposes the individual hegereity of responses to free-riding be-
havior is more interesting. Considering that rho, the tesgistic for the fraction of the variation
explained by the random effects, is clearly not zera@®1), there does appear to be considerable
heterogeneity in the response of individuals to free-gdiy other group members. The question
is, what is the best way to extract this heterogeneity froendiita?

Given that we have seven rounds of monitoring choices fan player (players cannot monitor
in the last round), one simple way to extract that informatgto run the regression separately for
each individual (as in Carpenter and Seki, forthcoming)weher, this method seems inefficient
given we have responses for all 58 participants. In othedsiaunning individual regressions al-
lows us to take advantage of knowing the within-subjectatarm in responses but it disregards the
potential importance of the among-subject variation. Adgad way to incorporate both sources
of variation is the random coefficients regressor develap&ivamy (1970).

In table 3, the second set of columns report the results ®rtythical participant using the
random coefficients model. First note that the results andagi to those generated by the random
effects model. However, what is particularly importanthattthe Wald test for parameter consis-
tency clearly indicates that the responses are heterogenéudeed, there are many participants
who react strongly to the amount contributed by others—tloeenan individual kept in round
t — 1, the more likely these people are to monitor in rountiowever, at the same time, there are
other people who display the opposite reaction by redudiag tnonitoring when the other group
members keep more, as well as some people who always or nemiontheir peers.

To summarize the heterogeneity in monitoring behavior, s the individual estimates gen-
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erated by the random coefficients model to predict the resptina common stimulus, the experi-
ment’s average level of free-riding. Across all sessiorsgmoups, on average, the other members
of one’s group kept 19.77 out of 45 possible coins. The distion of the predicted probability of
monitoring given this level of free-riding is shown in figu2é). Compared to the raw monitoring
frequencies in figure 2(a), we see that there is still comaldle variation, but now there is a no-
ticeably stronger mode of not monitoring. Despite the nearaf the second method, however, the
two measures of the propensity to monitor are highly coreel=0.9, p<0.01).

6 Does Peer Monitoring Affect Loan Repayment?

In this section, we present our main results from testingtivdrebehaviorally generated measures
of inherent monitoring propensities predict group loarf@enance. Conceptually, it is important
to begin by clarifying the details of our loan data and thedtfipsized link between our exper-
imental measures and these loans. First, one advantage sfumly is that endogeneity of the
monitoring measure is less likely to affect our results thatd in previous studies. Not only do
we examine loan performance in the six mordfter we collected the behavioral data—so simul-
taneity should not bias our results—we collect many othetofa that could affect repayment and
we use monitoring propensities generated in an experirheataum. The last point is impor-
tant because, given that our participants did not know amgtmore than the contribution levels
of the people that they were monitoring in the experimenttiggpants’ monitoring propensities
could not be affected by others’ unobserved charactesifiic example, unpaid personal debts or
gambling problems) that might also predict the ability diers to repay their loans. In the same
vein, one might also worry that shocks at the loan-groupl ilegenerate bias when estimating
the effect of group members’ average monitoring propersityndividual repayment behavior.
However, it is equally unlikely that common group shocks eserelated with group members’
monitoring in the experimergnd with loan repayment behavior. Thus, there should hopehdly
little omitted variable bias in our results.

Second, while we generated individual monitoring prop@ssin the previous section, we are
not interested in the relationship between these, per seloam repayment. We are, however,
interested in the relationship between the repayment bahaf borrower:; and the monitoring
propensity of theother people in her loan group. That is, we want to test whether vieeage
monitoring propensity of the other group members prediotsdwer:’s chances of default.

Table 4 summarizes the loan data, some of which we colleateithgl a follow-up trip to
Asuncion six months after the experiment. During the irgemg six months, the four loan groups
to which our participants belonged went through two or thoa@a cycles, a process that generated

"Manski (1993) outlines this common shocks problem in peecef estimation.
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data on 136 individual loans. The smallest loan during tarsqal was for 150,000 PGY, the largest
was for 900,000 PGY, and there was a strong mode at loans @0@0Q PGY overall, the average
loan was for 379,320 PGY which is equivalent to a little mdrart U.S. $64. Our interviews
suggested that 90 percent of these loans were used for bagngooses but the remaining loans
were used for a variety of reasons, including to smooth ueebgal income shocks due to iliness
and so on. In anticipation of this possibility, we also askedrowers to tell us the number of
unanticipated shocks that occurred during the particokam tycle so that we could control for any
effect these shocks had on repayment rates.

Another advantage of our study is that we were able to get ssense of our participants’
intrinsic creditworthiness. This information should as&yve as a control for many unobservables.
According to the administrative data reported in table 4p@&ent of the loans were taken out by
people registered in Paraguay’s national bad debtor dsgalB®cause not everyone took out a loan
in each period, the fraction of the women in the databasetimHy 23 percent (that is, women in
the database were less likely to take a break for one cycleleate the group, so they make up a
disproportionately high share of all loans).

Lastly, because overt defaults are rare (and, as a conssjubere is little variation to ex-
plain), we adopted a method similar to Wydick (1999) to aeair dependent variable. Based on
administrative records and cross-reports from our paditi interviews, we created an indicator,
Repayment Problenwhich is equal to one if the borrower had trouble repaying Ittan. This
indicator includes overt defaults and instances in whiabppeneeded extensions or had to have
other members of the group help with repayment.

As mentioned above, we test the extent to which the rest oftbep members’ monitoring
propensities affect the remaining member’s behavior. Tplément this test, for each loan, we
created a variable that captures the average monitorinepsity of everyone in the loan group
except the borrower being considered. To examine the messtof our results we create three
versions of this variable. The first is based on the raw mangofrequencies of our participants.
The second variable is based on the predicted probabilityosiitoring at the experiment’s average
level of free-riding. The third variable also uses the ptesti monitoring probability from the
random coefficients estimates but is a nonlinear transfoomaf the second version. Specifically,
we decided that it also would be interesting to examine ttaiomship between loan repayment
rates and the predicted probability of not being monitovehich is just the product of one minus
the predicted monitoring probability for each of the ottwar group membefs.

As a first pass at the analysis, in figure 3 we break our thregores of the peer monitoring

80f course we had to deal with the fact that some people alwaystar and therefore the residual is zero. We
assumed that there was some small error (0.01) to perturbstumates. Experimenting with different small error
values does not affect the predicted probabilities of natdmonitored appreciably.

13



intensity variable at the median to see if being in a loan gnatth inherently nosier people has
an effect on the chances of incurring repayment problemsgahel (a) suggests, those borrowers
who are likely to be highly monitored are approximately 1@cpat less likely to have repayment
problems. However, as one can see from the 95-percent cooéidetervals and according to a
simple two-sided t-test, the difference is not significartL(20, p=0.23). Moving to panel (b),
which is based on the predicted probability of monitoringg see that the gap widens slightly
and the confidence intervals shrink. Here the 13 percerdrdifice in the raw probability is now
marginally significant (t=1.78, p=0.07). Lastly, as expelctpanel (c) indicates that those borrow-
ers who are predicted to be the least likely to be monitorednaore likely to have repayment
problems. Again the 11 percent difference verges uponfgignce (t=1.59, p=0.11).

While simple t-tests can be informative, unobserved effemich as what types of borrowers
take breaks or leave groups, could affect both monitorirdyrapayment behavior in a particular
group or during a particular loan cycle, and these shock&infigs our estimates of the effect of
peer monitoring on loan repayment. With this in mind, in éablwe record the results of probit
estimates of the effects on repayment of belonging to higidyitored groups that include both
loan cycle and loan group fixed effects. As one can see, ubmdinst two measures of peer
monitoring, the point estimates roughly double in size caregd to the t-tests and are significant.
According to our simple measure, borrowers in highly maeitbgroups are 26 percent less likely
to have a repayment problem (p=0.07). Using the predictelatnility of monitoring also leads
to a similar estimate: here the highly monitored individuate 22 percent less likely to have a
repayment problem (p=0.06). However, unobserved shocksotl@ppear to have much of an
effect on our estimates of the effect of being unmonitoradhé last column of table 5 we see that
the estimate incorporating shocks remains near 10 percent.

When we intensify the analysis in table 6, we see that thdteestuengthen considerably. To
be consistent with figure 3, we continue to report the matgeffacts from probit regressions
of the Repayment Problenmdicator on the three indicators for the intensity of peemitoring
(table 7 shows that the results are very similar when we ddowontinuous monitoring intensity
measures). In addition to including loan cycle and loan grioxed effects, we also include all the
other individual characteristics mentioned in sectionat thight affect repayment ratés.

Considering only the first three rows of table 6, we again Baedur estimates increase sub-
stantially in both magnitude and significance. Based on #lwe monitoring frequencies, those
borrowers in groups with greater than median levels of eigaemonitoring are approximately
half as likely to have repayment problems<@O01). The point estimate falls slightly when we

°In earlier versions of the analysis we explored includirgeotmeasures from the experiment, including one’s own
monitoring propensity and average contribution. Howemeither of these had much predictive power nor did they
effect the other point estimates substantially.
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use the predicted monitoring probabilities but it is stilbstantial: highly monitored borrowers
are now 36 percent less likely to get into repayment troupte0(01). Lastly, when we invert
the analysis and ask what happens to repayment rates whehahees of not being monitored
increase, we find that those borrowers with higher than nmecli@nces of not being monitored
are 40 percent more likely to incur repayment problems91). In sum, our results suggest that
there is a strong and robust empirical relationship betvileepropensity of peers to monitor each
other and the group’s loan performance.

7 Other Factors Affecting Loan Performance

Although our main purpose is to test the link between peeritoong effects and loan repayment
rates, our data allow us to explore a number of other inteigeicts about group loan performance.
Returning to table 6, we see that in addition to a smaller ramalb interesting but less robust
correlations, there are quite a few important and robusiitsesBecause our data is measured on
a number of difference scales, to foster comparisons of thgnitude of the point estimates, we
have standardized all the continuous marginal effécts.

To begin, we discuss the effect of different properties eflttan. For example, perhaps be-
cause of selection (we control for experience), we see #ngef loans are less likely to run into
trouble, but the effect is not significant. The number of régub adverse shocks also appears to
have no significant effect. What is significant, howeverhat tousiness loans are less likely to
have repayment problems than loans undertaken, for exampéenergency situations, and this
difference appears to be large. In model (2), where the teexinallest and not quite significant,
business loans are 13 percent less likely to have repaymeblems this estimate grows to 27
percent in model (1) (0.05). By far, the strongest predictor among the loan chariatcs is the
borrower being in the bad debtor database. Individuals veve ldefaulted before are between 48
and 67 percent more likely to have recurring repayment prabl While this result is far from
surprising, this control variable, which is clearly imgaont, is unavailable in most studies. The
magnitude of the effect of being in the bad debtor databagbtraiso be unexpectedly large.

There are fewer demographic predictors of loan repaymenm@asured by our survey, factors
such as age, education, homeownership, and years of bsigrpsrience all seem to have little
effect on loan performance. That said, there are a numbeaatbrls that suggest that having
more financial resources does mitigate repayment probl€mspared to single women, married
women, for example, are between 22 and 35 percent less likehave repayment problems,
perhaps because they can draw on two sources of inébrités also the case that having more

10Although we realize that linear approximations in probitdats are often a problem, we decided to report stan-
dardized marginal effects because the effects were otbemwery hard to compare.
1Recall that long-term cohabitation is also common in Pamgigand, therefore, marriage may also proxy for other
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family income and savings reduces the chances of repaymaiiems.

Moving to the cognitive- and preference-basefluences, we first see that IQ has a robust
effect. A standard deviation increase in our IQ measurede@ated with between a 0.10 and a
0.23 standard deviation decrease in the probability ofrigatiouble repaying the loan. While we
do not see that time preferences have a significant effeatmayment rates, we do see that very
risk averse borrowers (those who choose the safe optionriexqeriment) are between 9 and 13
percent less likely to get into repayment trouble. In additour measure of altruism (giving in the
dictator game) also plays some role in repayment behav®hyidothesized, altruists may worry
more about imposing a negative externality on the rest ofdae group, a theory which is borne
out in our data. A standard deviation increase in dictateingiis associated with between a 0.10
and a 0.20 standard deviation reduction in the probabifitgpayment being a problem.

Lastly, we can also explore the effect of the loan group’s&ti@ristics on repayment rates.
Community engagement appears to have no effect on repayrekeatior, so either one’s standing
in the community plays no role or we have not measured it pe¢cienough. We also see that
having more friends in the group is associated with havingeferepayment problems, but the
effect is small and insignificant. What is somewhat surpgsihowever, is that in groups with
multiple family members, there appear to be two levels ohtloeal hazard problem. Our estimates
suggest that a standard deviation increase in the numbamifyfmembers belonging to the group
increases the chances that one of them will have a repaysser by as much as 0.58 of a standard
deviation!? It might be the case that borrowers know that they can depané on other family
members to repay their loans and this affects the investamehtepayment choices that they make.

8 Concluding Remarks

Compared to the existing literature, our results come skisdesting the key assumption of many
group lending models: peer monitoring can solve the morahtthproblem in lending to people
who have no appreciable collateral. We find that the morerenity nosy people there are in
your loan group, the less likely you are to have troublesy#ggyour loan. We prefer the simple
interpretation that nosy people look over the fences at ettedr and discourage moral hazard. To
a large extent, this simple interpretation may also be wéehgiven our research design. Because
the women who participated in our field experiment did nowvkmdo they were monitoring during
the experiment, their decisions to monitor could not be @ared on individual characteristics
and, in this sense, our measures of the propensity to marganherent. On top of this we control
for many of the other reasons why people might get into re@angrimouble or why one might want

characteristics, such as religiosity.
21t is interesting that our “family member” effect is similtar the results described in Ahlin and Townsend (2007).

16



to monitor their peers, but we still find that a group’s inh#rgosiness” exerts a strong effect on
individuals’ repayment rates.

Although the purpose of this study is to establish an emglitiok between peer monitoring
and loan performance after loan groups have been formeaktunately we are somewhat silent on
the possibility that groups form in anticipation of monitay behavior. Perhaps, for example, it is
the case that individuals self-select into groups with peego they think will monitor the others
members more or less. While it will surely be interestingdgarh more about group selection,
it is not clear that this possibility necessarily diminishmur results. To begin, notice that such
behavior does not negate the fact that peer monitoring appgeae a strong mechanism that
reduces moral hazard. On top of this, if people were so go@latting into optimal groups,
they would anticipate the large negative effect of joiningups with people in the bad debtors’
database or groups with other family members, to give justexamples. Since that we see plenty
of women joining groups with their kin it is not clear thateetion is that sophisticated.
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TABLE 1: Descriptive Statistics on the Participants

Variable Description N  Mean Std. Dev.

Demographics:

Age Participant's age 58  37.07 11.35

Elementary (I) 1 if elementary school is the highest level of education attained 58 0.57 0.50

Married (I) 1 if married 58 0.60 0.49
Socio-Economic:

Head of Household (I) 1 if the participant has the most influence in the household 58 0.26 0.44

Family Income Participant's monthly family income (in thousand guarani) 58 1725.42  1332.29

Savings Participant's savings (in thousand guarani) 58  24.65 132.49

Own Home (I) 1 if participant (or family) owns her home 58 0.91 0.28

Business Experience Participant years of experience in current work 58 7.70 9.17
Cognitive and Behavioral:

1Q The number (out of 3) nonverbal questions answered correctly 58 0.41 0.65

Risk Seeking (I) 1 if picked the 6th (most risky) lottery in the risk task 58 0.14 0.35

Risk Averse (I) 1 if picked the 1st (safe) lottery in the risk task 58 0.10 0.31

Patient (I) Choices in the discounting task consistent with low discounting 58 0.26 0.44

Impatient (I) Choices in the discounting task consistent with high discounting 58 0.17 0.38

Altruism (Dictator Giving) The amount (out of 30k guarani) allocated to a stranger 58 12.84 5.22
Lending Group Related:

Community Engagement The number of community groups affiliated with 58 0.94 1.13

Family Members The number of family members in the participant's loan group 58 0.98 1.26

Friends The number of friends originally in the participant's loan group 58 4.15 3.29

TABLE 2: Descriptive Statistics from the Social Disapproval Experiment
(pooling over all rounds)

Variable Description N Mean Std. Dev.
Contribution Number of 100 guarani coins contributed (15 coin endowment) 448 8.40 3.82
Monitor (I) 1 if the participant chose to monitor during the round 399 047 0.50
Messages Sent Number of disapproval messages sent during the round (3 possible) 399 0.14 0.39
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TABLE 3: Creating Peer Monitoring Preference Measures

Random Effects Random Coefficients
coef. s.e. coef. s.e.
> kept 1y 0.008 (0.003)*** 0.007 (0.008)
intercept 0.241 (0.078)*** 0.254 (0.203)
random effects yes no
N 400 400
rho 0.43
Wald chiQ, p-value 7, p<0.01 180, p<0.01"

Notes: Results are from linear probability models; the dependent

variable is 1 to indicate the decision to monitor; rho is the fraction

of the variance accounted for by the individual random effects; ***
significant at 1%, ** 5%, *10%. "Test for parameter constancy.
TABLE 4: Descriptive Statistics on Loan Activity
Variable Description N Mean Std. Dev.
Loan Amount The amount borrowed (in thousand guarani) 136 379.32 160.86
Business Loan (I) 1 for loans to enhance one's business (versus emergency loans) 136 0.90 0.31
Adverse Shocks Number of unexpected costly events during the cycle (e.g., illness) 136 0.73 1.07
Informconf (I) 1 for borrowers in Paraguay's national loan default database 136 0.26 0.44
Repayment Problem (I) 1 for borrowers with repayment problems (based on administrative records) 136 0.25 0.43
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TABLE 5: Loan Repayment Problems Fall with more Peer Monitoring

(1) (2) (3)
High Peer Monitoring Frequency (I) -0.263*  (0.151)
High Predicted Pr(Peer Monitoring) (I) -0.219*  (0.115)
High Predicted Pr(Unmonitored) (I) 0.092 (0.168)
Loan Cycle Fixed Effects Yes Yes Yes
Loan Group Fixed Effects Yes Yes Yes
Wald Chi” 4.34 5.36 1.42
Pseudo R’ 0.05 0.05 0.01
Observations 136 136 136

Notes: The dependent variable is whether or not the borrower had a repayment problem; marginal
effects reported from probit estimates; (robust standard errors clustered on the individual); * p<0.10,

** p<0.05, *** p<0.01.
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TABLE 6: Peer Monitoring and Loan Payment Problems (with indicator monitoring measures)

(1) (2) (3)
High Peer Monitoring Frequency (I) -0.454%%* (0.121)
High Predicted Pr(Peer Monitoring) (I) -0.357%% (0.102)
High Predicted Pr(Unmonitored) (I) 0.401*** (0.152)
Loan Amount 0170 (0.000) -0.111  (0.000) -0.122  (0.000)
Business Loan (I) 0.273%* (0.151) -0.135  (0.119) -0.175%*  (0.133)
Adverse Shocks 0.010  (0.019) -0.029  (0.015) -0.014  (0.022)
Informeonf (I) 0.570%%% (0.224)  0.671% (0.214) 0.478%*  (0.219)
Age 0.02  (0.004) 0018  (0.003) -0.001  (0.005)
Elementary Education (I) -0.091 (0.098) -0.074 (0.080)  -0.087 (0.125)
Married (I) 0.350%*%  (0.136)  -0.223%* (0.133)  -0.301%* (0.147)
Head of Household () 0.207*  (0.150) 0.153  (0.138) 0.228  (0.163)
Family Income L0.186%*%  (0.000)  -0.187F% (0.000)  -0.266*** (0.000)
Savings 0.204*%  (0.001) 0.123*  (0.001) 0.071  (0.001)
Own Home (I) 0.0  (0.186) 0041  (0.037) -0.024  (0.160)
Business Experience 0.001 (0.004)  -0.109 (0.003)  -0.031 (0.006)
1Q 0.176%%  (0.062)  -0.098%  (0.047)  -0.235%* (0.076)
Risk Seeking (I) 0.060  (0.070) 0010  (0.077) -0.034  (0.108)
Risk Averse (I) 0.125%%* (0.053)  -0.087%% (0.049)  -0.134** (0.053)
Patient (1) 0.067  (0.095) 0.084  (0.103) 0.109  (0.115)
Impatient (I) 0.065  (0.124) 0.194  (0.175) 0.102  (0.147)
Altruism (Dictator Giving) L0.198%%* (0.008)  -0.109%* (0.007) -0.105  (0.008)
Community Engagement 0.080 (0.041)  -0.004 (0.026) -0.018 (0.058)
Family Members in Loan Group 0.579*** (0.054)  0.462*** (0.062)  0.544*** (0.065)
Friends in Loan Group 0.00  (0.013) -0.091  (0.010) -0.005  (0.018)
Loan Cycle Fixed Effects Yes Yes Yes
Loan Group Fixed Effects Yes Yes Yes
Wald Chi?, p-value 111, <0.01 151, <0.01 84, <0.01
Pseudo R’ 0.4 0.50 0.35
Observations 136 136 136

Notes: The dependent variable is whether or not the borrower had a repayment problem; marginal
effects reported from probit estimates; the effects of the continuous variables have been standardized
to ease comparisons; (robust standard errors clustered on the individual); * p<0.10, ** p<0.05, ***

p<0.01.
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TABLE 7: Peer Monitoring and Loan Payment Problems (with continuous monitoring measures)

0 @) B @
Frequency of Peer Monitoring ~ -0.340%  (1.343)

Predicted Pr(Peer Monitoring) -0.553**  (1.279)

Predicted Pr(Unmonitored) -0.055 (60.769) 0.115%  (725.691)
Loan Amount -0.126 (0.000)  -0.138 (0.000) -0.125 (0.000)  -0.159 (0.000)
Business Loan (I) -0.232%  (0.146) -0.252*F (0.152) -0.165 (0.130)  -0.210*  (0.127)
Adverse Shocks 20018 (0.021) -0017  (0.021) -0.016  (0.022) -0.027  (0.022)
Informeonf (I) 0.492%*%% (0.207)  0.506*** (0.198)  0.473%* (0.218)  0.616*** (0.229)
Age 0.020  (0.005) 0.053  (0.005) -0.004  (0.006) -0.023  (0.005)
Elementary Education (I) -0.108  (0.120) -0.125 (0.122)  -0.086 (0.126)  -0.036 (0.124)
Married (I) -0.323**  (0.146)  -0.309** (0.147) -0.293** (0.148) -0.319** (0.152)
Head of Household (I) 0.266*  (0.161) 0.308** (0.169) 0.221  (0.164) 0.118  (0.145)
Family Income ~0.240%*  (0.000)  -0.259%** (0.000) -0.264** (0.000)  -0.301%** (0.000)
Savings 0112 (0.001) 0.128  (0.001) 0.083  (0.001) 0.078  (0.001)
Own Home (I) 20042 (0.150) -0070  (0.156) -0.023  (0.161) 0.067  (0.081)
Business Experience -0.082 (0.005) -0.101 (0.005) -0.030 (0.006)  -0.050 (0.005)
1Q -0.242*¥*  (0.068)  -0.215%* (0.064) -0.239** (0.078) -0.181*  (0.079)
Risk Seeking (I) 0.014 (0.141)  -0.002 (0.119)  -0.036 (0.107)  0.079 (0.172)
Risk Averse (I) 0.124% (0.052)  -0.118%*%  (0.051) -0.134%* (0.054) -0.129%* (0.058)
Patient (I) 0078  (0.105) 0.112  (0.114) 0.105  (0.116) 0.064  (0.100)
Impatient (I) 0138 (0.162) 0210  (0.184) 0.098  (0.146) 0.083  (0.142)
Altruism (Dictator Giving) -0.169*  (0.008)  -0.174*  (0.008)  -0.105 (0.008)  -0.096 (0.007)
Community Engagement 0.008 (0.056)  0.007 (0.053) -0.013 (0.059)  -0.024 (0.056)
Family Members in Loan Group 0.569%** (0.060)  0.566*** (0.059)  0.540%%* (0.064)  0.612*** (0.066)
Friends in Loan Group 20.005  (0.016) 0.007  (0.015) -0.003  (0.018) -0.155  (0.020)
Loan Cycle Fixed Effects Yes Yes Yes Yes
Loan Group Fixed Effects Yes Yes Yes Yes
Wald Chi®, p-value 102, <0.01 122, <0.01 85, <0.01 162, <0.01
Pseudo R’ 0.37 0.39 0.35 0.38
Observations 136 136 136 132

Notes: The dependent variable is whether or not the borrower had a repayment problem; marginal effects reported

from probit estimates; the effects of the continuous variables have been standardized to ease comparisons; (robust

standard errors clustered on the individual); * p<0.10, ** p<0.05, *** p<0.01. Because of the nonlinear process

used to create the "unmonitored" variable, two participants were calculated to have probabilites that are orders of

magnitude higher than the others. These outliers are removed in model 4.
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Figure 1. Experimental Behavior (by round)

Source: Author’s calculations.
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Figure 3(c): Repayment Problems and the Probability ofdeinmonitored

Source: Author’s calculations.
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11 Appendix A — Instructions for the Social Dilemma Experi-
ment

(Note: Translated from Spanish)

Instructions for the participants

Thank you very much for your participation today. | will pagwfor participating. The amount
that you receive will depend on your decisions and the datssof the others in the study.

All your decisions and answers to questions in the experinvéhbe completely confidential.
In order to ensure total confidentiality, | ask that you do sjppgak amongst yourselves before the
end of the experiment.

Instructions for the game

In order to understand this experiment, think about how yseiyour time. You use one part
for activities that only help yourself and/or your familyolY use another part to do things that help
everyone in your community.

This experiment should be similar to a situation where yovweha decide between doing
something only for yourself and doing something to help th®l community. For example,
imagine that you have a little extra money, and you can usehetp pay for a business training
program in the community center or to rent a better spacedor pusiness. If you spend the money
on the training program, everyone in the community will deérfeom the program, whether they
help pay for it or not. But, if instead of this, you rent the ngpace, only you will benefit. This
activity is similar to this decision.

There will be eight rounds of decisionmaking. There aredlather women in a group with
you. You will not know their identities either during or aftie activity.

At the beginning of each round, each person will receivediit&00 guarani coins. This money
is yours to be kept after the game. However, there is also igidaanvolving the money. Each
person in the group will decide how much money she wants t® tgiva group project (like in the
example above), and how much she wants to keep. The whole gntlibenefit equally from the
money contributed to the group project, but the money yop ke# only benefit you.

When the four members in each group have decided how muchyr{oh¢he 1500 PGY
possible) they want to contribute to the group project, Il \wdd these contributions together.
When | know the total, | will add 50 percent. For example, & tbtal contribution from the group
is 2000 PGY, then | will add 1000 PGY to make a final total of 3G@RY. After this, each person
in the group will receive an equal part of the final amount Kiis tase, each person would receive
750 PGY). If contributed evenly (i.e., 500 PGY each), thechgaerson would receive 1000 PGY
plus 750 PGY for their final income (1750 PGY).

29



For another example, if the four group members contribu@ 0, and 1500 PGY, respectively,
then | will add 750 PGY to make the final total 2250 PGY. Afteistreach person in the group
will receive an equal part, 563, of the final amount. Themreftinte person who contributes all their
money will receive 563 PGY for their total income, while thther three will receive 2063 PGY
(which is 563 PGY plus 1500 PGY).

One last example: if all four group members contribute 156¥Rhen | will add 3000 PGY to
make a final total of 9000 PGY. After this, each person in tloeigmwill receive an equal part, 2250
PGY, of the final amount. Since everyone contributed evergtthey had, this will be everyone’s
final total income as well.

In order to contribute money to the group project, | will gix@u two envelopes. One envelope
will say “only for you,” on it and the other will say “for the gup project.” To begin, all of your
1500 PGY will be in the “only for you” envelope. Each one of ywill remain at your seat, and
from this envelope, you will remove your contribution to tveup project for that round and place
it in the “group project” envelope. After, | will count how mb money was given for the group
project (from all four players). Then, | will calculate howueh you each will receive from the
project. Finally, | will add this to the money that you kept fourself. This is your total income
for the round. To make things easier, | will keep all the moreit mark down everyone’s total.
Then you will receive your eight-round total at the end.

After | calculate your income in each round, each personmaét with me individually. In this
meeting, | will show you the total for the group project andiytotal income. Also, you can pay
50 PGY to see a card with the contributions and total incomme fthe round (in random order) for
the others in your group. If you decide to spend it, | will salot this 50 PGY from your income
for the round. Lastly, if you are unhappy with the contributiof someone, you can pay (from
your income for the round again) 50 PGY per message to sendssage of disapprovasiiow
and explain the unhappy face message

That is, if you want to send a message to one person that youn&iggppy with their contri-
bution, you have to pay 50 PG send messages to two people, 100 Pfakthree, 150 PGY.
In order to send a message to someone, simply indicate tisergsj when you are shown the
card with everyone’s contributions and incomes. There ise®xd to write a message or deliver a
message yourself (I will perform these tasks) and you capsetid a message if you chose to pay
to see the contributions of the others.

At the beginning of the next round, | will give everyone badbleit envelopes, and for the
next round, you may change your contribution decision bingkoins out of the “group project”
envelope or by adding more from the “only for you” envelopgou may leave it the same. Inside
the “group project” envelope, there will also be a card simgyény disapproval messages that have
been sent to you. If the card is blank, then no one decidedid weu a message. All of you will
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have a number in your group, the same number for all eightd®uithe messages will say, for
example, “From player 2 to you'wfite on the board and show with unhappy fac®©nly the
sender and the receiver will know that there was a messadehare is no obligation to change

your decision if you receive a message.
It is very important that you understand all these instangi Are there any questions about

how the activity will work? You can ask me for any clarificatgduring the activity as well.
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