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Abstract

Delegating the allocation of public resources to commumigmbers is an increasingly popular form
of delivering development programs and are associatedavthdeoff between improved information
about potential beneficiaries and favoritism towards |atiéés. Unlike targeting cash transfers to the
poor, the optimal targeting of credit is a more complex peabinvolving issues of productivity, repay-
ment, and market responses: This paper analyzes this pralsimg a large-scale lending program, the
Thai Million Baht Credit Fund, which decentralizes the alition of loans to an elected group of com-
munity members, and provides three main results. Firstpéipg a long and detailed panel, | recover
pre-program structural estimates of household total fagmtoductivity and find that resources from the
program were not allocated to high-productivity, poor rehads, which is inconsistent with poverty
and productive efficiency as targeting criteria. Seconthgusocioeconomic networks data, | show that
actual targeting is strongly driven by connections to gédlalites and is related to lower program prof-
itability, which suggests favoritism as a reason for mggtéing. Finally, | exploit quasi-experimental
variation in the rollout of the program and uncover evidethes, in general equilibrium, informal credit
markets compensate for targeting distortions by redimgatredit towards unconnected households, al-
beit at higher interest rates than those provided by therarog The results highlight the limitations
of community-driven approaches to program delivery andrtte of markets in attenuating potential
targeting errors.
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1 Introduction

Community-driven development approaches to deliveririgipuesources have gained increasing attention
from academics and policy makers around the world. In dgwedpcountries, a number of social programs
such as public works or cash transfer programs rely on cortynorembers for their implementation or
monitoring® One of the foundations of this approach is the idea that conitjmtembers, as opposed to
traditional policy makers, have better information to itiigriocal needs. In the context of credit, delegating
the allocation of resources to community members may leaddre accurate identification of potential
borrowers and may fulfill the promise that was only partialigiterialized by traditional microfinance: pro-
viding affordable credit to poor, high-productivity hoteéds?

One important class of community-based policies to expawdss to credit is that of government in-
fusions of resources into villages for the establishmenbacdl credit funds which are managed by elected
groups of community membefsThe economic rationales for this approach include the r#mtuof inter-
mediation and administrative costs as well as the benefit information available to community members
(which is otherwise expensive to obtain). On the other haadhmunity members may engage in favoritism
towards politically connected household3atdhan and Mookherje005. This tension is particularly
salient in cases in which community members disperse pfilotids based on criteria that are hard to ob-
serve (unlike poverty targeting) and subject to moral hézas is the case with credit markets. Thus, whether
the allocation of resources is consistent with povertydpobive efficiency or favoritism as targeting criteria
is an empirical question. While previous studies of comnydbased approaches to targeting cash transfers
to the poor use pre-program data for their empirical assess(latas et al. 2012, other studies analyz-
ing how local leaders target productive resources are bas@dntemporary or post-program measures of
productivity Bardhan and Mookherje006h Basurto et al.2017), as opposed to pre-program measures

which are not likely to be affected by the program. In additiprevious studies have focused only on under-

1See for exampl&lansuri and Ra@2004) for a review in the case of community-based approachesftasinucture projects.
Community based targeting of cash transfers has been dtigislatas et al(2012), and participatory rankings among community
members have been used in graduation progrdasdrjee et al.2015, and other programs that involved the delivery of cash
transfers to the ultra pooBéndiera et a.2017).

2Uptake of credit in recent microcredit interventions hasrbéw, due to, among other reasons, high interest rateshend t
difficulty of identifying high-productivity borrowersBanerjee et al.2015 Crépon et al.2015 Banerjee et al.2015. Reviews
from either a policy or an academic perspective regardirgctiallenges of microfinance are provided \Wprld Bank (2008);
Armendariz de Aghion and Murdod2004); Banerjee and Dufl¢2010; Morduch(1999; Karlan and Morduclf2010.

3Broadly, community-based credit approaches consist défivg) local credit funds to be managed by community members
While self-funded village credit groups are a growing reskdopic in the literature (se@eininger(2013; Greaney et al(2016);
Ksoll et al. (2016; Karlan et al.(2017), among others), there are other types of government-tupdegrams with a community
based approach around the world such as the Andhra PradeshFRwerty Reduction Project in India, and the Rural Fimanc
Institutions Programme in Uttar Pradesh. However, theegrpms foster the creation of self-help groups as opposedlage
funds.



standing how community members allocate resources butijaeeed the role of markets in reallocating
resources, which may attenuate potential targeting errors

This paper empirically assesses these issues in the cafitexé of the largest community-based credit
programs, the Thai Million Baht Village Fund (MBVF). Betwe2001 and 2002, the government donated
resources to over 90% of rural villages for the creation ehlccredit funds, which represented, on av-
erage, a 25% increase in the available funds for credit ih @dlage. These funds were fully managed
by elected village committees made up of community memiyens, decided who obtained credit and un-
der what loan condition$. This paper reports results from three empirical exercigiest, using a long
panel, | structurally estimate a household production tioncand use the estimated factor elasticities to
recoverpre-programestimates of household total factor productivitycombine these estimates with base-
line per-capita consumption data to te€): whether village committee members delivered credit to poor
high-productivity households, arfil) whether offering credit to villagers based on alternatargeting cri-
teria (i.e., means-testing and a baseline credit score)ddave delivered credit to poor, high-productivity
households. Second, | combine detailed data on pre-progpaineconomic networks with data about loan
characteristics and repayment to test for favoritism towdrouseholds with connections to the local elite.
Third, | use quasi-experimental variation in the rollouttbé program to test for within-village general
equilibrium responses in credit markets, which could leagrbogram spillovers to households with limited
access to credit from the program.

First, | find that the program does not target poor, high-potigity households and that, in terms of
poverty and productive efficiency, the program is outpenked by alternative targeting criteria. In prac-
tice, the allocation of loans was regressive and produgtivesfficient: the distribution of baseline per-
capita consumption corresponding to program beneficifiritsorder stochastically dominated that of non-
beneficiaries. Moreover, only 40% of high-productivity Beholds (top 25% of the productivity distribu-
tion) borrowed from the program, and , on average, programotvers had lower baseline productivity than
non-borrowers. This allocation was not consistent neittign concerns regarding equity nor repayment.
By comparing the program’s allocation to a means-testingntafactual allocation (i.e., baseline wealth

rankings), | find that, on average, the means-testing mitevould have targeted the poorest households

“The importance of this program and the fundamental tradéothe allocation of productive resources have been ofdstén
the literature, but there are both unanswered questionsnatisdodological limitations to existing studidsaboski and Townsend
(2012 andKaboski and Townsen(2011) have documented the effects of the MBVF on several houdeswdttomes and the cost-
effectiveness of the prograrBreza et al(2017) analyze whether baseline productivity explains hetenedg in the effects of the
program on investment and income growth but do not expla@tbchanisms behind the allocation of resources from thgr@mo
Thus, what the programtge factotargeting criterion was—poverty reduction, productiviicefncy, or favoritism—is yet unknown.

5Concretely, | exploit data on households’ financial statetsiein particular balance sheets, to measure capital agathe
of the stock of total fixed assets for each household. Thediabaccounts data was compiled Bgmphantharak and Townsend
(2010.



without sacrificing productivity. Over 40% of householdattiheceived credit through the program would

have been excluded by the means-testing criterion. Mos$teohtwere low productivity households (bottom

25% of the productivity distribution). Furthermore, comipg the observed allocation with a counterfac-

tual allocation based on a credit score (i.e., prioritizimgiseholds with low baseline predicted delinquency
rates), | find that 38% of households who received credit ftbenprogram would have been excluded by
the credit-score criterion, and that these households lwer@roductivity households.

Second, while neither poverty targeting nor productivecifficy were the relevant allocation criteria,
subsidized credit was disproportionately allocated toskbolds with socioeconomic connections to the lo-
cal elite. Combining socioeconomic networks data and dataaseline membership in the village council
(the highest political authority in each village), | cldgghouseholds as connected with the elite if they
are members of the village coundil) are first-order kin of the local elite, dif) had direct pre-program
socioeconomic ties to the local elite. | find that connectedseholds are 20 percentage points more likely
to obtain credit from the program than unconnected houdshaConnected households were not poorer
or more productive than unconnected households, and yebtitained more credit. Moreover, connected
households already had access to institutional creditrbédfte program and had similar baseline delin-
guency rates. While the correlation between program peation and connection to local elites falls by
45% after controlling for total number of connections in thiéage, demographic characteristics, business
orientation, and credit history, connected householdewtll 10 percentage points more likely to obtain
credit from the program. Thus, the slanted allocation towaronnected households was only partially
explained by improvements in information regarding boeowharacteristics.

| find evidence of favoritism towards connected householils mplications for program profitability.
Connected households were favored with low initial interates leading t@x postiower internal rates of
return for the program. A cross-section sample of loansesponding to 344 households who borrowed
both from the program and privately funded local credit gallows me to compare loan performance
across different lenders for the same household and cdotrahobserved borrower characteristicbtest
for favoritism by analyzing whether connected householitaio more favorable loan conditions in the case
of program loans compared to loans from private credit gsoapd comparing these differences to those
for unconnected households. The results show that prograns lto connected households were granted at
lower initial interest rates (1.5 percentage points). Ehdifferences compromised the profitability of the

program: theex postnternal rate of return on program loans to connected haldels 2 percentage points

5These groups constitute quasi-formal sources of credieyTiclude production credit groups and women’s, groupsramo
others. Se&aboski and Townsen(2005) for an in-depth assessment of these type of lenders.



lower than the return on privately funded loans (on aver&gg These results are driven by differences for
connected households, as there were no detectable ddfé=réor unconnected households.

Third, while committee members favored connected housstaid the program might not have directly
reached unconnected households, the program indireatigfibed unconnected households by increasing
the supply of overall credit available in the village. Aggagée borrowing increased by 24% in the sample
villages within a year from the rollout of the program. Usinigh-frequency data, | exploit cross-village
variation in the monthly rollout of the program to identifiyet short-term effects of the program on credit
use for unconnected households. While connected househettkfited directly from the program, uncon-
nected households obtained loans from other lenders irydters. Event-study estimates for unconnected
households show that borrowing from informal lenders iasegl by 30%; this result was mostly driven by
loans from relatives. | also find suggestive evidence of aregse in formal borrowing for unconnected
households, albeit at higher interest rates than thosetliemprogram. There was also re-lending: the prob-
ability of lending to other households increased by 2 paegmnpoints in the case of connected households.
Overall, these general equilibrium responses partialigedtthe difference in program borrowing between
connected and unconnected households: back of the envaloglations suggest that these effects only
account for one-third of program-borrowing gap betweemeated and unconnected households.

This paper makes three main contributions to the literastwelying community-based approaches to
distributing public resources. First, it highlights thenliations of these approaches to distribute productive
resources when attributes of program beneficiaries areiraatlyy observable by community members. Un-
like the context of anti-poverty cash aid programs, in thetext of credit, the relevant targeting criteria may
only be observable by direct economic interactions, stregng the tension between information and fa-
voritism. Alatas et al(2012 provide evidence that households with connections td klitas are not more
likely to receive cash transfers when resources are alldday community members relative to a proxy-
means-testing targeting criterion. My results show that lattern may not hold in the case of credit. In
practice, both lack of information about unconnected hbaks and favoritism lead to the disproportionate
allocation of credit to households with connections to tlieg with consequences for poverty targeting,
productive efficiency, and program sustainability. Thessults are consistent with evidence of favoritism
based on economic or political connections in financial msriKhwaja and Mian2005 Haselmann et al.
2017).

The second contribution to the targeting literature is rodttogical. The use of pre-program data
has been central to the assessment of community-basedaahpsoto allocate cash transfers to the needy

(Alatas et al. 2012. However, studies evaluating the productive efficiencycafnmunity-based alloca-



tions rely on contemporary or post-program measures ofyatadty (Bardhan and Mookherje006k
Basurto et al.2017). This paper improves previous empirical assessmentspigigrg a long panel dataset
to recovemre-programstructural estimates of household productivity, whichuamkkely to be affected by
the program. In terms of results, using self-reported dateeaed after the implementation of a fertil-
izer subsidy program in MalawBasurto et al(2017) provide evidence of a tradeoff between targeting the
poor and targeting high-return households. Using posifjara structural estimates of baseline household
productivity, | show that such a tradeoff was not relevarthenmore general case of credit.

Third, by studying a context in which active credit marketi®ract with the implementation of a large-
scale program, this paper examines the targeting problemflmm a partial and general equilibrium per-
spective. The literature has generally focused only ondtgeting or screening process. This paper expands
the analysis beyond the program and tests the consequehttesde factotargeting criterion on village
credit markets. By providing novel evidence on the role ébimal credit markets in attenuating targeting
errors, this paper contributes to the literature documgrgieneral equilibrium effects and spillovers from
large-scale program#fgelucci and De Giorgi2009 Muralidharan et a).2017 Kaboski and Townsend
2012. In particular, the results show that economic connestiand political economy factors can affect
not only the distribution of public resources in the villageonomy, but also the redistribution of these
resources through marketsiinan and Townsen®012 Acemogly 2010. More broadly, the results sug-
gest that a complete understanding of targeting problemglghnvolve an analysis of how resources are
reallocated through markets.

Finally, the results from this paper also build on the litera studying the introduction of micro-
credit products in developing countries. A core concerrhi development economics literature is that
of delivering affordable credit to poor high-productivitwuseholds to enable them to escape poverty traps
(Banerjee and Dufl®2010 Morduch 1999. While the literature has mostly focused on studying tliects
of the introduction of credit products on several houselwittomes, an empirical assessment of the pro-
ductive efficiency of the allocation of credit in large-sg@rograms has not yet been provided. My results
show that even with low intermediation and administratiests, credit from the MBVF program did not
reach poor, productive households. A comparison of thesdtsewith those from studies analyzing selec-
tion into credit highlights the importance of differentsening mechanisms in credit markets. For instance,

Beaman et ali2014) show that high-return households select into credit inrgexd in which the screening

"Banerjee et al(2015 provide a review of six randomized controlled trials stindythe introduction of microcredit products in
a varied of contexts. In particuladBanerjee et al(2015 andCrépon et al(2015 document low uptake rates in contexts in which
credit was not directly offered to entrepreneudgininger(2013 analyzes the impacts of access to credit on members ofishgdf-
groups.Kaboski and Townsen(2012 also provide an assessment in the context of the MBVF progra



mechanism is pricé.This paper documents a less efficient result in a context intwthede factoscreening

mechanisms are social connections with local elites.

2 The village financial system and the Village Fund program

2.1 The village financial system

The context of this study corresponds to Thai villages, afirenment in which most households own land
(80%) and obtain over one-third of their revenues from atfiucal activities (see Appendix tabEXxV).
While most households obtain revenues from cultivatioivitiets, the average household has obtains rev-
enues from 4 different economic activities: most househaldo obtain revenues from wage labor (78%),
fishing and shrimping (40%) and off-farm family business&3%). To finance their economic activities,
households borrow either by borrowing institutional lersjénformal lenders or relatives. Among institu-
tional sources of credit there are formal lenders, maingydfate-owned Bank of Agriculture and Agricul-
tural Cooperatives (BAAC), and quasi-formal lenders susBavings and credit groups and cooperatives.
In terms of the quantity of loans, half come from informal smms, while formal and quasi-formal sources of
credit provide over 70% of the total loan amount in the vidipancial system® On average, households
hold more than one loan and around one-third of the housshultl informal loans (see Appendix Table

BXVI), which have higher interest rates than formal or quasihfiddoans (see TablB.

2.2 The Million Baht Village Fund program

The Million Baht Village Fund (MBVF) program consisted of anitial transfer of THB 1 million (USD
22,500 in 1999 values), from the Government of Thailand talrand peri-urban villageS. The aim of the
program was to stimulate the village economies by expanauogss to credit; program funds were used as
seed capital for the creation of revolving credit funds i8®6f all villages in Thailand*> Moreover, the

program increased the aggregate gross lending portfol@4by during the first year of its implementation

8They do so in the context of a micro-credit program in Malinaged by an NGO with no government intervention at all.

®Quasi-formal institutions include organizations thatéavset of procedures for recording their operations, butaddave a
physical location. Examples of these are production cigitips (PCGs), women'’s groups and other village creditggosee
Kaboski and Townsen(005) for a detailed description of these quasi-formal orgaitra in the Thai context.

%The top panel in Figur€Xl illustrates the structure of the portfolio of loans asstawith the villages in the study sample,
both in terms of the number of loans and the amount of creditiged before the program was implemented.

Haverage loan size is approximately USD 450 which representghly 25% of a households’s yearly income.

127 detailed discussion of the application process that géla were required to follow to get access to the funds
and the way in which those funds were delivered is providedKlaposki and Townsend2012, Boonperm et al.(2013,
Menkhoff and Rungruxsirivorif2011) and Haughton et al(2014).1 do not address that process here as all of the villageken t
sample participated in the program.



in the sample villages, and modified significantly the conitpms of the portfolio of loans in each village
(See and Appendix FiguréXl). The program offered loans at an average interest rate gbét%ear, the
lowest rate in the market at that time: The average intesgstfor other institutional loans was 11% per
year (see Tabl&). The program represents an unexpected event in that itnvemiaced following a change
in government and rapidly reached borrowers: As of the sgear of implementation, the program had
provided individual liability loans to 62% of householdstive study sample.

The MBVF program differs from formal lenders in its managaineelying on community members to
manage credit funds. While there are other local savingscesttit groups in which community members
manage funds, they differ from the MBVF program in the wayt thay are funded: The MBVF is mostly
subsidized, and local credit and saving groups are setfedr’ In each village, the MBVF program is man-
aged by a village fund committee (VFC),a group of 10-12 elécommunity members that is responsible
for evaluating loan applications and monitoring loah€ommittee members generally met once or twice a
year to review loan applications. While the program was gueg by a set of regulatory guidelines, commit-
tee members had full discretion to approve or deny apptinatand set loan amounts, terms, and the initial
interest raté® Although the Government provided villages with incentif@ssustainable management and

sanctions in case of mismanagement, there were no diremttimes for committee members.

2.3 Local elites and the MBVF program

Each Thai village is governed by a village head and a groupatars who make up the village council;
they are hereinafter referred to as the “local elite”. Thiage Council members are elected by villagers,
appointed by district authorities, and usually serve inceffintil retirement® The Village Council repre-
sents the main link between community members and highet-#ithorities. For instance, village council
members attend district meetings, collect resources fiilagers for religious celebrations or public works,
and oversee resolution of disputes between villagdiefman 1969 Mabry, 1979. In the study sample,
Village Council members are richer, have larger extensafriand, and are more likely to have off-farm

family businesses (see Appendix TaBEVII ).

3In order to borrow, households were require to purchasera siighe fund, at a very low costs. However, the funds thevesel
come from a one-time transfer by the Government.

The members of the Village Fund Committee were elected foryaa? term in a transparent setting and received a small
compensation for their serviceslénkhoff and Rungruxsirivorn2011), howeverHaughton et al(2014 documents that most of
the members continued in the position for several years.

5The most important of these regulations were that loansiamatlexceed THB 20,000, a positive interest rate had to besegh
on all loans, the initial loan term could not exceed one yaiad, collateral could not be required, although househddistt have
one or two cosigners.

8This was the case during the study period. However, a refore@11 established 5 year terms, but allowed Village Heads to
run for reelection.



The village fund committee wade jure an independent entity, but it is possible that the locakglit
had enoughde factoauthority to influence committee decisions. Although thecgbn of village fund
committee members is intended to induce accountabilitthénallocation of loans, committee members
may have incentives to favor their political supporters ouseholds with connections to the local elite.
For instance, when elections could not take place, the ctteenimembers were appointed by the village
Head!’ The local elites could indirectly influence committee merst@rough their economic or family
connections: On average, 46% of households in the sampiet tegnsacting with village council members
during the two years preceding the program and 13% of santlediolds are direct relatives of elite
members (see Appendix TakisexXVIIl ). In addition, relatives of the local elite could end up iraae of the
funds even in transparent election® Moreover, households with business connections to loitakatould
use their privileged position to influence loan allocati@eidions or to obtain preferential treatment. In such
a context, the potential gains in information from decdi#iray the allocation of resources to community

members could be undermined by rent-seeking behaBiammhan and Mookherje2005).

3 Optimal targeting

The central aim of this paper is to evaluate the allocatioresburces by community members. While the
program’s stated objective was to establish credit fundsriter to promote career development and job
and income creatiordovernment of Thailand004), there were no explicit guidelines regarding the target
population. Thus, the dimensions to be considered for thkiation of the allocation are not clear.

In this section, | sketch a simple theoretical frameworkrabgerizing the optimal allocation of public
resources and apply this framework to the context of the MBYdgram. The insights from the theoretical
framework imply that evaluating the allocation of credivdtves considering whether the resources were
provided to poor, high-productivity households.

The general problem of community members in charge of dilogaublic resources is represented in
(1). Community members choose the allocation of resoukces {b;*}jj’” that maximizes the weighted

sum of utilities corresponding to their fellow villageray) subject to feasibility, sustainability and other

"Haughton et al(2014 document that 15% of village fund committee members wepoimped directly by either the Village
Head or the Village Council

18(Cruz et al, 2017 document that individuals who belong to more central fasiare more likely to be elected for office in the
Philippines



constraints imposed by the central governméf(t)):

1=Ny

max > %V (b)

{brbry}

F(b) <0 (1)

Political favoritism, social norms, and preferences magiaeine the weights associated to each village
member {;), which | assume are exogenous to the allocation problEndenotes a househofdindirect
utility function which is increasing and concavebii.e., the value function from the corresponding house-
hold optimization problem—. Consider the problem of MBVuuittee. For the sake of simplicity, suppose
that households repay their loans with an exogenous prdigadsi which is known to the committee. The
committee faces monitoring costs; that vary across households, and loans are provided at amoeat-
imposed interest rate. In this case, community members solve the probleni)rgcing a sustainability

constraint of the form#(b) = S'=Nv b,(1 +m;) — S2'=N" ¢,(1+r)b;. The first order conditions impl}?

Y.
i (5
i = (1+m;)—qi(1+7)
Vi, J 3)

where); denotes the effective weight after incorporating the piiéfoss from providing a loan to a
given householdz§. In words, MBVF committee members will allocate resoursash that the weighted
marginal utilities from receiving extra-liquidity are emjuacross all villagers. Note that while commit-
tee members will punish households with a low probabilityredayment or a high monitoring cost, they
may still deliver credit to risky households if their perabrveightsi; are high enough for a particular

households—i.e., a relative—. If the marginal utility of extra unit of liquidity ngj is diminishing with

%More generally, the optimal allocation of resources implieat the ratios between the marginal weighted utility doting
public resources and the marginal costs of satisfying atlon constraints are equal across all villagers.

avV. ov;
"»bia—bz B 'z 3T;

oF ~  oF
b; b,
V1,7



respect ta;, then equationZ) implies that, conditional on the effective weights, it igtimnal for MBVF
committee members to provide resources to households whlowenefit the most out of the program—i.e.,
. 6Vi
high 5.~
The identity of these households depends on the economiexton which households make their opti-

mal decisions regarding consumption and input use. Famgst in a context of complete markets, optimal
input choice should not depend on household characterigte, wealth) as households behave as uncon-
strained profit maximizer firms. In that context well functiog credit markets will deliver resources to all
profitable projects, and the marginal utility from a progriman should not be a function of poverty. How-
ever, in contexts of incomplete credit markets, input udéhei a function of household’s characteristics,
and the marginal utility of a household from obtaining a Ié@m the program will depend on the type of

frictions that characterize rural credit markets.

For ease of exposition | discuss two frictions in credit ne#sk borrowing constraints and high borrow-
ing interest rates which would make self-financing a monmaeitive option for households even in absence
of borrowing limits?® In the case of borrowing constraints, a loan from the prognalirelax these con-
straints by providing access to more liquidity. In the setoase, because the program offered credit at the
lowest interest rate in the village, obtaining a loan for pinegram would lead to a reduction of the interest
rate at which unconstrained households borrow. The foligvitvo propositions characterize the household
marginal utility derived from a program loan in both cases.

Proposition 1: If households face borrowing constraints, the marginditytof relaxing this constraint
is decreasing in initial wealth. Moreover, the marginalliyi of relaxing a household’s liquidity constraint
is an increasing function of household productivity if thstakrtion in the optimal choice of inputs is large.
Proof: See Appendix sectioR.0.1

Intuitively, as richer households can substitute credttvinitial wealth, conditional on productivity,
their optimal choice of inputs will be less likely to be diged by the presence of liquidity constraints and
the shadow price of relaxing such a constraint will be smatles substitution may not be possible for poor
households. In the case of productivity, as liquidity-dceised households cannot obtain funds to finance
their optimal inputs choice, the marginal product of inpwili exceed the costs of financing inputs. This
distortion will be higher for high-productivity househgldAs poor, high-productivity households are more

likely to face binding liquidity constraints and experierfugher distortions in their optimal choice of inputs,

25everal models could generate such a friction. For instaheeexistence of intermediation costs or informationsembuld
create a gap between the interest rates obtained by degodithe borrowing interest rates, making self-financingesaplr option
than borrowing

10



their marginal utility from a program loan will be higher.

Proposition 2:If households are do not face borrowing constraints but faigg borrowing interest
rates, the marginal utility from a reduction in the intereate is a decreasing function of initial wealth and
an increasing function of household productivity ProSee Appendix sectioR.0.2

Intuitively, conditional on productivity, households Wwitow initial wealth will borrow more and would
benefit from a decrease in the interest rate. In contrastptisal input choice is increasing in house-
hold productivity, conditional on initial wealth, more mhactive households will demand more inputs, will
borrow more and hence will benefit the most out of a decreaieeiimterest rate.

Propositions 1 and 2 and the first order conditions from thecwifamittee’s problem2) imply that if
the probability of repayment and monitoring costs are @mtsicross households, and committee members
weight all households equally, it is optimal to deliver mogsources to poor, high-productivity households.
In practice, any deviations from such behavior should béagxgd either by differences in repayment prob-
abilitiesg;, differences in committee member’s preferences for aqaati household);, or the inclusion of
further restrictions to the committee member’s problemthimcase of the MBVF program, targeting non-
poor, low-productivity households would be justified if seehouseholds had high repayment probability.
However, if this was not the case, then targeting non-poer;groductivity households should be explained
by committee members preferences weighting other houseihalracteristics unrelated to poverty, produc-
tivity or repayment.

Motivated by the implications of the previous theoreticaniework, this paper reports results from
three empirical exercises analyzing the allocation of $ofiom the program: First, | test whether village
committee members delivered credit to poor, high-progitgthouseholds. Second, | compare the relative
performance of the actual allocation in terms of povertgeting and productive efficiency with benchmark
counterfactual allocations: means-testing and a baseladit score. Second, | analyze the extent to which
socioeconomic connections with local leaders relate tgatiens from the optimal target population, and

the extent to which these deviations are explained by inédion or favoritism.

4 Data and measurement

This study uses data from 172 waves of the Townsend-Thai hMo&urvey Townsend 2014). Starting
in September 1998, the survey covers two years prior to angeags after the program’s implementation.

The survey follows a sample of 709 households from randoralgcsed villages corresponding to four
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provinces in Central and Northeast Thail&Adl he dataset provides detailed information regarding &r@ns
tions among households, the portfolio of loans held by eaelséhold, input use, and household financial
statements.

While Kaboski and Townsen®012 and Kaboski and Townsen(2011) used the Annual Townsend-
Thai dataset to exploit cross-village variation in orderstody the effects of the program on household
outcomes, the monthly version of the survey is optimal tdyem@ahow resources were distributed within
a village. The monthly panel provides detailed informatiegarding socioeconomic interactions and loan
repayment which is not available in the yearly survey. WHhile annual survey covers a high number of
villages, it includes a small number of households in ealthgd. In contrast, the monthly survey includes
on average 44 households per village which allows for withilage analysis.

Out of 709 households who were interviewed in the first wavéhef survey, 509 households were
interviewed in the subsequent 171 waves, and an averageddidsseholds is interviewed in each wave.
As most of the analysis of this paper concerns comparisopsegrogram characteristics corresponding to
the first 40 waves of the survey, | focus on the unbalanced paB&1 households for whom data regarding
baseline interactions were available and present rolestifeecks using the balanced sample for results that

are obtained using variation over time (see Appendix Sed¢id).

4.1 Measuring poverty

| approximate poverty using the average baseline peraapitsumption corresponding to the year preced-
ing the program. | focus on per-capita consumption rathem thealth to capture the short-term component

of poverty.

4.2 Measuring pre-program productivity

To assess productive efficiency, | focus on household tatabf productivity as the main variable of interest.
| exploit a panel data set to estimate the parameters froroduption function which | use to recover pre-
program estimates of household total factor productivitestimate a production function corresponding
to household aggregate value-added by implementing thestage approach proposed ©jley and Pakes
(1996); Levinsohn and Petrii2003 and Ackerberg et al(2015, using intermediate inputs as the proxy
variable. | approximate output using total revenues frohmalisehold economic activities which include
agriculture, livestock farming, fishing and shrimping,-teffm family businesses and wage work outside the

household. Capital is measured as the value of the stockusighold fixed assets which include land, value

2provinces: Chachoengsao, Lop Buri, Buri Ram, and Si Sa Ket.
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of livestock, real-state, appliances and agriculturaliggent. Labor is measured as total hours per year of
labor provided by household members (on average 85% ofladial) and workers outside the household.
Intermediate inputs are measured as the value of inputhased outside the household which were used
in revenue-generating activitiés. | also provide robustness checks using productivity esésmifrom a
gross-revenue function estimated by GMM following a dynajpanel approach.

The choice of the empirical approach implies a series ofraptions which are discussed in the fol-
lowing paragraphs. First, because there is heterogemettyei sources of income in the households in the
data and because most households have several sourcesrokfiid aggregate revenues and input use all
household’s economic activities. This decision comes atsh af interpretation of the elasticities, since a
production function is specific to one particular proce$s.As the goal of this paper is not to compare
elasticities across sectors but to quantify variationsutpot conditional on input use, the analysis in this
paper focuses on productivity measures from all houselutidtzes.

Second, as there is heterogeneity in household econoniitiastand in the intermediate inputs con-
tributing to the generation of revenues, | estimate a valied production functiof?. However, a value-
added approach assumes that households can’t produce gnt without intermediate inputs—i.e., the
underlying production function is Leontief on intermediahputs Ackerberg et al. 2015 Gandhi et al.
2016-; which is a strong assumption in the context of subsigegriculture but a weak assumption when
households have several sources of income such as off-iasindss?®

Third, | choose a choice-based approaghlgrberg et al.2015 to recover productivity estimates over
a dynamic-panel approach (i.&Anderson and Hsia¢1982). While both rely on assumptions regarding
the timing of capital and labor choices, they differ in thewmsptions regarding the dynamics of unob-
served productivity and the way in which households accodat®productivity shocks. The former does

not impose a functional form in the dynamics of unobserveatipctivity but the latter imposes linearity

2These inputs include fertilizer, seeds, hired labor froheohouseholds, feed for cattle, and other tools requireddo-farm
family businesses.

A behavior typical of rural environments in which househatthnage risk by diversifying their sources of income
(Alderman and Paxsori994. Panel C from Appendix TablBXV shows that on average a household obtains revenues from
4 different sources: typically cultivation, labor prowsi livestock and off-farm family businesses.

%4This problem is typically assessed in firm-level analysigsiymating production functions by industries. Howeverthncept
of “industry” is not applicable in the context in which hohedds have several sources of income and sort in and out igyart
type of business. For instanddyshadhanm(2014) documents that households transition in and out of offifbusinesses fairly
often in the Thai villages of this sample. In the data, all¢eholds have at least two sources of revenues.

ZThere are other technical reasons for the choice of a valdeehfunction approach as opposed to a revenue functicowisll
the discussions oAckerberg et al(2015, and more generally iGandhi et al(2016), regarding the lack of identification of the
elasticities corresponding to intermediate inputs in gn@venue functions in choice-based methods such as thesederuthis
paper.

%In a nutshell, this assumption means a household can't peodeops without fertilizer, which may not be true. However,
adoption of fertilizer and seeds is quite high in the datas@8ssumption is also weak when we think of households hagrgral
sources of income.
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(productivity follows a first-order autoregressive pra&esHowever, the former uses intermediate inputs
to proxy for changes in unobserved productivity under treuagption that households can freely adjust
intermediate inputs. This assumption will be violated drn are adjustment frictions. In the context of the
sample villages, while there might be borrowing constsihbuseholds hold large amounts of inventories
which may allow them to adjust intermediate inputs to praiitg shocks?’ More formally, Sectiort.2.2
provides results from a graphical test for this assumptimp@sed bylLevinsohn and Petrii2003, and
from a test for rigidities in input adjustment suggestedstnenoy(2017).

4.2.1 Identification of the production function

In this section | describe the main behavioral assumpticeded to identify a value-added production
function, and defer a detailed discussion of these assanmgptestimation details and specification checks
to Appendix section$.0.1andD.1.6°® Formally, the goal is to recover pre-program estimatesJr
productivity shocks, observed by the households but umebdeby the researcher. Lgf; denote total
value added in logs®, k;; denote log capitall;; denote log labor, ane;; denote unforeseen exogenous

shocks to production. The log value-added production fands:

Yit = Bo + Bilit + Brkit + wit + €t 4)

The empirical challenge is to consistently estimate thematers from equationd) in a context in
which households choose labor and capital in response tuptigity shocks ). Levinsohn and Petrin
(2003 andAckerberg et al(2015 provide a solution by using variation from a proxy varialte;;) that
monotonically responds to productivity shocks to contopl\fariation in productivity, conditional on labor
and capital choice¥) | use the value of inputs to proxy for variation in produdivi Hence, the main
identification assumption is that households flexibly adjnsir demand for intermediate inputs in order to
accommodate productivity shocks in a strict monotonic way (= f:(wst; Lit, kit)), , conditional on capital

and labor choices. Strict monotonicity allows me to modeiateon in productivity shocks as a function of

?’seeSamphantharak and Townse(@D10) for a detailed description of household financial choigesdntext of incomplete
credit and insurance markets in these villages. In factpmggwork byKinnan et al(2017) find that less central households in the
village socioeconomic network have higher levels of ineepto accommodate production in contexts of idiosyncrsitiacks.

ZBappendix sectiol.0.1describes the theoretical model consistent with the eogieistimates, the moment conditions required
for estimation, and describes the estimation procedurpeAgix SectiorD.1.6provides a test for over-identifying restrictions and
discusses other alternative specifications.

2Value added is computed by subtracting the value of purchiamrits from the gross revenues generated by a household in a
given time period.

30Most firm-level studies either use investment as the proxiakte Olley and Pakes1996), or intermediate inputs, such as
electricity, as proxy variables.évinsohn and Petrjr2003.
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intermediate inputsu;; = f{l(mit; Li¢, ki¢)) and use this function to control for variation in produitgiv?*

Four other assumptions are necessary to recover total factductivity estimates. First, | assume that,
conditional on village-specific shocks;; follows a first-order Markov process. Second, | assume tiet t
stock of capital is a predetermined with respect to proglitgtshocks—i.e., it is a function only of investment
and the stock of capital in the previous periég € k(¢;:—1, ki+—1))—. This is operationalized by measuring
capital as the stock of fixed assets at the beginning of edehder year. Third, | allow labor choices to be
flexibly adjusted in response to contemporary productighgcks, but assume that labor decisions are not
correlated with future shocks to productivity. Finally,ms/sical measures of output and intermediate inputs
are not available, | include village-year fixed effects, asdume that input and output prices are common
for households in the same village in a given yéar.

Following the estimation process detailed in Appendix BadD.1.3 Appendix tableDXXI| presents
estimates for the elasticities of labor and capital cowagng to equation4). Column (3) presents results
for my preferred specification which uses 13 years of panal ecompute production function elasticities
which are then used to compute pre-program households g@reithy and provides evidence of constant
returns to scale. Column (4) reports elasticities obtaimeihstrumenting pre-determined capital with its
first lag to account for potential measurement error. Thelt®are robust to using only data corresponding
to pre-program periods (1999-2001) and a balanced panebmdatiriter households for the estimation
(Columns (5) and (6)J° Finally, using an overidentified version of the model (seéu@m(7)), | find that
it is not possible to reject the null that the model's struatuestrictions hold* Finally, Appendix table
DXXII shows that results are fairly robust to alternative measargs of capital, labor, and revenues and
to estimating different production functions for housetsolvhose primary source of revenues are related to

agriculture (see Panel B).

®1This motivates the first stage of the estimation approactwener, as discussed Bckerberg et al(2015 andGandhi et al.
(2016, none of the elasticity estimates are identified from equatl). See Appendix section.1.1for a discussion of the moment
conditions required for the identification and estimatiéthe elasticitiess;,Bk.

32Accounting for the influence of prices requires incorpamgia demand-system to the estimation framework and exicidv
tion in aggregate demand which is not available in this cdr(fee Loecker 2011J).

3production function elasticities using only pre-prograatadare very similar, almost identical. | base my conclusiom pre-
program productivity measures using elasticities coordjng to 13 years which are more conservative than ressitgjwnly
pre-program data.

%Note that although an overidentified system would delivereymrecisely estimated coefficients, the fact that | onlyepbes
two years of baseline data limits the estimation of TFP gedgifor the baseline years, which are the main input for trayais in
this study. More importantly, consistency of these estamaepends on the correct specification of the varianceieoeg matrix.
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4.2.2 Validation and discussion of the main identifying assmption

The main assumption of this approach is that, conditionatapital and labor, there is a strict monotonic
relation between intermediate inputs and productivity.pémpdix FigureDXIl provides a graphical exam-
ination of this assumption by plotting the productivity igsdtes as a function of the value of purchased
inputs, after partialling out the variation from capitabbr, and village-year shocksdvinsohn and Petrin
2003. | find evidence of a strict monotonic relation between picitvity and the proxy variable. Table
DXXIIl reports results from the test for adjustment rigiditiesgasied byShenoy(2017) and shows that
there is no evidence of rigidities in the adjustment of imediate inputs>> An alternative way of relaxing
this assumption is to estimate a value-added function wsdynamic-panel approacAriderson and Hsigo
1982 through GMM after ‘p-differencing” equation4). Columns(8) and (9) from Appendix tabl&xXXI|
reports elasticities from this approach which are simitethie benchmark estimations obtained following a
choice-based model. Columns(10)-(11) relax the valuedddsumption and report factor elasticities from
a gross-revenue function estimated through GMM followirdyaamic approach. ldentification in this case
comes at the cost of assuming that there are rigidities imadjgstment of intermediate inputs which allow
the econometrician to use input choices in previous perdsdastruments for current inputs (see Appendix
sectionD.1.5for details). As no approach is perfect, | report resultsnfrestimates of total factor pro-
ductivity following the dynamic panel approach for all thengparisons in this paper. | also report results
using direct measures of financial profitability followiSgmphantharak and Townsefa)10), such as the

asset-turnover ratio and profitability margins per unitexfenue.

4.3 Measuring repayment behavior

| track the full stream of disbursements and payments astsacio each loan reported in the survey, until
a loan is fully paid or defaulted on, and use these data totwadour indicators of loan performance:
First, | count the number of times a borrower failed to makeynpent and construct delinquency rates for
each loan. Second, | compute an indicator of whether thedgparienced any delinquent payment. Third,
I identify whether a loan was repaid in a longer period thanoitiginal term. Fourth, | measure returns
to the lender using thex postinternal rate of return on each loan in order to have a commeasuore of
loan profitability that accounts for loan size and changdbhenoan payment schedule. Although default is

observed, there is little variation on this as default ratesmostly zero in the data (See Tab)e

3To implement the test, | first regress value added on a fletfiild-order polynomial of current choices of capital, lalamd
intermediate goods and compute the residuals. Secondwhesher flexible polynomials of lags for capital, labor amigrmediate
inputs have explanatory power on the residuals from theréggession. Rejecting the null of no explanatory power gfi&d inputs
will be supportive of rigidities in the market for inputs.
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| complement these indicators with information regardimg lbans’ initial characteristics such as size,
term, the need for collateral, or a cosigner. Initial ing¢mates were self-reported and are converted to yearly
values by multiplying them by 12 or 52, in the case of monthig aveekly rates, respectively. A summary
of loan characteristics by type of lender is presented ilelabTo recover baseline delinquency rates for
each household and avoid sample selection, | take the averegy all the loans that were obtained before

the program, including loans from informal lendéfs.

4.4 Measuring connections with local elites

The dataset contains information regarding different $ypesocioeconomic interactions between house-
holds in the village’’ To prevent potential effects of the program on network fdioma | use only pre-
program interactions to identify connections. With the aihtapturing several dimensions of social inter-
actions, | use information on all types of transactions agnadmmunity member& Thus, a household is
defined as connected with the local political elites if anyte®fmembers reports either being a member of
the village council, or a first-degree kin of a council memloethaving engaged in at least one interaction,
of any type, with any village council member during the bmseperiods®®

There are two limitations to these connections measurest, By using the extensive margin of transac-
tions to define connections, it is possible that a houselsaldentified as connected because of one isolated
interaction. Since the relative salience of each intapactiannot be identified nor valued, when pertinent |
provide robustness checks using an alternative definitia@oinectedness based on Principal Component
analysis across the different types of transactions. Sksimce only village council members in the sample
can be identified, as opposed to all village council memhbese is a potential downward bias in measur-
ing connections with elites. Thus, the results based on adsgns between connected and unconnected
households represent lower bounds of the true differendesever, this bias should not be strong as village
council members represent only 10% of the households arehstt bne committee member is observed in

each village in the sampf€.

%6Use of institutional credit was not universal and would fithie ability to use pre-program information for househaldhout
access to institutional credit.

%"The transactions can be roughly categorized in seven grauiput sales/purchases, asset purchases/relinquisniems-
fers (gifts), borrowing/lending, paid labor provisionfdand, unpaid labor exchange, and other inputs, which iectadterials
purchases/sales as well as advising and mentorship.

%8sSummary statistics by interaction type are provided in Ajibe TableBXIX

*While other measures—such as geodesic distance (shatkytmight provide a better approximation of the distaretevben a
household (node) and the elites in the network, these mesaue subject to potentially high biases arising from thepsad nature
of the transaction data. As noted Bhandrasekhar and Lew(2017) there is non-classical measurement error when conneaction
are computed using only a sample of the nodes in a networkienalssociated bias gets more complicated to tackle wheroretw
statistics that involve indirect connections are empladieed the path length to the closest elite member).

4OaAppendix TableBXVIlI shows demographic characteristics by type of connectidh thie elites. Appendix TablBXVIII ,
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5 Targeting analysis

In this section | analyze first if the program was successftéaching poor,productive households, and then
| test: i) whether there was a tension between targeting the poor divdriey credit to high-productivity
households anil) whether allocating resources based on a credit-score viavie led to a more equitable
or productively efficient allocation.

While the program currently operates in several villagefcus on the first two years of the pro-
gram for two reason$. First, | compare baseline characteristics between prodpemeficiaries and non-
beneficiaries, and to the extent that consumption and ptvdyaesponded to the program or significantly
varied over time, baseline characteristics are more reptatve of the context around the rollout of the
program. Second, modifications were made to the prograns wdizr its rollout, such as changes in the ori-
entation of the funds to community improvement projectacians for poorly managed funds, and rewards

for successful ones.

5.1 Comparisons of program beneficiaries and non-beneficigs

| find that the program did not target resources neitherdilg a poverty targeting nor a productive effi-
ciency criterion. Figuré. depicts the cumulative distribution function of per-capibnsumption and value-
added total factor productivity for program beneficiaries @mon-beneficiaries. Loans from the program
were allocated to richer households; the distribution afgapita consumption for program beneficiaries
first-order stochastically dominates that of non-benefiesa Regarding productivity, the program on aver-
age targeted households from the middle of the distributiototal factor productivity and was less likely
to target high-productivity households: less than halfighkproductivity households (i.e., top 25% of the
distribution of productivity) obtained loans from the pram . Table2 quantifies the extent to which the
program misdirected resources in relation to both the ppvargeting and the productive efficiency. Panel
A shows that on average, the program targeted wealthierehoids and the differences arise at the bottom
of the distribution of per-capita consumption; the 10thcpetile is 22% higher for households who had
access to credit from the program. In terms of productivhg 75th percentile of the distribution of total
factor productivity is 15% lower for program beneficiariban for non-beneficiaries. This pattern is similar
in the case of complementary measures of productivity apdrigcularly stronger in the case of the alterna-

tive gross-revenue productivity estimates obtained byatternative dynamic panel approach ( see bottom

complements this information by presenting summary siegisf baseline connections with local elites.
41| choose two years in order to capture households that mapawat needed credit during the first year but obtained credit
during the second year.
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panel).

5.2 Poverty targeting , productive efficiency, equity and reayment

Basurto et al(2017) highlight the importance of distinguishing between poyeargeting and poverty re-
duction, which may arise in a context in which the poor may mextessarily be the most productive. To
test the salience of this tradeoff, | evaluate the the allonaachieved by community members in relation
to the allocation that would have been observed had loans dféered according to a pro-poor criterion—
i.e., means testing (MT). This criterion aims to captureatecation that would have been observed if the
Village Fund committee placed a high weight on deliveringpraces to the poor.

Similarly, it could be the case that committee members faceddeoff between targeting poor, high-
productivity households and households with a high expespayment rate. To test the importance of this
tradeoff, | compare the the allocation achieved by commyumiémbers to the allocation that would have
been observed had loans been offered according to a credi sased on predicted baseline probability of
missing a due payment for institutional loans. While anctmn based only on a scoring model may not
fully reflect the choices that would be made by a traditiondl Mredit officer, a counterfactual allocation
based on a scoring model is policy relevant as it capturesritdtion regardingx anterisk which might be
costly to the lendeBchreine(2000 and is informative regarding the decisions that would Hasen made
by a lender who highly weight risk when deciding how to alkeceesources.

In order to identify households who would have been targeyegimeans-testing criterion, | compute the
average stock of per-capita gross assets over pre-progeaondpg and construct within-community wealth
rankings?> Using these rankings, the households with the lowest positare classified as the MT tar-
get group and are selected into this group until reachingugitake rates of the MBVF during the initial
two years of the program (avg. 62%). | follow a similar apmtoaising percentile rankings of predicted
delinquency rate giving priority to households with low gicted delinquency rat&. This process classifies
households into four groups: households that would have taegeted by both the program and the respec-

tive alternative criterion, households that would havenbeecluded from both allocations, households that

42Gross assets data is obtained from the households’ balaretsscompiled bsamphantharak and Townse(®@D10. Gross
assets include non-land fixed assets (i.e., householdsasa#ivation and family business assets), livestock and halue.

“3To recover baseline credit scores related to loans fronitutisnal lenders, | use a subset of households with pregar
access to institutional credit (i.e., credit from formalquasi-formal lenders) to estimate a model of baseline geéncy rate for
institutional loans as a function of household demographit productive characteristics. | then use the coefficigittsat model to
generate predicted delinquency rates for all householtteisample and construct percentile credit-score rankimgach village
assigning a higher credit score to households with low ptedidelinquency. The household characteristics incluieséhold
head age, gender and years of education, total land holdmgjshares of total revenues by source. All continuous biasaare
grouped by quartiles and are interacted with household geader in the model. The model also includes village fixeelotéfand
overall explains over one-quarter of the variation in thebability of exhibiting delinquent payments in the baselperiod.
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were reached by the MBVF program but would have been exclbgléde alternative criterion, and house-
holds that were excluded from the VF program but would hawnltargeted by the alternative criterion (see
Appendix TableAVIIl ).

Means testing would have targeted a different set of peapler 40% of households targeted by the
program would have been excluded by the MT criterion. Wititse households are by construction richer,
they are on average more likely to be low-productivity hdudeés (bottom 25% of the productivity distribu-
tion). Figure2 plots the probability of obtaining credit from the programder the observed allocation and
the means-testing criterion as a function of percentilgeeofcapita consumption and total factor productiv-
ity and shows that, in terms of productivity, means-testiogs a better job than the program at excluding
low-productivity households, but the program is slightlgnalikely to include high productivity households
than a MT criterion. Tabl@ compares means and quantiles of per-capita consumptiopraddctivity be-
tween households who would have been targeted by the proguanvould not have been eligible under
the MT criterion and households who would have been tardegetie MT criterion but were not program
beneficiarie$? Overall, the results show that MT outperforms the programtenrall metrics. Contrary to
the program, a means-testing criterion would have offereditto the ultra poor and simultaneously would
have excluded households belonging to the bottom 25% ofigtiebdition of total factor productivity.

Over a third of households who obtained credit from the @ogwould have been excluded by a credit-
score targeting criterion. These households were mordy likebe low productivity households (bottom
25%) though also less likely to belong to the top 25% of thériistion of per-capita income. Relative
to the program, a credit score criterion would have offereatlit to a higher share of poor households,
a lower share of households in the middle of the per-capitswmption distribution and a higher share of
households from the top of the distribution. In terms of prctiVity, targeting credit following a credit-score
criterion would have delivered credit to the household$iwighest productivity. This differences in terms
of efficiency are sizeable: households who obtained creatit the program but would have been ineligible
by a credit-score criterion were on average 11% less prisd@utttan households who did not obtain credit
from the program but would have been offered credit by therméttive criterion. The results are driven
by differences in the top of the productivity distributioseé Tablel). Again, the same pattern is observed

across different proxies for productivity.

4see Appendix FiguréVil for an illustration. A characterization of targeted housldh is presented in Table (Columns

(6)-(7)).
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5.3 Discussion

| find that resources from the program were not optimallycated neither with respect to poverty target-
ing, nor with respect to productive efficiency. Moreoveg #ilocation of resources is not consistent with
an allocation that would have targeted households with tgleest repayment probability measured by a
scoring model. Thus, the allocation achieved by the elevitdge Fund committee is unlikely to have
been motivated by concerns regarding equity, productifiei@fcy or risk. These results contrast sharply
with experimental evidence from a NGO-led credit progranMii in which low-return households self-
selected out from crediBgaman et al.2014). The main explanation is the screening mechanism used by
each program. The program in Mali had zero government iatgion allowing price to be the main relevant
screening mechanism.

In this paper, | study a government-funded program managedeioted community members who have
full discretion in the application process and in definingdaconditions. The theoretical framework dis-
cussed in Sectiofs suggest that failure to provide credit to poor, high-prdtity households might be
related to Village Fund committee members weighting theliotv villagers following criteria that are not
consistent with poverty, productivity or risk. A competiinypothesis is that committee members weighted
more households with socioeconomic connections to loealdes. However, there are other factors that
could influence the way in which Village Fund committee mersheeight each household such as exter-
nalities of financing a particular project or simply lack afrdand for credit; Sectiofi directly examines
the role of connections with local authorities in the alkbma of resources and discuses alternative com-
pelling explanations while Sectiondiscusses concerns regarding the demand from credit faeholds
with lower chances of obtaining credit exploiting variatim the supply of credit in the village financial

system induced by the program’s rollout.

6 Access to credit from the program, connections with local lgées, and fa-

voritism

A central concern related to efforts to decentralize thecalion and management of public resources to
community members relates to perverse incentives that e@alytb favoritism or resource capture. However,
the appeal of decentralized approaches to policy membkes @ the idea that social connections may
transmit information regarding program beneficiaries Whitight be costly to obtain by traditional policy

makers. In this section | first show that households with eations to local elites are more likely to obtain
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credit from the program. Second, | discuss the extent tolwthiis relation is related to information and/or
favoritism.

Figure3 depicts raw averages of the probability of obtaining a laamfthe program for elite members,
connected households and disconnected households. Resdom the program were disproportionately
allocated to households with connections with the elitekis Ppattern is not explained by differences in
baseline repayment history (see Appendix takilé ). In terms of poverty targeting or productive efficiency,
connected households were neither poorer nor more preduddanel A from Appendix tabléX shows
that while on average connected households are similardorunected households in terms of per-capita
consumption, among the poorest households, connecte@tmds are better off: The 10th percentile in
the distribution of per-capita consumption is 12% largercionnected households. Panel B shows that con-
nected households were on average as productive as untetimeciseholds; however the 75th percentile
of total factor productivity is 17% lower for connected hehslds. This pattern is even stronger across other
measures of productivity (see panels C-E), and is precidaberved in the regions of the per-capita con-
sumption and productivity distributions where program dfemaries differed from non-beneficiaries (see
table?2).

To understand the extent to which village fund committee tvens use connections to proxy for de-
sirable borrower characteristics, Tallleshows regressions of the probability of obtaining a loamftbe
program during the first two years of its implementation onrextions with the elites controlling for the
number of links each household has in the socioeconomicankt{@egree), a set of baseline demographic
characteristics, productive characteristics, credibhys and village fixed effect® Column (1) shows that
connected households are 18 percentage points more likelytain credit from the program and that these
correlation is reduced to 10 percentage points after cliinfydfor relevant household characteristics (see
Column (3)), baseline access to credit (Column (4)) andymrtdety (Column (5)). Column (6) decomposes
connections with local leaders by type of connection—teuyncil membership, connection through trans-
actions, or being a first-degree relative—and shows thatdirelation is driven by council membership and
direct transactions with council members. These resufigests that connections carry important informa-
tion. However, the results suggest that improvements ormétion do not fully explain the disproportionate

allocation of resources towards connected households; after controlling for relevant borrower charac-

“The baseline delinquency rate is computed as the numbemnesta household fails to make a loan payment as a share of all
payments due for loans obtained before the introductioh@fprogram. Although only 60% of households ever reportédip
a loan from formal or quasi-formal sources in the baseliméops, most households reported holding loans from eitfi@rinal
lenders. | use information regarding the history of payre@iteach reported loan, regardless the source, to complinewency
rates and avoid dropping observations from householdsdeapite not obtaining institutional credit, have credjterience from
informal loans.
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teristics, connected households are still 10 percentaigéspuore likely to obtain credit from the prograih.
One alternative explanation for this allocation, whichldgootentially be consequential for the program’s
sustainability, is favoritism. If that were true, connettouseholds should obtain better loan terms, leading

to lower returns for the lender.

6.1 Favoritism towards connected households

In order to test for favoritism accounting for unobservedrbaer characteristics, | use a sub-sample of
344 households who have ever borrowed from both the prograhother local credit sources. | compare
differences in initial interest rates aes postreturns to the lender for loans obtained from the prograrh wit
respect to loans from local credit groups for connected ¢loaisls to similar differences for unconnected
households, controlling for borrower and lender fixed a§&¢

Comparison local credit groups include production crediugs (PCGs), women’s groups, and other
village organizations that provide credit. These creddugs and the MBVF program are managed in
similar ways: The allocation of credit is decided by comniyimembers. However, they differ the way
they are funded: The MBVF program is fully funded by the gowveent while local credit groups rely
on contributions from group membei%:® The similarities and differences across these sourceseditcr
allow me to focus on two sources of variation: variation imrbwer’s connection status, which captures the
potential political influence; and variation in the origifitbe funds, which captures the ability of borrowers
to take advantage of their connections.

| focus on initial loan characteristics such as interestgaterm, and size. As repayment frequencies
vary across loans, | focus on loan outcomes from a crossseatiloans that reached maturity, and were
obtained after the implementation of the program. As thewexy rate of loans from the program is 99% in
the sample® | measure loan performance as the probability of a delingpayment and the delinquency
rate of the loan. Since differences in loan characteristiay affect repayment, and loan size may reduce

administrative costs and interest rates, the main outcdrimavest is theex postinternal rate of return.

“®Note that the R-squared from column (6) is considerably talvan that of columns (7)-(9), suggesting that the contami-v
ables capture important information explaining the pralitgitof obtaining credit under different allocation criten. This pattern
suggests that household characteristics could be gooétfmedof uptake of credit from pre-existing sources nuythee not as
good in the case of program, which suggests that selectionabservable characteristics is even more important ilMBYF
case.

4’Such an approach is common in the literature in the contexieafit and political connectioriéhwaja and Miar(2009), testing
across monitoring modelShaban(1987), and the study of the role of comparative advantages ane-b@sed discrimination in
agricultural task$oster and Rosenzwe(@996).

“®These sources of credit have been shown to be helpful in gingnasset growth, consumption smoothing, and occupdtiona
mobility through the provision of cash credit to communitgmmbers in the context of Thailanddboski and Townsen@005).

4°See Table for comparative summary statistics for different sourdesredit.

0The recovery rate is 96% for local credit groups (see Taple
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In order to test for favoritism | use the following specificat

Yijt = ai+6;+ pConnectedx MBVF; + 0yt + €555t (5)

The unit of observation is a loan obtained by houseldtdm lenderj in yeart. Y;;; denotes the loan
outcome or loan characteristic of interest; and §; denote households and lender fixed effects. While
the analysis is in principle cross sectional, | control fdlage-specific time-varying shocks by including
village-year fixed effectsd(:). Connected; and M BV F; are indicators of whether a borrower has pre-
program connections with the elites and whether the loanolséasined from the MBVF program. The
parameter of interest i§ which measures relative performance of loans to conneabeddnolds from
the MBVR program, under the assumption that there were ntserged shocks differentially affecting
program loans corresponding to connected households.cohiern is partially assessed by including bor-
rower fixed effects, but this assumption would be violatetbif example, the program modified repayment
behavior specific to a type of lender (MBVF or local creditgps) and a type of borrower (connected or
unconnected)>!

Columns (1) to (4) from Tablé present means of loan characteristics and outcomes by tyjgerower
and lender. Column (8) presents estimateggaforresponding to the specification in equatié), @nd
shows that loans from connected households are relatigeded (22%) and cheaper: The initial interest
rate for program loans to connected households is 1.5 pgagepoints lower than that for loans from local
credit groups to connected households, while unconnectesdmolds borrow at the same rate regardless of
the source. To understand whether better loan conditidatert favoritism or actually reflect lower risk,
Column (8) in Panel B shows that while connected householt® Vess likely to have had a delinquent
payment on loans obtained through the program, this diffexedid not compensate for the preferential
interest rates, as delinquency is very low for both sourdesalit>? As a result, there is a 2-percentage-
points decrease in thex postinternal rate of return to the lender for MBVF loans to corteddouseholds,
which accounts for 25% of the average postinternal rate of return for loans from self-funded localdite
groups. Note that all the differences arise from differsniteloan outcomes for connected households;
Columns (5) and (6) show differences in loan outcomes by tfdender for connected and unconnected

households, respectively. No significant differencesgnthan loan size, are detected for unconnected

51| provide supporting evidence for this assumption in Apgerihble AXIII . Columns (4)-(6) test for differential short-run
effects of the program on borrowing from credit groups ugimg rollout of the program; there are no significant effects the
point estimates are not economically meaningful. An exgimm of the empirical approach used to obtain these reisulsferred
to Section?.

52See Tablel for statistics for the financial system.
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households.

6.2 Discussion

The results in this section support the hypothesis of féganitowards connected households in the context
of the program in the form of cheaper credit, which is assediavith foregone returns to the program. How-
ever, the results do not imply that the repayment rate foptbgram was poor or that it was not profitable,
overall. The results do suggest that program loans could bane to better hands and that the program
could have grown faster. For instance, this behavior majaexpvhy, despite its high repayment rate, the
program’s lending portfolio was not able to grow at the sameepas the Thai economiféughton et aJ.
2014).

Although the evidence in this section is consistent withrib#on of costly favoritism, there are other
compelling reasons why connected households obtained cnedit from the program. First, village fund
committee members may have tried to increase employmertinaulate the market for inputs. Appendix
table AXI shows no differences in capital-to-labor ratios betweameoted and unconnected households.
Second, elected committee members may have differentrprefes which not necessarily follow a poverty
targeting, productive efficiency or risk minimizing crii@r | argue that such a large difference in program
participation will be harder to reconcile with alternatipeeferences other than taste-based discrimination.
Third, unobserved application costs may differentiallfeetf unconnected households. While the program
relaxed the need for collateral, borrowers were still rezpliito obtain two cosigners and finding a reliable
cosigner might be costlier for unconnected householdsthygtpotential explanation is supportive of the
main implication of the results in this section: a commurtigsed approach to allocating credit disfavors
unconnected households.

The evidence in this section is meaningful to the extent thettonnected households needed extra-
liquidity and selection into the program is mostly explaii®/ supply side constraints. Sectidmprovides
evidence supporting this assumption inspired in the fdlgwidea: To the extent that the program fa-
vored connected households, other actors in the financsasyshould be willing to serve unconnected
households who want credit. The following section provideslence of how credit markets reacted to an

expansion of credit in the village economy that targetecheoted households.
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7 Program spillovers to unconnected households

The results from the previous section show that the progessoréd households with connections with the
elite and might not have directly reached unconnected hhmldse. However, as favoritism is costly, other
lenders in the market should be willing to provide loans tefaliored, unconnected households. In this
section, | test the empirical relevance of this argumentriafyzing whether the supply shock generated by
the program indirectly increased credit use by unconnelsteseholds. Because institutional lenders are
likely to face adjustment costs, | focus the analysis onrintd markets which might be flexible enough to
quickly respond to the increased in credit supply inducethbyprogrant? Analyzing program spillovers is
important for two reasons. First, it allows for analyzing #ixtent to which the resulting program allocation
was driven by unconnected households self-excluding ftoenprogram or actually being disfavored by
program committee members. Second, testing for prograiosgis is informative about the role of markets
in offsetting targeting errors and about the extent to whidources to improve targeting of social programs

may be a first order concern for policy members.

7.1 Empirical strategy

The program represented a sudden increase in total lenditigeivillage economy. FiguraVIll shows
that there was a spike in aggregate lending within the firetrivonths of the release of the funds from the
program which lead to further increase. Following the idtrction of low interest loans from the program,
aggregate borrowing increased by 24% in the sample villagién a year from the rollout of the program.
To determine if there were short-term reactions in creditkets, | exploit monthly variation in the differ-
ential rollout of the program across villages: The resagimgere released in June 2001 in the first village
in the study sample, and the rollout continued until Felyr202 for the last village in the dataset (nine
months). As this variation is relevant over a short periotro€, | restrict the analysis to the 18 months just
before and after the program was introduced in each village hence the results are only informative of the
short-run impacts of the release of the program. Identifinaif the treatment effects from the rollout of the
program is achieved under the assumption that, conditeméllousehold time-invariant characteristics, the
rollout of the program was not related to unobserved shdwisdetermined household decisions to obtain
credit. A main concern in this context is the potential caerace of the program'’s rollout with different

periods in the agricultural cycle. Secti@r83 and Appendix Sectiofi develop a framework to directly test

%3The literature has documented the importance of informaketa in providing resources to households that may not have
direct access to formal crediKinnan and Townsend2012), or were not eligible for social programérgelucci and De Giorgi
2009.
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for this threat to identification and discuss other methogioll issues.
In order to examine the presence of pre-program trends andythamics of the effect of the program,
I compute flexible difference-in-differences estimateshef rollout of the program on credit using the fol-

lowing empirical specificationd):

=18
Yivt = a; + 0 + ]Z BillTut = J| + €ivt (6)
j=—18,#-1

whereY denotes total borrowing by househaldn village v, at montht. 7,; denotes time to treatment
for each village in a given month. Household fixed effectsdameoted byx;, andd; denotes a set of calendar
months and year indicatoré. The coefficients of interest ars; 38 s which capture the difference
between total average borrowing by households in perjpd= j relative to the month preceding release
of the funds t,: = —1) compared to the difference in total borrowing by housesaidvillages where
funds were not released by that month. A causal interpogtati these parameters relies on the assumption
of parallel pre-treatment trends between the villaggs= 0,V; < 0) and the absence of post-program,
village-specific shocks that may affect borrowing decisiofo approximate the average treatment effect of

the rollout of the program over the period of analysis, | @sbmate:
Yivt = o; + 0: + ,BPOSt'Ut + €ivt (7)

In this equation,Post,; is an indicator that takes the value of 1 in the months follmnihe rollout of
the program in each village. The parameter of interest iraggu (/) is 8, which captures the average
differences in credit uptake before and after the releaggagiram funds across households from villages
that experienced the release of the funds in different gerio

A comment regarding inference should be made: | use maimlgtien across 16 villages in the timing
of the rollout of the program to identify intention-to-tteeffects of the program, and the scarce number
of villages poses a threat both to power and accurate irderehpresent standard errors clustered at the
household level to account for serial correlation. To aotdar within village correlation of error terms

in the context of a small number of clusters, the regressbtes report p-values from the wild bootstrap-t

5Note that as time to treatment is strongly correlated witlvesy wave, inclusion of monthly dummies could lead to multi-
collinearity and failure to identify any meaningful parareand inability to test for parallel trends. By using calenmonth
and year fixed effects it is possible to construct a surveyevspecific intercept and weaken the correlation with thmaétto-
treatment’ variable. Future versions of the paper will iempent the methods suggestedBgrusyak and Jaravéape)) for this
type of problems to test for pre-program trends more forynall

27



procedure suggested liyameron and Mille(2015 imposing the null hypothesis of no effect. However,

this approach tends to have low power and lead to consesviafierence’>

7.2 Results

| find that unconnected households indirectly benefited ftbenprogram through informal local credit
markets, mostly from relatives. Figudepresents flexible difference-in-difference estimatesesponding

to equation §) and shows that there was an increase in borrowing fromrmdibfenders by unconnected
households, and no effect for connected households. Figsltews that the effect is mostly driven by loans
from relatives, usually at null interest rates—averagerest rate is 9%, but median interest rate is 0—(see
Table 1).°® Table 7 presents average treatment effects by connections witklifes and shows that the
program lead to a 30% increase in informal debt in the casaadnnected households.

The results reported in the previous paragraph are consigfigh evidence of re-lending. Appendix
table AXIV shows that the probability of lending to other householadsdased by 2 percentage points in
the case of connected households (12% of pre-program a)ei@ga result of the rollout of the program.
Event-study estimates show that there was a surge in totding for connected households within two
months of the rollout of the program (see Appendix figlit® ), yet these effects are imprecisely estimated.

Moreover, kinship networks were not the only margin of atipent. Appendix Figuré shows that
unconnected households borrowed more from BAAC, the stateed bank, in some periods following the
rollout of the program. These results constitute only sagge evidence of spillovers as the average effect
is not significant, though economically meaningful ( See é&mgix TableAXIIl ).

Overall, the program had little effect on total borrowing éonnected households. Appendix Tahbell
and Appendix figureAX present estimates of the impact of the rollout of the progoarthe probability of
holding any loan and total debt from any source, by connestith the elites. The figure shows that the
program barely increased access to credit for connectegthoids despite providing them with over twice
as much resources than connected households. This findig srprising as connected households had
higher access to credit even before the program.

Despite spillovers and general equilibrium effects dgvincreases in non-program borrowing for un-
connected households, the magnitudes are not big enoughiyt@dmpensate the differences in total bor-
rowing form the program. Back-of-the-envelop calculasi®uggest that the effects on non-program bor-

rowing for unconnected households only account from oire-tbf the differences in borrowing from the

%As discussed bameron and Mille¢2015 most available corrections for small number of clusteasl e appropriate accep-
tance rates, but they have reduced power. This is a concénisipaper as the number of cross-section observationsak.sm
®However, interlinked transactions in the kinship networkynmake up for zero interest rates on loans.
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program between connected and unconnected houseHtold@i&e result shows that unconnected house-
holds needed liquidity and suggest that the allocation ahdofrom the program was not explained by
self-exclusion. Unconnected households were less liketptained credit from the program and when they
did, they obtained less money, suggesting that other leridehe system were helpful in reallocating the

resources towards disfavored households.

7.3 Threats to identification, robustness, and attrition

The assumption that the rollout of the program was exogemdtisrespect to credit decisions is central
to the identification strategy in the preceding section. ld/thie flexible difference-in-difference estimates
show that there were no differential pre-program trendss ot clear that there were no post-program,
village-specific shocks that may have affected credit dmtss Although monthly fixed effects control for
seasonality, it could be the case that the funds were diffiaiey released in periods in which higher activity
in the credit market was expected. For instance, villagdh earlier implementation benefited from the
program during planting season, but villages with delayeglémentation received the funds at the end
of harvest season. If households decided to finance opesaitioa particular season, the estimates from
the preceding difference-in-difference approach coutt @lapture the effect of the agricultural cycle on
credit. In Appendix Sectior, | discuss in detail a placebo exercise designed to teseifrdsults were
driven by village-specific, seasonal patterns confounditd the rollout of the program. Concretely, | use
observations corresponding to survey waves up to a yeareb#dfe program was implemented in the first
village (r, : € [—36,—6)), and normalizer, the variable representing time-to-treatment, to be betw&?2
and 17 (the base category is -1), such that the calendar sonthhich the funds were actually released
coincide with the ones in the placebo exercise. | then egtiraguation §) in this sample and compare
the results from the placebo sample to those reported irptper. There are no significant effects in the
placebo exercise.

Regarding attrition, | provide replications of the mainfelience-in-difference results presented in this
paper for the 509 households that were interviewed in allrbdgds of the survey. Results are not sensitive
to attrition (See Appendix Sectids). Regarding potential noise in the measure of connectioreplicate
the main tables of the paper using an index of connection thételites, the computation of which is based
on the first principal component of the correlation matrixcohnection with elites through all possible

socioeconomic interactions. All results hold under botprapches (see Appendix sectibr).

5"This result is obtained from adding the effect on borrowirayf relatives (THB 416) and from BAAC (1,018) for unconnette
households and dividing it by the difference between thectf the rollout of the program on program borrowing for cected
households (THB 7,092) and unconnected households (THBR,5

29



8 Concluding remarks and discussion

Community-based approaches to targeting public resowoccesmmunity members are increasingly pop-
ular in the policy world. Despite that little is known regarg the performance of these approaches in
market-driven environments such as credit. This papegbringether two central debates in development
economics: the delivery of public resources through lo@hdcratic organizations and the provision of
affordable credit to poor, high-productivity householdhe results in this paper highlight the limitations
of a subsidized community-based credit program to delivedit to poor, high productivity households.
Consistent with the traditional concern of resource captuithe literature that studies the decentralization
of public programs to community membeBafdhan and Mookherje005), resources from the program
were disproportionately allocated to households with lr@sédusiness connections with local elites.

These results are partially explained by the role of infdrama After controlling for demographic and
productive characteristics as well as credit history, threatation between connections and program partic-
ipation reduces, yet it is still strong. This result suggedkat the cost of obtaining relevant borrower infor-
mation was higher for unconnected households and has iamgrolicy implications in contexts in which
attributes for beneficiaries are hard to observe. The extenhich community-based targeting approaches
lead to better targeting will depend on how connected arenpial beneficiaries. Concretely, if poor,high-
productivity households are socioeconomically isolatein in the absence of rent-seeking behavior they
may be less likely to be targeted. This result complementieace showing how village network character-
istics explain heterogeneity in targeting errors from a mamity-based cash transfer progrddatas et al.
2012.

This paper also documents evidence of favoritism in a cortekansparent elections of village fund
committee members and speaks to the debate regarding tergelf public resources through local demo-
cratic organizations. While the expectation was that parent elections would ensure accountability, the
results in this paper suggests that elections politicibedatlocation of resources. The results are consis-
tent with the theoretical prediction that decentralizatinay lead to regressive allocations when policies
are financed through government grants instead of userilmatitins Bardhan and Mookherje20063, as
is the case of the MBVF program, and with cross-village gtsidiocumenting favoritism and clientelism
(Asher and Novosa®017 Anderson et a).2015.

A first order concern is that of how to maximize the use of infation and simultaneously prevent rent-
seeking behavior in community-based approaches. One weg be by fostering self-funded credit groups,

as opposed to creating village funds with subsidized ressurThis is already a popular policy approach
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backed with encouraging evidence of its effects both ondlooisl productive behavioK@boski and Townsend
2005 Deininger 2013 and in relieving households from high-interest money &adHoffmann et al,.
2017. Research testing whether there are social barriers miiagepoor, high-productivity households
from participating in these groups would shed light regagdhe effectiveness of this approach to alleviate
poverty. Moreover a more careful comparison of the mechasdriving selection into credit across differ-
ent policy-relevant implementation approaches —i.e., Gi¢f-help groups and traditional microfinance—
would provide insights towards future policy directions.

An alternative avenue for further research is to investidaiw truth-telling mechanisms could be im-
plemented at scale in order to obtain valuable informatiomfcommunity memberddussam et al(2015
show that simple monetary incentives for truth-telling nivegrease the accuracy of the information obtained
from community members. Research analyzing the effect afgelscale implementation of community-
based targeting with truth-telling incentives may be a péwedool for policy efforts that aim at taking
politics out of the equation.

This study also speaks to the importance of understandmgtéractions of public policy efforts with
markets, and political economy factors in a general eqiilib framework. In particular, this paper con-
tributes with novel evidence showing that credit markety wiffset potential targeting errors. While evi-
dence of spillovers from large scale programs towards ngistad households may suggest that targeting
should not be a first order concern as markets may deliveuress to the intended destination, the relevant
guestion is the price mistargeted households have to paydier do benefit from public resources. This
study finds that other lenders in the village financial sysamahkinship networks are important in indirectly
delivering results to households lacking of connectiorth faical leaders. While the former involved higher
interest rates than those from loans from the program, tker lanay imply interlinked transactions which
may be costly for either the borrower or the lender. Thestsaoay ultimately determine if targeting should
be a first or second order issue in public policy.

Finally, this paper provides evidence that aids in intdipgethe results from the impact evaluation of
the MBVF program. FirstKaboski and Townsen(2012) find increases in consumption and income growth
with no effect on investment. Ongoing work IBreza et al.(2017) document heterogeneous effects of
credit from the MBVF on investment, driven by heterogengityproductivity. My results provide a bridge
between these studies by showing that credit was inefflgiafibcated and documenting the mechanisms
leading to that allocation. Second, other studies analymihether the program reached poor households
suggest that resources were directed towards the pood basgater-village comparisongi@ughton et a.

2014 Menkhoff and Rungruxsirivorni2011). By using socioeconomic networks data, the results fram th
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paper suggest that cross-village comparisons hide sulatasymmetries in access to resources from the

program, which only a detailed intra-village analysis iteab capture.
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9 Figures

9.1 Targeting analysis

Interpretation: Poor and high-productivity households were excluded froengrogram.
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Figure 1: Cumulative distribution function of baseline lpgr-capita consumption and productivity

Note: The top figure plots the cumulative distribution fuoot(CDF) of log per-capita consumption, measured at basefor households with access to credit from the prograrff62
and households who didn’t obtain credit from the progran®B8uring the first two years of its implementation. The bwttfigure plots a similar comparison for the CDF of log totaltéac
productivity. Both variables are centered with respechim\tillage mean in order to perform within village companisoPer-capita consumption is measured as the total pée-expenditure in
consumption goods for the 12 months preceding the intréatuct the program. Baseline total factor productivity isimsted using capital and labor elasticities correspanttina value-added
production function estimated asAwkerberg et al(2015.
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Interpretation: The program allocated credit differently with respect toeams-testing allocation and

an allocation based on credit scores.
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Figure 2: Participation in the program under alternativecaition criteria

Note: The figure depicts the probability of holding a loamirthe the Village Fund program during the first two years ofgtiegram, the probability of being offered a loan under a rsean
testing criterion—i.e., wealth rankings, and the probghbdf being offered a loan based on baseline credit scos-aredicted delinquency rate—(y-axis), as functiongestentiles of baseline
per-capita consumption and total factor productivity fisp The figures are computed using a double-residualpseoeder local polynomial regression to account for vidldiged effects. First, |
obtain residuals from a regression of each variable ongelfixed effects (i.e., Access to credit from the programm@éargeted by the means-testing criterion, log per-capitsumption, and log
TFP). Second, | use a second-order local polynomial reigress the residuals for the probability of being targetedtiy program on percentiles of residuals of log per-capitessmption (top
panel) and log TFP (bottom panel). | replicate this procedar the probability of being targeted by a means-testiitgrion, and the probability of being targeted based onliveseredit scores.
Per-capita consumption is measured as the total per-caginditure on consumption goods during the 12 months gireg¢he introduction of the program. Baseline total fagiarductivity is
estimated using capital and labor elasticities corresipgro a value-added production function estimated a&scikerberg et al(2015.
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9.2 Access to credit from the program, connections with lodeelites, and favoritism

Interpretation: Village council members and households with socioecondimgcto them had dispropor-

tionate access to credit from the program.
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Figure 3: Access to credit from the MBVF program

Note: The figure depicts the probability of holding an outstandoan from the the Village Fund program ((top panel) and tteraye gross stock of debt from the program (bottom panel)
for the 12 months preceding and following the implementatibthe program. Each symbol denotes the mean for each cgtiega given month. The dotted line denotes the period priegettie
release of the program’s funds, ¢ = —1. Village council member: .households in which at least oreentver is either the village head or on the village councilrduipre-program periods.
Connected to council members: households who reportedidpaviy socioeconomic interaction or direct kin relationthveiouncil members during the survey waves preceding tleasel of the

funds from the program. Unconnected: households withoptlaect connection with members of the village council.
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9.3 Spillovers to unconnected households

Interpretation: Unconnected households indirectly benefited from the wokdd the program by obtaining

loans from informal lenders.
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Figure 4: Short-term effects of the program on credit frosalanformal lenders

Note: The figure depicts OLS point estimates from a flexible diffieezin-difference model following equatién Each dependent variable was regressed on household fieetse€alendar
month and year fixed effects, an a set of indicators that @etimoe to treatment. Each dot represents the coefficientiaéed with each of these indicators. The base categorgsponds to the
period preceding the first month of operation of the fungi = —1. Confidence intervals are constructed using standardsechastered at the household level, to account for seriabtaiion.

Informal lenders include both relative and non-relativespeal lenders.
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Interpretation: Spillovers to unconnected house

Any loan from relatives (within the village)

holds were mostly drivecrégit from relatives.
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Figure 5: Short-term effects of the program on

Note: The figure depicts OLS point estimates from a flexible diffieein-difference mode

credit frofatirees for unconnected households

| following equatigh The left-hand panel presents estimates for loans frontivesa while

the right-hand panel shows estimates for loans from locatnetative lenders. Each dependent variable was regresshdusehold fixed effects, calendar month and year fixedtsffand a set

of indicators that denote time to treatment. Each dot remtssthe coefficient associated with ea

ch of these indigaffine base category corresponds to the period precedifgghmonth of

operation of the fundr,,; = —1. Confidence intervals are constructed using standardsathastered at the household level, to account for seriaétation. The estimating sample includes only

unconnected households.
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Interpretation: Unconnected households also obtained more formal credim(BAAC).
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Figure 6: Short-term effects of the program on non-prognastitutional credit (BAAC)

Note: The figure depicts OLS point estimates from a flexible diffeezin-difference model following equatidh The top panel reports coefficients for the probability ofdivy any
outstanding loan from the Bank of Agriculture and AgricuitLCooperatives (BAAC). The bottom panel presents resuiltthe stock of outstanding debt with BAAC. Each dependeniable was
regressed on household fixed effects, calendar month andiyea effects, and a set of indicators that denote time tattnent. Each dot represents the coefficient associatedeaith of these
indicators. The base category corresponds to the periaégirgy the first month of operation of the fund,; = —1. Confidence intervals are constructed using standardsechastered at the

household level, to account for serial correlation.
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10 Tables

10.1 Loan characteristics and performance

Table 1: Summary of loan characteristics, formal/quasitd lending, MBVF program, and informal lend-

ing

N

Mean

Panel A: Formal and Quasi-formal lenders

Formal
Median

SD

N

Quasi-formal
Mean

Median SD N

Village Fund
Mean Median SD

Loan Characteristics
Loan size ($ TBH-1999 values)

2876 44671.48

30000 40142.8534 4 14616.16 4000 30685.55 6373 16129.47 16500 8262.43
Required collateral 2876 0.18 0 0.39 4634 0.06 0 0.23 6373 0 0 .020
Required cosigner 2876 0.7 1 0.46 4634 0.56 1 0.5 6373 0.93 1 25 0.
Group loan 2876  0.67 1 047 4634 0 0 0.04 6373 0 0 0.02
Initial loan term 2831 15.56 13 14.51 4321 14.22 13 10.86 634411.36 13 3.87
Loan Performance
Observed loan term 2876  16.31 13 14.45 4634  14.92 13 12.9 637394 13 4.13
Differences (observed-initial term) 2831 0.81 0 13.78 43211.16 0 8.05 6344 0.61 0 2.08
Percentage of months with missed payments 2303 0.03 0 0.13 86 40 0.01 0 0.08 5880 0.01 0 0.06
Recovery rate 2876 0.99 1 0.09 4634 0.96 1 0.15 6373 1 1 0.02
Failure to repay full amount 2876 0.03 0 0.16 4634 0.1 0 03 3637 0 0 0.05
Interest rate and returnsto lender
Expected interest rate (initial, annual) 2788 12% 7% 207% 9542 10% 5% 42% 6344 7% 6% 37%
Effective interest rate (annual) 2876 7% 6% 16% 4634 7% 5% 2096373 6% 6% 8%
Internal rate of return (annual) 2656 7% 7% 12% 4545 7% 5% 40% 3726 6% 6% 8%
Panel B: Informal lenders
Relatives Non-relatives
N Mean Median SD N Mean Median SD

Loan Characteristics

Loan size ($ TBH-1999 values) 1108 13802.96 6000 21883.3807 241536.85 5000 42919.93

Required collateral 1108 0.04 0 0.19 2407 0.06 0 0.24

Required cosigner 1108 0 0 0.04 2407 0.01 0 0.12

Group loan 1108 0 0 0 2407 0 0 0.02

Initial loan term 473 6.98 5 7.36 1578 6.08 3 6.94

Loan Performance

Observed loan term 1108 13.9 7 19.43 2406 8.95 5 13

Differences (observed-initial term) 473 2.72 0 12.8 1578 341. 0 8.09

Percentage of months with missed payments 886 0.01 0 0.07 3 2040.01 0 0.07

Recovery rate 1108 0.98 1 0.1 2407 0.98 1 0.14

Failure to repay full amount 1108 0.04 0 0.2 2407 0.06 0 0.23

Interest rate and returns to lender

Expected interest rate (initial, annual) 470 14% 0% 25% 157122% 12% 31%

Effective interest rate (annual) 1108 12% 0% 34% 2406 19% 12% 33%

Internal rate of return (annual) 1036 14% 0% 57% 2283 26% 13% 9% 6

Note: The table presents summary statistics for a sample of alkltzat have reached maturity in the dataset and were obthioma January 1999 to December 2012. Loans that reachedityatu

include loans that were fully repaid and defaulted loanstiSics are presented by type of lender for comparisonelPampresents summary statistics for loans from formal anaksgtormal
sources and MBVF program loans. Almost all formal loans (&% obtained from the Bank for Agriculture and Agricultu€operatives (BAAC). Quasi-formal lenders include protiton
credit groups, cooperatives, womens’s group and otheslfram village organizations that keep records of their apens but do not have a physical location. Panel B presentsmry statistics
for loans from non-relative personal lenders (either ieid outside the village) and relatives (either inside osiolgtthe village). Interest rates are nominal. Initial iest rates are self reported

and converted to annual values by multiplying them by 12 giirbthe case of monthly and weekly rates, respectively.dgffe interest rate is computed by dividing the cumulatiggments over

the life of the loan by the principal minus one, and dividihgstratio by the loan’s term (in years). Internal rates ofireiare computed using the entire payment stream over theflihe loan.
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10.2 Targeting Analysis

Interpretation: Program beneficiaries were richer and less productive.

Table 2: Differences in baseline poverty and productivitgracteristics for program beneficiaries and non-
beneficiaries

(1) &) 3 4 () (6)
Panel A: Log per-capita consumption (N=660)
Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Any MBVF loan 0.135*  0.218* 0.116** 0.108* 0.057 0.012

(0.056) (0.124) (0.049) (0.057)  (0.068)  (0.094)

Panel B: Total factor productivity (logs) (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Any MBVF loan -0.052  0.099*  0.050  -0.029  -0.152%*  -0.083
(0.044) (0.048) (0.034) (0.048)  (0.042)  (0.068)

Panel C: Asset turnover (log revenues/assets) (N=680)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Any MBVF loan 0.314** 0.896** 0.304* 0.046 -0.086 -0.099

(0.133) (0.316) (0.170) (0.117)  (0.144)  (0.141)

Panel D: Profitability margin (profits/revenues) (N=684)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

AnyMBVF loan -0.027  0.019  -0.042 -0.052%* -0.032%*  -0.@0
(0.030) (0.104) (0.028) (0.015)  (0.006)  (0.009)

Panel E: Total factor productivity (logs)-only baseline daa (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

AnyMBVF loan -0.001 0.117*  0.046  -0.005  -0.070*  -0.036
(0.036) (0.051) (0.032) (0.033)  (0.037)  (0.067)

Panel F: Total factor productivity (logs)-Revenue functiom Dynamic Panel (N=629)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

AnyMBVF loan -0.110* 0.141*  0.025  -0.093*  -0.150  -0.277%
(0.065) (0.069) (0.045) (0.052)  (0.092)  (0.101)

* % xp < 0.01,* xp < 0.05,*%p < 0.1

Note: The table presents within-village comparisons of programefficiaries and non-beneficiaries. Column (1) presenfficieats corresponding to regressions of baseline chariatics
on an indicator of whether a household obtained a loan fraptiogram during the first two years following the program lienpentation in each village, and village fixed effects. Quhs
(2)-(6) present results for equivalent quantile regressiorhe bandwidth used for the estimation of quantile resjpes was selected using Hall-Sheather’'s method. Robarstiatd errors are
presented in parentheses. Panel A reports results foriagelr-capita consumption (in logs). Baseline per-cagtssumption is measured as total expenditures during timeat2hs preceding
the implementation of the program. Panel B reports resoitbdseline log total factor productivity estimates recedeusing capital and labor elasticities correspondingvalae-added production
function estimated as iAckerberg et al(2015. Panel C presents results for baseline asset turnover(iiafbgs) computed as the average ratio of total revenuessaealendar year divided by the
average stock of fixed assets in each household, over theaendar years preceding the program'’s rollout (1999-20Pahel D presents estimates for baseline profitability mangeasured as

the average ratio of net revenues (net of costs of purchagpedti outside the household) to gross revenues in a givenBaael E presents results for baseline log total factadyetivity estimates
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recovered using capital, labor elasticities correspapttina model estimated using only pre-program data. Paneé$epts results for productivity computed using a dynamiepestimation

approach corresponding to a gross-revenue function.
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Interpretation: A counterfactual Means-testing (MT) criterion, would offgedit to poorer and more

productive households with respect to the program.

Table 3: Differences in per-capita consumption and pradtictfor households targeted either by the pro-
gram or the MT criterion

() @ ©) ©) ©) (6)
Panel A: Log per-capita consumption (N=311)
Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by MT ~ 0.499***  0.477**0.377**  0.411**  0.484**  (0.490***
(0.065) (0.156) (0.044) (0.074) (0.057) (0.094)

Panel B: Total factor productivity (logs) (N=309)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Targeted by the program and excluded by MT -0.037 -0.108* 089D** -0.039 -0.024 -0.012

(0.055)  (0.065)  (0.038)  (0.065)  (0.068)  (0.094)

Panel C: Asset turnover (log revenues/assets) (N=327)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by MT  -0.941**  -0.597*0.785*** -1.161*** -1.074** -1.193***
(0.186) (0.323) (0.166) (0.121) (0.146) (0.245)

Panel D: Profitability margin (profits/revenues) (N=329)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by MT  -0.146*** -0.226*-0.166*** -0.160*** -0.083*** -0.010
(0.039) (0.041) (0.045) (0.024) (0.026) (0.014)

Panel E: Total factor productivity (logs)-Revenue function dynamic panel (N=305)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by MT  -0.233** -0.085 .07B -0.207**  -0.367*** -0.411***
(0.091) (0.085) (0.053) (0.060) (0.119) (0.079)

*x*p < 0.01,% xp < 0.05,%p < 0.1

Note: The table presents within village comparisons betweendtmlds who obtained loans from the program during the firstytears of its implementation but would have been excluded
according to a means-testing criterion and households wére wxcluded from the program but would have been offereca liy a means-testing criterion. Column(1) presents cosifis
corresponding to regressions of baseline charactermties indicator of whether a household was reached by thegélFund, but would have been excluded by a MT criterion, dfatdje fixed
effects. The omitted category (comparison group) is cosegirdf the households who would have been included by MT bre wecluded from the program. Columns (2)-(6) present tesat
equivalent quantile regressions. The bandwidth used #oegtimation was selected using Hall-Sheather's methodu®atandard errors are presented in parentheses. PaggbAsrresults for
baseline per-capita consumption (in logs). Baseline ppita consumption is measured as total expenditures dtivéen@j2 months preceding the implementation of the prograaneB reports
results for baseline log total factor productivity estiemtecovered using capital and labor elasticities corredipg to a value-added production function estimated asckerberg et al(2015.
Panel C presents results for baseline asset turnover natmgé) computed as the average ratio of total revenuesaowatendar year divided by the average stock of fixed asseecimhousehold,
over the two calendar years preceding the program'’s ro{l289-2000). Panel D presents estimates for baseline aiiiiy margins measured as the average ratio of net regema of costs of
purchased inputs outside the household) to gross revenmaegiven year. Panel E presents results for baseline loifaatar productivity estimates recovered using capithor, and intermediate

inputs elasticities corresponding to a gross-revenuetiibmestimated using a dynamic panel estimation approach.
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Interpretation: A counterfactual allocation based on a predicted creditesaould offer credit to more

productive households with respect to the program.

Table 4. Differences in per-capita consumption and pradtictfor households targeted either by the pro-
gram or the credit-score criterion

@ @ (3 4 ®) (6)
Panel A: Log per-capita consumption (N=273)
Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by a credit scoreioriter 0.052 0.317 0.092 -0.083 -0.191**  -0.341*
(0.103) (0.212) (0.076) (0.071)  (0.086) (0.142)

Panel B: Total factor productivity (logs) (N=276)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by a credit scoreioniter -0.116 ~ 0.070*  0.022  -0.138* -0.172** -0.152***
(0.067) (0.039) (0.043) (0.075) (0.037) (0.050)

Panel C: Asset turnover (log revenues/assets) (N=292)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by a credit scoreioriter 0.221 0.811 0.283 -0.221 -0.267 -0.188***
(0.154) (0.697) (0.266) (0.154)  (0.207) (0.069)

Panel D: Profitability margin (profits/revenues) (N=295)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by a credit scoreionter 0.076 0.188 -0.031  0.008 -0.011**  -0.009***
(0.045) (0.137) (0.040) (0.024)  (0.005) (0.003)

Panel E: Total factor productivity (logs)- Revenue function dynamic panel (N=305)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Targeted by the program and excluded by a credit scoreioriter -0.164  0.202**  0.038  -0.117 -0.229*  -0.522***
(0.100) (0.093) (0.090) (0.092) (0.137) (0.133)

*xxp < 0.01, % xp < 0.05,*p < 0.1

Note: The table presents within village comparisons betweendfmlds who obtained loans from the program during the firstytars of its implementation but would have been excluded
according to a credit score (CS) criterion and householdswére excluded from the program but would have been offetedraby a CS criterion. Column(1) presents coefficientsesponding
to regressions of baseline characteristics on an indicdtahether a household was reached by the Village Fund, butditave been excluded by a CS criterion, and village fixeelogst The
omitted category (comparison group) is comprised of thesbbalds who would have been included by CS but were excluted the program. Columns (2)-(6) present results for edemnta
quantile regressions. The bandwidth used for the estimatas selected using Hall-Sheather's method. Robust stdedeors are presented in parentheses. Panel A reporttsrEsibaseline
per-capita consumption (in logs). Baseline per-capitasoomption is measured as total expenditures during the 12ha@mneceding the implementation of the program. Panel Brtspesults
for baseline log total factor productivity estimates rem@d using capital and labor elasticities correspondirmgvalue-added production function estimated a&dkerberg et al(2015. Panel C
presents results for baseline asset turnover ratio (in) legsputed as the average ratio of total revenues over adzmigear divided by the average stock of fixed assets in eastehold, over
the two calendar years preceding the program’s rollout$12800). Panel D presents estimates for baseline profitabibrgins measured as the average ratio of net revenuesf(nests of
purchased inputs outside the household) to gross revemaggiven year. Panel E presents results for baseline lolfastar productivity estimates recovered using capithor, and intermediate

inputs elasticities corresponding to a gross-revenuetiiumestimated using a dynamic panel estimation approach.
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10.3 Access to credit from the program, connections with I elites, and favoritism
Interpretation: Connections with local elites are strong predictors of as¢e credit from the program even
after controlling for desirable borrower characteristics

Table 5: Connections with local elites, access to MBVF ¢rexatid borrower characteristics

(6] @ [©)] 4) (5) (6) @) ® (9)
VARIABLES DV: Household obtained at least one loan from the MBVF Any insitutional loan (baseline) Means testing Credit score

Relationship with village council members

Connected through socioeconomic interactions 0.185***14@***  0.111** 0.097** 0.092* 0.085** 0.074 -0.009
(0.043)  (0.046)  (0.048)  (0.048)  (0.049) (0.038) (0.047) .048)
Village council member 0.164**
(0.070)
Directly connected to a council member (interactions) 0.079
(0.050)
First-degree relative of council member 0.061
(0.057)
Network centrality
Degree (# of links) 0.010*** 0.005 0.003 0.004 0.003 0.010*** -0.015*** -0.000
(0.003)  (0.003)  (0.003)  (0.003)  (0.003) (0.003) (0.003) .002)
Household demographic characteristics
Number of males (15-64) -0.054 -0.059* -0.065* -0.064* 0.026 -0.000 0.001
(0.034) (0.034)  (0.034) (0.035) (0.029) (0.034) (0.033)
Number of females (15-64) -0.053 -0.051 -0.077**  -0.079** -0.019 0.035 0.054
(0.037)  (0.036)  (0.037)  (0.038) (0.028) (0.038) (0.039)
Number of household members 0.046***  0.043** 0.045* 0.045** 0.017 0.004 -0.016
(0.017)  (0.017)  (0.018)  (0.018) (0.016) (0.018) (0.019)
Average years of schooling 0.023* 0.015 0.019 0.018 0.042%* -0.090%** 0.059*+*
(0.013) (0.013)  (0.014) (0.014) (0.011) (0.012) (0.011)
Household head's age -0.002 -0.001 -0.003 -0.003 -0.005* -0.003 0.000
(0.003)  (0.003)  (0.003)  (0.003) (0.003) (0.004) (0.003)
Average age -0.001 -0.001 0.001 0.001 0.003 -0.000 -0.002
(0.003)  (0.003)  (0.003)  (0.003) (0.003) (0.003) (0.003)
Household head is a male 0.037 0.036 0.038 0.027 0.023 0.031 0.167*+*
(0.046) (0.045)  (0.047) (0.048) (0.036) (0.046) (0.048)
Sources of revenue (share of total)
Wage labor 0.265** 0.210 0.164 0.151 0.262** 0.238 0.073
(0.128)  (0.128)  (0.142)  (0.143) (0.118) (0.148) (0.147)
Family business 0.258** 0.225* 0.209 0.196 0.217* 0.005 0.038
(0.130)  (0.130)  (0.142)  (0.142) (0.114) (0.149) (0.148)
Fishing/shrimping 0.427* 0.356 0.428* 0.410 0.503** -0.222 0.496*
(0.244) (0.244)  (0.253) (0.251) (0.196) (0.240) (0.260)
Livestock 0.252* 0.176 0.174 0.177 0.431%** 0.106 0.446**
(0.142) (0.142)  (0.155) (0.155) (0.130) (0.164) (0.159)
Agriculture 0.442%+* 0.333* 0.258 0.254 0.549*** -0.168 -0.068
(0.167)  (0.171)  (0.185)  (0.186) (0.151) (0.191) (0.186)
Credit history
Avg. baseline delinquency -1.008*** -1.040*** -1.009*** -1.001*** 0.206 0.096
(0.293) (0.304)  (0.317) (0.312) (0.251) (0.211)
Avg. baseline income volatility 0.038* 0.029 0.039 0.037 0.052%** -0.062**
(0.022)  (0.022)  (0.024)  (0.024) (0.020) (0.026)
Pre-program access to institutional credit 0.182**  0.152** 0.146* 0.016
(0.058)  (0.060)  (0.060) (0.058)
Household productivity
Estimated household total factor productivity -0.088* -0.084* -0.092** 0.095* 0.030
(0.049)  (0.049) (0.038) (0.049) (0.047)
Observations 649 649 616 616 587 587 587 587 608
Adjusted R-squared 0.11 0.12 0.14 0.16 0.15 0.15 0.39 0.23 19 0.
Within R-squared 0.03 0.04 0.07 0.09 0.08 0.08 0.17 0.16 0.10

* % %p < 0.01,% % p < 0.05,%p < 0.1

Note: The table presents within-village comparisons of the phdlty of obtaining a MBVF loan between connected houseba@dd unconnected households under several specifications
(Columns (1) to (3)). Column(1) presents OLS coefficientsrfrcross-section regressions of an indicator of whetherusétwld obtained a loan from the program within two yearsf i
implementation, controlling for village fixed effects. @ain(2) controls for degree centrality in the socioeconomeitwork. Column(3) includes baseline household charaties and Column
(4) controls for baseline access to credit and Column(Sydes estimated productivity. Column (6) replicates therapch in Column (3) breaking down connections with theeddiy type of
connection. Columns(7) to (9) replicate the estimatiomstie probability of having held any institutional loan befdghe program (Column (7)), the probability of being taegeby the means-
testing criterion (Column (8)), and the probability of bgitargeted by the credit-score criterion (Column (9)). Baseaccess to institutional credit is an indicator of wiegth household had any
loan from either formal lenders or quasi-formal lenderse @ielinquency rate is computed as the share of loans in whichisehold held any delinquent payments, and is computed fwasrepay
information regarding loans from all type of lenders, itihg loans from relatives and informal lenders. Robustdsath errors are reported in parentheses. Income volatiiyof the coefficient
of variation of monthly income computed over all the survesves preceding the program. Connected to council membetseholds who reported having any socioeconomic intemract
direct kin relations with council members during the surwgwes preceding the release of the funds from the prograroturected households: households without any direct ctionewith

members of the village council.
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Interpretation: Connected households are favored with lower interest,rigaging to lower returns for

the lender.

Table 6: Differences in loan outcomes and characterisyjasobnections with the elites and by lender

Panel A: Loan characteristics

Means
Connected (N=231)

Unconnected (N=83)

Difference (MBVF-CG)
Connected (N=231) témnected (N=83)

Difference-in-differences
All borrowers N=344

MBVF Local credit groups (CG) MBVF Local credit groups (CG) (1)-(2) (3)-(4) (5)-(6)
1) @) (©)) ©) (6) ) ®) ©)
Initial interest rate (annual) 0.054 0.078 0.059 2020** -0.0065 -0.0150*** -0.0124*** -0.0120***
(0.003) (0.004) (0.005) (0.004) (0.004)
Term (months) 11 12 -0.2714 -0.9951* 0.7482 0.8483 278
(0.242) (0.539) (0.625) (0.596) (0.604)
Loan size (TBH-1999 prices) 15175 4029 11659 11,168*** 8,550%** 2,579+ 2,179***
(375.973) (706.135) (750.099)  (739.294)

Means
Connected (N=231)

Panel B: Loan outcomes

Unconnected (N=83)

Difference (MBVF-CG)
Connected (N=231) ¢émnected (N=83)

Difference-in-differences
All borrowers N=344

MBVF Local credit groups (CG) MBVF Local credit groups (CG) (1)-(2) (3)-(4) (3)-(6)
(1) (2 3) (5) (6) 7 (8) (9)
Any delinquent payment 0.008 0.017 -0.0117** 0080 -0.0157**  -0.0095* -0.0095*
(0.005) (0.003) (0.005) (0.005) (0.005)
Delinquent payments as a share of due payments  0.006 0.010 002 0. -0.0063** 0.0020 -0.0082** -0.0049 -0.0048
(0.003) (0.001) (0.003) (0.003) (0.003)
Any loan extension 0.470 0.400 0.372 0.0206 0.0239 0032 -0.0233 -0.0211
(0.022) (0.038) (0.044) (0.042) (0.041)
Ex postinternal rate of return (annual) 0.060 0.077 018B*** 0.0081 -0.0263***  -0.0243** -0.0236***
(0.004) (0.007) (0.008) (0.007) (0.007)
Borrower fixed effect YES YES YES YES YES
Lender fixed effect NO NO NO YES YES
Village -year trends NO NO NO YES YES
Weights for loan size NO NO NO NO YES
Observations 5,193 1497 6,690 6,690 6,690
* % xp < 0.01,% xp < 0.05,%p < 0.1

Note: Columns (1)-(2) present raw means for connected housebattslobtained from the MBVF program (1) and other local ¢rgdiups (2). Columns (3)-(4) present raw means for
unconnected household loans obtained from the MBVF prog8rand other local credit groups (4). Columns (5) and (63@né differences in loan outcomes and characteristicsadeaders
for connected and unconnected households, respectivelly.d¥ferences control for borrower fixed effects. Coluniifis(9) present difference-in-differences estimateseuséveral specifications
(First difference: Lender. Second difference: Connecsimtus). Each coefficient captures the difference in diffees in attributes of loans obtained by connected housefrmim the program
compared to loans from local credit groups, and similardéhces for unconnected households. Column (7) preseintestes that only control for borrower and lender fixed effe€olumn (8)
includes a full set of village-year dummies. Column (9) iegiles the estimates presented in Column (8) weighting ebsérvation by loan size. Standard errors are clusterduedtdusehold
level to account for correlation in loan outcomes correstiogto a single borrower. The sample corresponds to loatsral after the rollout of the program by a set of 344 houksheho
borrowed from both sources of credit at some point. Locadicgroups include production credit groups, women’s gs@md other loans from local non-bank institutions. Cotetto council

members: households who reported having any socioeconoteiaction or direct kin relations with council membersidg the survey waves preceding the release of the fundstherprogram.
Unconnected households: households without any directemiion with members of the village council.
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10.4 Spillovers to unconnected households

Interpretation: Positive short-term effects of the program on credit frohatiees for unconnected house-

holds.

Table 7. Difference-in-differences estimates of the shamt effect of the program on credit from local

informal lenders
Panel A: Any loan from informal lenders

Connected Unconnected
1) (2 () (4) (%) (6)
VARIABLES Anyinformal Relatives Non-relatives Any inforah  Relatives  Non-relatives
Post,: -0.007 -0.004 -0.005 0.047** 0.051%** 0.002
(0.014) (0.011) (0.012) (0.022) (0.019) (0.012)
[0.796] [0.664] [0.824] [0.168] [0.020] [0.936]
Observations 13,212 13,212 13,212 6,948 6,948 6,948
R-squared 0.665 0.667 0.637 0.575 0.539 0.601
Baseline DV mean 0.150 0.0680 0.111 0.0815 0.0507 0.0498
Clusters 367 367 367 193 193 193
Panel B: Gross stock of debt with informal lenders
Connected Unconnected
1) (2 () (4) (5) (6)
Any informal Relatives Non-relatives Anyinformal Rela®  Non-relatives
Post: 336.651* 124.218 240.688* 655.017***  555,634*** 108.889
(195.463) (111.706) (141.390) (230.061) (204.585) (1am) 2
[0.116] [0.196] [0.172] [0.120] [0.008] [0.816]
Observations 13,212 13,116 13,075 6,948 6,868 6,948
R-squared 0.672 0.669 0.702 0.607 0.604 0.597
Baseline DV mean 1540 554.8 998.5 865.2 398.1 472.3
Clusters 367 367 366 193 193 193

* % xp < 0.01,% x p < 0.05,%p < 0.1

Note: The table presents difference-in-difference estimatebeghort-run effect of the rollout of the program on bornogvfrom informal lenders, by connectedness with the lode !
Informal lenders include personal money lenders and velath the village. The reported coefficients correspondLli @gressions of the respective dependent variables otherttbe resources
from the program were released in villagen montht, controlling for household fixed effects and calendar mamiti year fixed effects ( see equatia)( Estimations were performed using all
the available observations for the 18 months before andthiteollout of the program in each village. Panel A repcesitts for probability of holding a loan and Panel B showsitegor the gross
stock of debt (winsorizing the top 1% of observations). 8gad errors, presented in parentheses, are clustered latisehold level to allow for flexible serial correlationvBues that account
for potential within village correlation are presented iadkets; they are computed using a wild bootstrap t-pragettuaccount for a reduced number of clusters (16) &ameron and Miller
(2015. Connected: households who reported having any socioecierinteraction or direct kin relations with council membeuring the survey waves preceding the release of the finads

the program. Unconnected: households without any diremtection with members of the village council.
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A Supporting Evidence

Table AVIII: Distribution of targeted households by altative criteria
Panel A: Distribution of households under alternative allacation criteria

Means testing Credit score Random assignment
Included in alternative only 24.08 21.97 19.48
Included in MBVF only 25.21 23.1 21.17
Included in both allocations 34.65 36.76 40.95
Excluded from both allocations 16.06 18.17 18.4

Panel B: Share of program beneficiaries which would have beeexcluded from the benchmark criteria
Means testing Credit score Random assignment

Share 0.42 0.39 0.34

Note: The table presents the distribution of households acrdfeseint targeting criteria. Each column represents anradtéve targeting criteria—means testing, credit scard,random assignment.
The first row in Panel A presents the share of households whdid have been targeted by only the alternative targetiitgrion but did not obtain credit from the program. The setoow
presents the share of households that obtained a loan fe@prdyram but would not have been eligible for a loan undeatteznative criterion. The third row presents the sharecfseholds
that obtained loans from the MBVF and would have also beldidby the alternative criterion. The fourth row presenesghare of households which would have been ineligible byiteenative
criterion and did not borrow from the program. The referepegod corresponds to the first two years following the impdatation of the program. Panel B presents the share of @mogr

beneficiaries who would have been ineligible by alternatiwgeting criteria.
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Figure AVII: Cumulative distribution functions of basedilog per-capita consumption and productivity for
households targeted by different criteria

Note: The top panel shows the cumulative density functions (COR)er-capita consumption (in logs) , measured at baselorehduseholds served by the program, and the baseline
distribution of log per-capita consumption for househalti® would have been reached under the alternative crit¢kidn. The bottom panel shows CDFs of value-added total famtoductivity,
measured at baseline, for households served by the progrdrfoahouseholds who would have been reached under theatites criterion. Both variables are centered with respedhe
village mean in order to perform within-village comparisorPer-capita consumption is measured as the total petacagenditure on consumption goods during the 12 montteedieg the
implementation of the program. Baseline total factor puaiitity is estimated using capital and labor elasticitiesresponding to a value-added production function esgérhas inAckerberg et al.
(2015.



Interpretation: Connected households had higher access to credit befoprdbgeam, higher income

volatility and had higher chances of ever defaulting.

Table AIX: Connections with the elites and baseline bormoglaracteristics

1) @ 3 4
VARIABLES Access to institutional credit Avg. delinquencgte Ever missed a payment Income volatility
Connected 0.155%+* -0.003 0.133*+* 0.308***
(0.036) (0.007) (0.040) (0.084)
Constant 0.478*** 0.027*** 0.264*+* 0.591***
(0.028) (0.006) (0.031) (0.068)
Observations 649 616 616 649
R-squared 0.325 0.052 0.169 0.122

* % xp < 0.01,* xp < 0.05,%xp < 0.1

Note: The table presents within-village comparisons of basatimeracteristics across elite members or households lgi@mnected with local elites and unconnected househditis.
table presents OLS coefficients from cross-section regres®f each baseline characteristic (columns) on an italichat captures whether the household includes a villagaal member,
a first-degree kin of council members or a member with prep@m socioeconomic interactions with village council mem{Connected), after controlling for village fixed effectsccess to
institutional credit is an indicator of whether a househuddd any loan from either formal lenders or quasi-formatiens. The delinquency rate is computed as the share of loanghich the
household had made any delinquent payments and is compsitegirepayment information for loans from all lender typas|uding loans from relatives and informal lenders. Ineovolatility:

log of the coefficient of variation of monthly income compditever all the survey waves preceding the program. Robustiatd errors are reported in parentheses.



Interpretation: Households with connections with local elites are bettéaofong the poor, and less

productive among high-productivity households

Table AX: Connections with local elites and indicators ofi@iy and productivity

€y ) ®) (4) ©) (6)
Panel A: Log per-capita consumption (N=660)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Connected 0.058 0.124* 0.005 0.057 0.152** -0.029

(0.057)  (0.067) (0.055)  (0.050)  (0.070) (0.076)

Panel B: Total factor productivity (logs) (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Connected 0.003 0.114**  0.084** 0.032 -0.102* -0.173%**
(0.047)  (0.050) (0.042)  (0.047) (0.056) (0.051)

Panel C: Asset turnover (log revenues/assets) (N=680)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Connected 0.007 0.021** 0.018** 0.022 0.008 -0.007
(0.040)  (0.005) (0.008)  (0.015) (0.052) (0.151)

Panel D: Profitability margin (profits/revenues) (N=684)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Connected -0.045 -0.111 -0.032  -0.100*** -0.044*** -0.021
(0.033) (0.068) (0.034) (0.019) (0.010) (0.010)

Panel E: Total factor productivity (logs) -Revenue functiacn dynamic panel (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Connected -0.244**  -0.002  -0.077 -0.194%* -0.238%*  BL7**
(0.072)  (0.073) (0.059) (0.058)  (0.080) (0.120)

* x *xp < 0.01, % * p < 0.05,xp < 0.1

Note: Column (1) presents coefficients corresponding to a reigress baseline characteristics on an indicator of won aicator that captures whether the household includes ageilla
council member, a first-degree kin of council members or a begrwith pre-program socioeconomic interactions withagj# council member (Connected). Columns (2)-(6) presenttesfor
equivalent quantile regressions. The bandwidth used fettimation of quantile regressions was selected usingStiglather’'s method. Robust standard errors are presenpaientheses.
Panel A reports results for baseline per-capita consumiiiologs). Baseline per-capita consumption is measurédtasexpenditures during the 12 months preceding the imeteation of the
program. Panel B reports results for baseline log totabfgmtoductivity estimates recovered using capital andi&testicities corresponding to a value-added productioction estimated as in
Ackerberg et al(2019. Panel C presents results for baseline asset turnover(iatiogs) computed as the average ratio of total revenuesaealendar year divided by the average stock of fixed
assets in each household, over the two calendar years prgabd program’s rollout (1999-2000). Panel D presentsnedes for baseline profitability margins measured as tleea@e ratio of

net revenues (net of costs of purchased inputs outside tiehold) to gross revenues in a given year. Panel E pregsutiésrfor baseline log total factor productivity estinsatecovered using



capital, labor, and intermediate inputs elasticities esponding to a gross-revenue function estimated using anigrpanel estimator.



Table AXI: Correlates of capital to labor ratios with baseliconnections with the elites

(1)

)

[©)]

)

(6)

(7) ®)

5)
VARIABLES Capital/total labor ~Capital/total labor ~ Calitatal household labor ~ Capital/total household labor  iGéftotal paid labor  Capital/total paid labor ~ Capitatérmediate inputs Capital/intermediate inputs
Connected -5,756.6 -4,336.9 -15,248.6 -11,583.5 8,662.0 9,961.1 -3,339.9 -2,975.3
(3,804.648) (2,868.427) (11,243.225) (8,523.766) (3D.346) (32,260.138) (2,432.885) (2,405.957)
Constant 6,693.1* -20,265.8 16,106.6 -51,985.2 45,453.2*% -16,843.6 4,415.5%* -425.5
(3,707.781) (13,311.410) (10,589.058) (39,507.624) 9@1.358) (117,465.289) (2,161.469) (3,574.069)
Observations 634 633 629 628 458 457 617 616
R-squared 0.032 0.089 0.027 0.073 0.074 0.089 0.077 0.087
Village FE YES YES YES YES YES YES YES YES
Demographic controls NO YES NO YES NO YES NO YES

Note: The table presents within-village differences in meansasfetine fixed capital to labor ratios and fixed capital to pased input use.

# % %p < 0.01,% % p < 0.05,%p < 0.1

Capital is measured in 1999 TBH, labor is

measured in hours per year and spending in intermediatésiigpmeasured in 1999 Baht. Demographic control charatiesiinclude average household age and education, hdddeted’s
gender and age, household size, and the number of malesraatéfeof working age in the household.



Interpretation: The program induced a positive supply shock of credit in ihage financial system.

Total village lending
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Figure AVIII: Average village lending

Note: The top panel shows depicts village means for totalitenin the months around the program rollout. The dotteel tienotes the month preceding the release of the progranus fu



Table AXII: Effects of the rollout of the program on programdatotal borrowing by connections with the

elites
Panel A: Effects on credit from the program

Any credit from MBVF Gross debt from MBVF
(1) (2) 3) (4) (5) (6)

VARIABLES All Connected Unconnected All Connected Uncocteel
Posty; 0.328***  (0.384*** 0.233*** 5,529.391*** 7,092.555*** 2 538.676***

(0.019) (0.026) (0.029) (373.757) (527.504) (409.526)

[0.000] [0.000] [0.000] [0.000] [0.000] [0.008]
Observations 23,228 14,830 8,398 23,155 14,779 8,376
R-squared 0.613 0.632 0.564 0.590 0.619 0.523
Clusters (# households) 671 430 241 671 430 241

Panel B: Effects on total credit
Any credit Total Gross outstanding debt
(1) (2 3) (4) (5) (6)

VARIABLES All Connected Unconnected All Connected Uncocteel
Post,: 0.074**  0.070*** 0.086*** 3,264.857* 4,689.658* 601.350

(0.013) (0.014) (0.024) (1,965.708) (2,642.890) (2,888)7

[0.000] [0.004] [0.008] [0.120] [0.124] [0.856]
Observations 23,228 14,830 8,398 23,128 14,795 8,333
R-squared 0.661 0.628 0.660 0.866 0.825 0.910
Baseline DV mean 0.665 0.747 0.521 60747 59840 62356
Clusters (# households) 671 430 241 671 430 241

* x xp < 0.01,% xp < 0.05,%p < 0.1

Note: The table presents difference-in-difference estimatethefshort-run effect of the rollout of the program on totatrbwing, by connectedness with the local elite. The rembrte
coefficients correspond to OLS regressions of the resgedépendent variables on whether the resources from thegpnagere released in village in montht, controlling for household fixed
effects and calendar month and year fixed effects ( see equ@}). Estimations were performed using all the available okzns for the 18 months before and after the rollout oftegram
in each village. Panel A reports results for the effect ofrthiout of the program on the program’s uptake and Panel Bvshesults for total borrowing (winsorizing the top 1% of ebsations).
Standard errors, presented in parentheses, are clustatedfusehold level to allow for flexible serial correlatid®-values that account for potential within village ctatien are presented in
brackets; they are computed using a wild bootstrap t-praeetd account for a reduced number of clusters (16) &imeron and Millef2015. Connected: households who reported having any
socioeconomic interaction or direct kin relations with ooillmembers during the survey waves preceding the relefabe éunds from the program. Unconnected: households witany direct

connection with members of the village council.



Table AXIII: Difference-in-differences estimates of theost-run effect of the program on credit from non-

program institutional lenders
Panel A: Effects on any credit from non-program institutional lenders

BAAC Local credit groups
) 2 3 4) ®) (6)

VARIABLES All Connected Unconnected All Connected Uncocteel
Posty: 0.015* 0.014 0.020 0.015 0.024 0.010

(0.008) (0.010) (0.013) (0.013) (0.017) (0.018)

[0.092] [0.184] [0.120] [0.412] [0.352] [0.668]
Observations 23,228 14,830 8,398 23,228 14,830 8,398
R-squared 0.842 0.830 0.852 0.666 0.661 0.643
Baseline DV mean 0.366 0.434 0.247 0.255 0.313 0.152
Clusters (# households) 671 430 241 671 430 241

Panel B: Effects on total credit from non-program instutional lenders
BAAC local credit groups
) 2 3 4) ®) (6)
VARIABLES All Connected Unconnected All Connected Uncocteel
Posty: 602.755 552.604 1,018.859 114.126 97.648 350.761
(1,074.413) (1,728.284) (1,069.061) (660.160) (852.427)1,075.008)

[0.392] [0.620] [0.324] [0.544] [0.544] [0.632]
Observations 23,095 14,747 8,348 23,106 14,747 8,359
R-squared 0.876 0.857 0.914 0.773 0.796 0.720
Baseline DV mean 23369 26650 17565 6890 8409 4204
Clusters (# households) 670 430 240 671 430 241

*xxp < 0.01,% *p < 0.05,xp < 0.1

Note: The table presents difference-in-difference estmaf the short-run effect of the rollout of the program orrbaing from non-program institutional lenders, by coneelmess with
the local elite. The reported coefficients correspond to @gsessions of the respective dependent variables on emtith resources from the program were released in vilagemontht,
controlling for household fixed effects and calendar momith gear fixed effects ( see equation)( Estimations were performed using all the available olens for the 18 months before
and after the rollout of the program in each village. Staddarors, presented in parentheses, are clustered at tiselraid level to allow for flexible serial correlation. P-wes that account
for potential within village correlation are presented nadkets; they are computed using a wild bootstrap t-praeettuaccount for a reduced number of clusters (16) @ameron and Miller
(2015. Connected: households who reported having any socieeaerinteraction or direct kin relations with council memseuring the survey waves preceding the release of the finons

the program. Unconnected: households without any direutection with members of the village council.



Figure AIX: Short-term effects of the program on lending they households (connected households)

Any lending to other households Total lending to other households
Elite member/connected with elite Elite member/connected with elite
- 8 |
3
8 g
<

&

c o
S o+ S s |
£ 2%
3 | F
a o 77“%%
“ 3
[ sS4
S
)
N 8
i 8 4
T T T T T T T T T T 9 T T T T T T T T
-20 -15 -10 -5 0 5 10 15 20 -20 -15 -10 -5 0 5 10 15 20
Months to treatment Months to treatment
—@— OLS coefficient 95 % CJ| —@— OLS coefficient 95 % CJ|
Mean DV before program: 0.22 Mean DV before program: 6157.81

Note: The figure depicts OLS point estimates from a flexible diffeezin-difference model following equati@h The left panel presents estimates for the probability odlieg to other
households, and the right panel presents estimates foteating to other households. Each dependent variable egasssed on household fixed effects, calendar month andiyeareffects,
and a set of indicators that denote time to treatment. Eathepoesents the coefficient associated with each of theeaiors. The base category corresponds to the perioddinecthe first
month of operation of the fundr,,: = —1. Confidence intervals are constructed using standardsechostered at the household level, to account for seriabtaiion. The estimation sample

includes only households with baseline connections wighdhal elites.
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Table AXIV: Difference-in-differences estimates of thesghrun effect of the program on lending to other
households

Connected Unconnected
) @ ©) 4

VARIABLES Any lending Total lending Any lending Total lermatj
Post 0.033** 730.314 0.011 398.918

(0.014) (917.580) (0.016) (431.449)

[0.016] [0.548] [0.424] [0.432]
Observations 13,212 13,097 6,948 6,879
R-squared 0.783 0.862 0.783 0.675
Baseline DV mean 0.207 6148 0.140 2798
Clusters (# households) 367 365 193 193

* % xp < 0.01,% xp < 0.05,xp < 0.1

Note: The table presents difference-in-difference estimates@short-run effect of the rollout of the program on lendiagther households, by connectedness with the local élite.
reported coefficients correspond to OLS regressions ofthgective dependent variables on whether the resoureestisoprogram were released in villagén montht, controlling for household
fixed effects and calendar month and year fixed effects ( sestieq (7)). Estimations were performed using all the available olzens for the 18 months before and after the rollout ofttegram
in each village. Standard errors, presented in parenthaxseslustered at the household level to allow for flexibkeeseorrelation. P-values that account for potential wittillage correlation are
presented in brackets; they are computed using a wild baptsiprocedure to account for a reduced number of clust&)sas inCameron and Mille2015. Connected: households who reported
having any socioeconomic interaction or direct kin relasisvith council members during the survey waves precediagatease of the funds from the program. Unconnected: holdstvithout
any direct connection with members of the village council.
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Figure AX: Short-term effects of the program on total borirogv

Note: The figure depicts OLS point estimates from a flexible diffeezin-difference model following equatidh The top panel reports coefficients for the probability ofdiry any
outstanding loan from any source (both institutional aridrimal). The bottom panel presents results for the stockutstanding debt. Results for connected households arensinaive left-hand
panels while results for unconnected households are shothe iright-hand panels. Each dependent variable was ssgtes household fixed effects, calendar month and year fffext and a
set of indicators that denote time to treatment. Each doesgmts the coefficient associated with each of these itedgcalhe base category corresponds to the period precturfgst month of

operation of the fundr,,; = —1. Confidence intervals are constructed using standardsechastered at the household level, to account for seriabtation.
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B Appendix Tables

Table BXV: Summary statistics for baseline charactes$tk999-2000)
Summary statistics N=675
Panel A: Demographic characteristics

Variable Mean Std. Dev. Min Max
Household size 4.09 1.78 1.00 14.75
Males 1.94 1.11 0.00 8.00
Females 2.14 1.15 0.00 6.75
Mean hh age 35.59 13.78 12.15 89.88
Head of household is male 0.76 0.43 0.00 1.00
Mean hh years of schooling 4.27 2.39 0.00 16.00
Panel B: Land and wealth
Variable Mean Std. Dev. Min Max
Landless 0.22 0.42 0.00 1.00
Land in hectares 21.46 32.66 0.00 320.00
Land value/Assets 0.48 0.34 0.00 0.99
Total household assets 1826612 6393885 3463 143000000
Panel C: Revenues
Variable Mean Std. Dev. Min Max
Total household revenues 224866 630660 0 11900000
Cultivation (share) 0.34 0.35 0 1
Livestock (share) 0.08 0.21 0 1
Fishing-Shrimping (share) 0.06 0.18 0 1
Off-farm business (share) 0.11 0.26 0 1
Wage labor (share) 0.32 0.36 0 1
Other (share) 0.09 0.18 0 1
Cultivation (any) 0.74 0.44 0 1
Livestock (any) 0.65 0.48 0 1
Fishing-Shrimping (any) 0.41 0.49 0 1
Off-farm business (any) 0.31 0.46 0 1
Wage labor (any) 0.78 0.42 0 1
Other (any) 0.84 0.37 0 1
Number of sources of revenue 3.73 1.30 0 6
Panel D: Per-capita annual income and consumption ( 1999 TBH
Variable Mean Std. Dev. Min Max
Per-capita income 21306 90105 0 2030435
Per-capita consumption 15060 13271 0 193597

Note: The table presents summary statistics for demographic esdliptive characteristics corresponding to the two yeeesquling the rollout of the MBVF program for the householushie

Townsend-Thai Monthly Survey.
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Table BXVI: Summary statistics for credit adoption by tygdemder

Panel A: Full sample (N=643)

Variable Mean Median Std. Dev. Min Max
Any loans (.any source) 0.67 1 0.47 0 1
Any formal/quasi-formal loans 0.58 1 0.49 0 1
Any informal loans 0.31 0 0.46 0 1
Number of loans (total) 1.76 1 2.14 0 18
Number of loans (formal+quasi-formal) 1.12 1 1.32 0 8
Number of loans (informal) 0.64 0 1.39 0 14
Gross stock of debt (total) 60747 20000 120655 0 1015000
Gross stock of debt (formal+quasi-formal) 50235 9500 15079 0 890000
Gross stock of debt (informal) 8076 0 21900 0 200000

Panel B: Village council members (elites) (N=60)

Variable Mean Median Std. Dev. Min Max
Any loans (.any source) 0.85 1 0.36 0 1
Any formal/quasi-formal loans 0.82 1 0.38 0 1
Any informal loans 0.33 0 0.47 0 1
Number of loans (total) 2.82 2 2.66 0 17
Number of loans (formal+quasi-formal) 2.11 2 1.75 0 8
Number of loans (informal) 0.70 0 1.47 0 11
Gross stock of debt (total) 81791 39625 116003 0 762000
Gross stock of debt (formal+quasi-formal) 72502 30900 8844 0 762000
Gross stock of debt (informal) 9289 0 22731 0 172000

Panel C: Households with baseline connections with the etis (N=352)

Variable Mean Median Std. Dev. Min Max
Any loans (.any source) 0.73 1 0.44 0 1
Any formal/quasi-formal loans 0.66 1 0.47 0 1
Any informal loans 0.34 0 0.47 0 1
Number of loans (total) 2.03 1 2.26 0 18
Number of loans (formal+quasi-formal) 1.29 1 1.32 0 8
Number of loans (informal) 0.74 0 1.54 0 14
Gross stock of debt (total) 56200 22000 104156 0 795400
Gross stock of debt (formal+quasi-formal) 46085 15000 9633 0 795400
Gross stock of debt (informal) 8477 0 21734 0 200000

Panel D: Households without baseline connections with thdiges (N=231)

Variable Mean Median Std. Dev. Min Max
Any loans (.any source) 0.52 1 0.50 0 1
Any formal/quasi-formal loans 0.39 0 0.49 0 1
Any informal loans 0.25 0 0.43 0 1
Number of loans (total) 1.09 1 1.53 0 10
Number of loans (formal+quasi-formal) 0.61 0 0.93 0 6
Number of loans (informal) 0.49 0 1.09 0 8
Gross stock of debt (total) 62356 2780 142614 0 1015000
Gross stock of debt (formal+quasi-formal) 50936 0 128394 090080
Gross stock of debt (informal) 7160 0 21908 0 200000

Note: The table presents summary statistics for the probabifityodding a loan, the number of outstanding loans, and grasskf debt in a given month, by type of lender. Formal
loans include loans from the Bank of Agriculture and Agriatl Cooperatives or commercial banks. Quasi-formalddaalude loans from cooperatives, production credit gsogCGs), village
funds and other village organizations. Informal loansudel loans both from personal lenders and relatives insidmitside of the village. Connected: households who repdrésthg any
socioeconomic interaction or direct kin relations with noil members during the survey waves preceding the releabe funds from the program. Unconnected: households withoy direct

connection with members of the village council.
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Table BXVII: Demographic characteristics by membershighim Village council
Village council members (Elites) (N=60) Directly connecté with elites (N=352) Unconnected (N=231)

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
Females 212 1.17 221 1.20 2.16 1.34
Males 2.43 1.25 1.95 1.11 1.78 1.13
Females 15 to 64 1.37 0.76 1.35 0.77 1.31 0.86
Males 15 to 64 1.52 0.81 1.15 0.77 111 0.92
Average years of schooling (household)  5.32 1.79 451 1.75 76 4 2.39
Average age (household) 34.53 12.67 36.18 13.82 39.23 15.40
Head of household is male 0.93 0.25 0.76 0.43 0.71 0.45
Owns an off-farm business 0.97 0.18 0.84 0.37 0.57 0.50
Land (in rai) 226 286 137 169 122 233
Per-capita wealth (TBH in 1999 values) 908636 3675508 38479 701427 595293 1608951

Note: The table presents summary statistics for baseline dembigraharacteristics by relationship with members of thiage council. Connected: households who reported havigg a
socioeconomic interaction or direct kin relations with ooillmembers during the survey waves preceding the relefabe éunds from the program. Unconnected: households witany direct
connection with members of the village council.
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Table BXVIII: Baseline socioeconomic and kinship relasbips with village council members

Variable Obs Mean Median Std. Dev. Min Max
Village council member (elites) 643 0.09 0.00 0.29 0 1
Directly transacts with elites 643 0.55 1.00 0.50 0 1
Degree with the elites 643 1.32 1.00 1.55 0 8
Geodesic distance to elites (excludes singletons) 631  1.3Q.00 0.72 0 4
Closeness to the elite 643 048 0.50 0.20 0 1
First degree relative with the elites 643 0.13 0.00 0.34 0 1
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Table BXIX: Summary statistics for connections with thaeeby socioeconomic interaction type

Type of transaction @ Obs Mean Std. Dev. Min Max

Assets purchase 583 0.06 0.24 0 1
Assets sale 583 0.05 0.23 0 1
Contribution/Transfer 583 0.02 0.13 0 1
Gift reception 583 0.05 0.22 0 1
Lending 583 0.05 0.22 0 1
Borrowing 583 0.08 0.27 0 1
Paid employee 583 0.25 0.43 0 1
Employer 583 0.11 0.32 0 1
Provides unpaid labor 583 0.22 0.42 0 1
Receives unpaid labor 583 0.21 0.41 0 1
Input sale 583 0.10 0.30 0 1
Input reception 583 0.30 0.46 0 1
Output sale 583 0.13 0.34 0 1
Output purchase 583 0.19 0.39 0 1

Note: Input sale and reception include physical inputs as well @storing and advising. Socioeconomic interactions aredas data corresponding to the periods preceding the talfou

the program. Calculations exclude village council members
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Table BXX: Differences in baseline poverty and producyiviharacteristics by baseline access to credit and
alternative targeting criteria

(€] @ 3 @ ()] (6)
Panel A: Log per-capita consumption (N=660)
Mean Percentiles
0.1 0.25 0.5 0.75 0.9
High Baseline access to institutional credit ~ 0.161** (B4 0.060 0.082 0.195*** 0.164

(0.060)  (0.064)  (0.057)  (0.061)  (0.057)  (0.116)

Panel B: Total factor productivity (logs) (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
High Baseline access to institutional credit -0.067 -0*051 -0.027 0.007 -0.087* -0.147**

(0.044)  (0.030)  (0.034)  (0.047)  (0.051)  (0.068)

Panel C: Log per-capita consumption (N=660)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Offered credit under means-testing criterion  -0.417*** 2§B*** -0.309*** -0.428** -0.500*** -0.577***
(0.051) (0.067) (0.054) (0.050) (0.060) (0.075)

Panel D: Total factor productivity (logs) (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9

Offered credit under means-testing criterion -0.017 07182 0.139*** 0.017 -0.131***  -0.178***
(0.039) (0.029) (0.031) (0.049) (0.047) (0.066)

Panel E: Log per-capita consumption (N=660)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Offered credit based on credit score 0.096* 0.080 0.072 692 0.204**  0.177*

(0.053)  (0.062)  (0.051)  (0.049)  (0.058)  (0.082)

Panel F: Total factor productivity (logs) (N=637)

Mean Percentiles
0.1 0.25 0.5 0.75 0.9
Offered credit based on credit score 0.069* 0.020 0.059*  74¢0 0.119*** 0.077

(0.038)  (0.034)  (0.033)  (0.041)  (0.043)  (0.064)

* % xp < 0.01, % * p < 0.05,*%p < 0.1

Note: Column (1) presents coefficients corresponding to a reipres$ baseline characteristics on an indicator of whethersehold obtained institutional credit during the basefieriods
(Panels A and B), an indicator of whether a household wouwe baen offered credit under a counterfactual means-gestiterion( Panels C and D), and an indicator of whether a&bald would
have been offered credit under a counterfactual allocdtézsed on predicted credit scores (Panels E and F). Colunu(8)(@resent results for equivalent quantile regressidhe bandwidth use

for the estimation of quantile regressions was selectatjusall-Sheather's method. Robust standard errors aremexsin parentheses.
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C Appendix Figures
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Figure CXI: Loan portfolio in the village economy before aafter the program

Note: The top panel illustrates the distribution of loans by seyrmumber and value of loans) for loans started between 1992@00 (baseline periods). The bottom panel replicatessthdts
for the two years following the rollout of the program. Foifrtwans include loans from the Bank for Agriculture and Agitaral Cooperatives (BAAC) and commercial banks. Quasiral loans
include agricultural cooperatives and production crebugs (PCGs).
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D Appendix: Productivity

D.0.1 Estimating value-added productivity

This section provides a detailed explanation of the estonaif total factor productivity from a value-added
production function, following the approach proposedAxnkerberg et al(2015. Value added W A) is
computed as total revenuésnet of the value of the intermediate input6 used to generate them over a
calendar year. Assuming that households choose the amblaioo L and capitalX to be used in order to
generate value added, it is possible to represent the logaadded production function as follows (variables

in lower case denote logs):

Yit = Po + Bilit + Brkit + wit + € (Dviii)

This expression is consistent with a Cobb-Douglas valukddroduction function, or a production
function which is Leontief in intermediate inputs and Cdbbuglas in capital and labor. This specification
allows for the existence of two different shocks to produetishocks to productivity that are observed or
forecasted by each household;;) but not observed by the researcher, and shocks to produttad are
unobserved by both the household and the reseatg)eis profit-maximizing households allocate capital
and labor such that the marginal product of each factor sqial factor’'s price. This behavior leads to
the main empirical challenge in the estimation of a the petidn function: Capital and labor are chosen
based on the observed productivity shocksvhich means that an OLS regression of log value added on
log labor and log capital would be biased. Following theghss discussed i@lley and Pake$1996) and
Levinsohn and Petriif2003, Ackerberg et al(2015 propose a two-stage approach to recover consistent

estimates off; and g, as well as predicted values for the productivity shocks.

D.1 Identification assumptions

The identification of the parameters from equati@wi{i ) is achieved through assumptions corresponding
to the information available to each household when degidim the use of labor and capital, the process
through which productivity evolves over time, and the ekterwhich input decisions can be adjusted in
response to productivity shocks. This section intuitivescribes these assumptions and refers the reader
to Ackerberg et al(2015 for more formal statements of these assumptions.

The first assumption is related to the information availabléouseholds at each point in time. The
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estimation approach assumes that during pefjdtbuseholds are aware of current productivity shocks as
well as past productivity shocks; however, future shockgramuctivity are not known by the households.
Denote each household’s information set @s I;;. Since households do not expect or observe current
transitory shocks to productiafy;, this assumption implies that the shocks to production gtegonal to

productivity shocks:

E[Eituit] =0 (DIX)

The second assumption is related to the ability of housshimduse information to predict shocks to
productivity and the persistence of these shocks. Thisrpsgsimes that productivity evolves according to

a first-order Markov process, which is known to households:

wig = g(wiz—1) + Gt (Dx)

E[(it|lit-1] = 0

This assumption, while restrictive in terms of the dynanutproductivity, is weaker than assumptions that
would be made in an OLS approach or fixed-effects model or amympanel approach ( see for example
Anderson and Hsia¢1982). In the context of this study, it allows productivity atdesdine to be a good
predictor of productivity in the periods following the ingphentation of the program, and hence to be a
relevant margin for evaluating the targeting performarfcd® program. The third assumption is related to
the law of motion for the stock of capitak£). In particular, the assumption is that capital in the cotrre

periodk; is a function of the stock of capital and investment in thevjones periodk; 1,7: 1:

ki = k(1t,kt—1) (Dxi)

This assumption means that capital is fixed in the sense thegetnolds would experience high costs
to adjust their choices of capital in response to currentyetvity shocks. A further assumption is that
labor decisions are made in any time period up to petiodihus, labor is allowed to adjust with respect
to current productivity shocks. In this sense, labor is & freut in this model. While this assumption
implies that lagged values éfcould be used as instruments for current values of laborfatttehat capital

is pre-determined is not enough to recover consistent atsnofs; and B, as investment might be a

21



function of observed productivity and henkgmay be correlated withy; given that there is persistence
in the productivity shocks. Thus, variation in producivitill needs to be controlled for. The final two
assumptions allow the researcher to control for variatioproductivity by imposing some structure on the
way intermediate inputs relate to productivity. The keyuasgtions in this approach are that conditional
on their labor and optimal capital decisions, as well as theeoved shocks to productivity, in each period
households demand intermediate inputs according to a roicatly increasing function ab;;, conditional

on labor and capital choices:

mie = fe(Kie, lit, wir) (Dxii)

Wi = ft_l(mit, kit lit)

This assumption allows for inversion gfand use of the conditional variation m to control for the
variation in productivity shocks that are not observed lgyrésearcher; that is, it allowsto be written as
a function of the intermediate input, capitalk, and laborl. This assumption rules out models in which
there are adjustment costs to intermediate inputs, or rmodethich there are shortages in the supply of
these inputs. While restrictive, the latter assumption thasadvantage that it is testable as discussed in
Levinsohn and Petri(R003.

D.1.1 Moment conditions

Using the assumptions iD{x) to (Dxiii ), it is possible to derive the two moment conditions that alibw

the identification of5; and gy

Eleit|It]) = E[yie — ®t(mie, kit, lit)| L:e) = 0 (Dxiii)
E[(it + €| lit—1] =

Elyit — Bo — Bilit — Brkir — 9(Pe—1(miz—1, kit—1, lie—1) — Bilie—1 — Breke—1)|lie—1] =0  (Dxiv)

with &; = Bo + Bilit + Brkir + ft_l(mit,l.;t,kit) The first moment condition results from plugging in
(Dxiii) into (Dviii ), and combining it with Dix). The Second moment condition exploits the assumption
that productivity evolves according to a first-order Markanocess as infxi). Note that none of the
structural parameters can be identified only from the firstaiqgn, however it is possible to use these

moment conditions to identifg,, and plug in®;_; (m:_1, lix_1, kix—1) into the second equatiomkiv).
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The resulting set of moment conditions after this process is

lit—1
E | (yit — Bo — Bilit — Brkit — 9(®t—1) — Bilit—1 — Brki—1)) ® ) =0 (Dxv)
it

D1

The behavioral assumptions made in this sections are mysgsin this set of moment conditions. First,
as capital is pre-determinegl is a function of investment dt— 1 and thusk;: € I;;_;. This means that
capital is chosen prior to observing innovations in the pobgtity process(;;. However, this approach
does not restrict the adjustment of labor and it is perfeutiysible that a household will adjust labor given
the innovationg);;. The only restriction in terms of the adjustment of laborisiens is that households
cannot forecast;:, and thus their past labor decisions are orthogonal withersto current innovations
to productivity. Finally, note that there is no extra vadatcoming from the intermediate input in the
latter set of moment conditions; the relevant variation alesady used to recovér, from (Dxiii ). This last
observation prevents identification of a elasticity parem#orm, and hence the identification of a revenue

function without assuming that the underlying technologjizéontief in intermediate inputs®

D.1.2 Estimation and variable definition

The estimation approach to recoverifgand g follows the simplification detailed in Appendix A.4 in

Ackerberg et al(20195. This process reduces the systembixy) to:

. e
E|lGe| || =o0 (Dxvi)

k:

with Gz = (®¢ — Bilit — Brkst) — h($t_1 — Bilis_1 — Pekit—1). his an arbitrary function. The estimation is
performed through the generalized method of moments (GMiifigk;; andl;; 1 as instruments. To opera-
tionalize this process, value addgis computed as the total revenues, over a calendartyeat of the value

of the inputs purchased outside the household that weretasgeherate revenue during the periad;y).
The proxy variable is the total value of inputs, purchasedida the household, that were used for generat-

ing revenuesrt ;). These inputs include fertilizer and seeds for agricelttmols for fishing, transportation

*8Gandhi et al(2016 discuss this issue extensively and develop an alternagipeoach which in principle allows to estimate a
revenue function and relax these assumptions.
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spending, appliances to be used in off-farm family busiegsand labor from outside the household. Labor
is measured as the total hours per year of labor employedusdimlds’s revenue-generating activities. On
average 85% is provided by household members; this inclodass spent on agriculture, fishing, caring
for cattle, working at the off-farm family business, and Wiag for wages outside the household. Capital is
measured as the value of the total stock of fixed assets, dmldonsistent with the assumptions regarding
the timing of the inputs, it is measured in January of eachrahdr year. Section.1.6discusses robustness

checks against alternative measures of labor and capital.
D.1.3 Estimation procedure

D.1.4 Value added function estimation

The elasticities from the household value added functiahthe estimates for productivity are recovered

following the process detailed below.

1. Using the 14 years of data, the first-stage regressiorsmonding to the sample analog ofx{ii )
is estimated. The functioyﬁt‘1 that maps productivitw;; into the demand for intermediate inputs is
approximated using a third-order polynomial @n &k, and!. To allow f to vary with changes in the
price of final output and inputs over time and across villagpas which are common to households

within a village—village-year fixed effectd ;) are included in the first stage:

h=37=3n=3

Yr = > > ¢hjnm$,lgtk3& + 0yt + €5t

h=0 j=0n=0

L X i .
2. & is computed a®; = Y-p=0 32070 SN0 bhinmALLKT + 6yt -

3. Using candidate values f@ andg;, obtained from an OLS regressiafi, is computed as:
Wi = $¢ — Bils — Brkit

4. Since productivity is assumed to follow a first-order Marlprocess, the following equation is esti-

mated:

n=3
Wit (Br Br) = Y, Ynit—1(B1, Br) + Ot + i
n=1
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5. The resulting residuat%(ﬂl, B ) are used to construct the sample analogof), andg; andg; are

estimated using GMM.

6. To account for the uncertainty in the estimation of thd tage, standard errors are computed using
500 non-parametric block bootstrap samples stratifiedeatittage level. Additionally, p-values asso-
ciated with percentile t-bootstrap tests for significaneeraported in order to provide an asymptotic

correction for a small sample estimation.

7. Value-added productivity is recovered using the GMMreatesg;, andf; :
@F = &¢ — Buls — Brkt

8. For the analysis in the paper | only focuss on estimatesradystivity @}, corresponding to the
average over the baseline years 1999-2000.
9. | also report results using only data from 1999-2001 toregte the elasticities (baseline data only).

Results are robust to this approach.

D.1.5 Revenue Function estimation

An alternative way of recovering factor elasticities anodarctivity is to estimate a household revenue

function following a dynamic panel model by-differencing” the equation below:
Yit = Po + Bilit + Brkit + Brmmit + wit + €4 (Dxvii)

and assuming that follows a first-order autoregressive process; = pwi:1 + (. In this case, the
dependent variablg denotes total revenues for a household, mnfintermediate inputs) is also included in
the revenue function.

The estimation process is detailed below:

1. First | subtracpy; ; from both sides of the equations.
(Yst — Brkit — Bilit — Bmmat) = p(Yit—1 — Brkit—1 — Bilit—1 — BmMit—1) + (it + €t — pes 1

2. Using candidate values f@k, 8,,, andg; obtained from an OLS regression @xVvii), «;; is com-
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puted as:
Wit = (Yit — Prkit — Bilie — Bmmaz) — Bo

3. Since productivity is assumed to follow a first-order aggpessive process, the following equation is

estimated:

@it (B1 Br, Brm) = P@it—1(Br, Bre, Bm) + Ot + &

whered,; include a full set of village-year fixed effects.

4. The resulting residuaé(ﬁl, Bk, Bm) are used to construct the sample analog of:

lit 1
E |(wit — pwit—1) ® =0 (Dxviii)
kit 1

ma—1

andB; and By, are estimated using GMM.

5. Revenue productivity is recovered using the GMM estimAteand4;:
@Yy = yit — Bilit — Brkit — Brm

6. | use only pre-program values @f; corresponding to an average of predicted productivity 899
2000.

26



Table DXXI: Value Added Function Estimates

Panel A: Production function estimates (Value-added Colsl()-(9) Revenues (10)-(11))

DP (8 years) DP (pre-program)

oLs FE ACF (allyears) ACF (M.E.ink) ACF(pre-program) ACF (b alanced panel) ACF (Ol) DP (allyears) DP (pre-program)
@ @) 3) 4 ©) (6) ™ () 9) (10) (11
Labor (log) 0.514**  0.391*** 0.724* 0.698** 0.645*** 0.821 0.432%** 0.695 0.683 0.219 0.491
S.E. (0.010)  (0.022) (0.350) (0.390) (0.301) (1.038) (@03 (0.449) (0.482) (0.371) (0.493)
P-val (Bootstrap) {0.03} {0.01} {0.00} {0.28} {0.00}
Capital (log) 0.232**  0.0838** 0.233*** 0.253*** 0.163*** 0.232%** 0.177** 0.247 0.174 0.0834 0.0804
S.E. (0.008) (0.032) (0.129) (0.161) (0.134) (0.103) (@)01 (0.176) (0.188) (0.161) (0.211)
P-val (Bootstrap) {0.00} {0.00} {0.00} {0.00} {0.00}
Intermediate inputs (log) 0.508*** 0.342*
S.E. (0.119) (0.157)
Obs. 7226 7226 6438 6438 1106 5317 6372 6372 1096 6417 1102
Returns to scale (RTS) 0.747 0.475 0.958 0.951 0.808 1.053 6100. 0.943 0.857 0.302 0.572
Chi2 (constant RTS) 446.4 184.2 0.00885 0.00838 0.201 2402 127.3 0.00856 0.0465 1.735 0.373
P-Val (constant RTS) 0.000 0.000 0.714 0.927 0.5306 0.808 0000. 0.926 0.829 0.188 0.541
Test for Ol restrictions (Jstat) 0.365
Test for Ol restrictions (Pval) 0.856
Panel B: Summary Statistics for baseline productivity
oLs FE ACF (allyears) ACF (M.E.ink) ACF(pre-program) ACF (b alanced panel) ACF (Ol) DP (allyears) DP (pre-program) DP (dyears) DP (pre-program)
)] 2 (3) (4 (5) (6) @) (8) (9) (10) 11)

Mean 4.10 6.92 251 2.46 4.02 1.79 5.45 2.54 3.58 3.58 3.89
Sd 0.94 1.02 0.58 0.58 0.60 0.61 0.65 0.94 0.93 0.92 0.87

LZ

* % xp < 0.01, % x p < 0.05, %p < 0.1 Based on Bootstrap-t p-values for columns (3)-(6)

Note: The table presents estimates of a production function friffi@rent approaches as well as tests for the null of consttntns to scale. All estimations control for villageyear fixed effects. In columns (1) to (5), the dependent téeies Value added from
all the economic activities of the household. It is compuigdubtracting the value of the intermediate inputs fromidital revenues for each household. Revenues correspogditaléure, livestock-raising and fishing, paid labor aachily business activities. Labor is
measured in hours/year across all activities and includek performed by household members as well as by peopledeutisé household. Capital is the value of each househol@d figsets, measured at the beginning of each year. All \esiake in logs. Column (1)
presents OLS estimates, Column (2) presents fixed-effstitaaes. Columns (3)-(6) report GMM estimates using athefobservations from all available periods (benchmanecting for potential measurement error in capital (unstenting by the first lag of log
capital), the benchmark estimation using only from pregpam periods, and only the sample of households observeagdit waves of the survey, respectively. The instrumeatdtiese specifications are the first lag of labor and capieglsured at the beginning of
each year. Column (7) presents estimates from an overfigettinodel that also includes the second lag of labor and éigsof capital as instruments. Column(8)-(9) presents eséisifrom a dynamic panel model estimated through GMM usigged versions of capital
and labor as instruments. Columns (10) and (11) presem&sts for a gross revenue function based following a dynpanel approach. Standard errors from the two-stage proeede presented in parentheses. P-values using the eahdistibution of the t-statistic

derived from 500 bootstrap samples (percentile-t bogigtte allow for small sample asymptotic correction, areorégd in braces.



D.1.6 Alternative specifications and discussion

To avoid imposing restrictive assumptions regarding the afscredit and the interactions of all possible
sources of income that households may have, this paperhesbghnchmark specification that employs total
revenues over all activities and total expenditures orrnmégliate inputs. TablBXXIl presents robustness
checks of the productivity estimates associated with iiffedefinitions of labor, capital, and revenues. Col-
umn (1) replicates the benchmark estimates for compari€mumn (2) presents estimates from a model
that excludes hired labor. In this caggonly captures the contribution of labor provided by housgho
members. While labor from household members accounts aagedor 85% of total labor, and the re-
sulting coefficients are similar with respect to the benatknspecification, excluding hired labor reduces
the observations as there are some households that relysmedy on hired labor. Column (3) excludes
household assets from the computation of capital. Houdedwdets are mainly composed of the value of
the dwelling in which households live and other appliancgbé household. The resulting estimates are ba-
sically identical to the benchmark specification. Finalglumn (4) reports estimates that exclude revenues
and expenses related to paid labor outside the househoddreBhlting estimates are smaller in the case of
B with respect to the benchmark cases. Note however thatdirgluevenues from wage labor reduces the

available observations, as some households may rely éxalusn this source of revenue.
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Table DXXII: Production function estimates under alteivespecifications

Panel A: GMM Estimates of the Value-Added function
Benchmark Specification  Excluding hired labor  Excluding hausehold assets  Excluding wage earnings

(1) (2 (3) 4)

Labor (log) 0.724* 0.812 0.745 0.634***

(0.350) (0.949) (0.396) (0.0497)
Capital (log) 0.233* 0.254 0.210* 0.213

(0.110) (0.160) (0.0997) (0.136)
Obs 6438 6231 6438 5592
Returns to Scale 0.958 1.066 0.955 0.846
Chi2 (Test for constant RTS) 0.00885 0.952 3.828 35.44
Pval (Test for constant RTS) 0.925 0.329 0.0504 0.000

Panel B:Value-added productivity estimates

Benchmark Specification  Excluding hired labor  Excluding hausehold assets ~Excluding wage earnings

(1) (2 (3) 4)
Mean 251 1.69 2.68 3.87
SD 0.58 0.72 0.59 0.77
Panel C: GMM Estimates of the Value-Added function
ACF Farm ACF No Farm DP Farm DP No Farm
(1) (2 (3) 4)
Labor (log) 1.010 1.085 0.749 0.734
(2.012) (234.9) (0.605) (0.550)
Capital (log) 0.145 0.249 0.141 0.189
(0.207) (29.21) (0.226) (0.220)
Obs 3517 2921 3474 2898
Returns to Scale 1.155 1.335 0.890 0.923
Chi2 (Test for constant RTS) 0.006 0.000 0.0179 0.0103
Pval (Test for constant RTS) 0.943 0.999 0.894 0.919

Panel D:Value-added productivity

Benchmark Specification Excluding hired labor Excluding haisehold assets Excluding wage earnings

@ @ ® 4
Mean 1.42 -0.55 3.50 3.00
SD 0.85 0.70 0.95 0.94

Note: Panel A presents estimates of production function fronedsfiit specifications using the method proposeddkerberg et al(2015. All estimations control for villagex year fixed
effects both in the first and second stage and are estimaiegl @8M. The dependent variable is Value-added from all tbenemic activities of the household. It is computed by satitng
the value of intermediate inputs from the total revenuesfmh household. Revenues correspond to agriculturetdiskesaising and fishing, paid labor, and family businegs/éies. Labor is
measured in hours/year across all activities and include& performed by household members as well as by peopledautise household. Capital is the value of each householdd fissets,
measured at the beginning of each year. All variables amegs. IColumn (1) replicates the benchmark specification imstred paper. Column (2) presents estimates excluding hateat from the
estimations. Column (3) presents estimates from a modeéxuéudes households’ assets from the computation ofalagit Column (4) presents estimates of value-added exgjwedirnings and
costs from labor outside the household. Bootstrap staretaods are clustered at the household level to account fi@l serrelation, and are presented in parentheses. Papedvdes summary
statistics for productivity measures that were estimasdgueach specification. Panel C presents estimates foeholas for whom farm activities (agriculture, livestockdaishing) were on
average the main sources of income Column (1) and for whordfaion activities were the main source of income Column (2)gishe approach proposed Bykerberg et al(2015. Columns

(3)-(4) replicate this estimations using a dynamic panptegach.

D.1.7 Testing the monotonicity assumption

The main identifying assumption in this context is the exise of a demand function that maps the demand
of intermediate inputsn purchased outside the household to productivity in a Btrinbnotonic way. The
empirical implication of this assumption is that the praiitity estimates should exhibit a strictly monotonic
relationship to the value of the intermediate inputs, chowial on labor, capital, and village-year fixed
effects. FigureDXIl provides a graphical test for the strict monotonicity agstiom. The y-axis plots

residuals from a regression of the value of intermediatatsyx;; on a third-order polynomial of labor and
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capital and a full set of village-year dummies. The x-axstplresiduals of a similar regression in which
the dependent variable corresponds to the value-addedigirngty estimates. The picture depicts a clear

monotonic relation among these variables, validating thendentification assumption in this approach.

Test for monotonicity
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Figure DXII: Productivity and intermediate inputs

Note: The figure plots residuals of a regression of proditgtan a third-degree polynomial of log labor and log capitaintrolling for village-year fixed effects (x-axis) andsiduals of a

regression of log purchased inputs on a third-degree paijalaf log labor and log capital,controlling for villagesgr fixed effects (y-axis). Top and bottom 1% of observatiensinsorized.

A more formal test for the validity of this assumption is pided byShenoy(2017). The idea is that if
firms were constrained with respect to the intermediatetspufaced rigidities in the markets of interme-
diate inputs, production in perigdshould be a function of past input choices (first lags of edgibor and
intermediate inputs). | test for this using a two-stage aaph. First, | regress log value-agdn a third
order polynomial of current values of log capital,labor amgrmediate inputsh(k:, l:, m.)), controlling
for village-year fixed effects, and compute the resideglsThen | regress these residuals on a veefog
of lagged capital, labor and intermediate inputs and tesetttent to which all the elements of the vector

Kk =0:

€; =Ti_1K + V4 (DXiX)

If households do not face constraints in the adjustment miits) then variation in output should be only
explained by current choices of input ard= 0. TableDXXIIl shows that the null of no constraints is
not rejected under several specifications. While this aédidhe identification assumptions, note that this
is not evidence of no credit constraints. For instance, éloolsls may hold excess on inventory simply be-

cause they don't have access to credit to finance increasssuits when a households experiences positive
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productivity shocks.

Table DXXIII: Test for frictions in intermediate inputs
Regressorsr{—1): k-1, lt—1,m11 {kt—jylt—]ymt—j}ii% {kt—jylt—j,mt—j}ii? 2nd orderf (ks—1,1:—1,m¢—1) 3rd orderf(ks—1,l—1,mt—1)

Observations 6,532 5,916 5,240 6,438 6,438
Adjusted R-squared -0.000 -0.000 0.001 -0.000 0.003
FStatk =0 0.0759 0.554 1.250 0.383 1.104
P-val x =0 0.927 0.758 0.279 0.930 0.338

Note: The table presents F statistics and P-values comespwto the null hypothesis that = 0 (see equatio®xix) for several specifications. Column (1) presents resutts fa model
including first lags of capital, labor and intermediate itg«Columns (2) and (3) present results from specificatibasitclude second and third lags of the variables respgtiColumns(4) and

(5) report results from tests which include flexible polyralsof the first lags for capital, labor and intermediateLitsp Robust standard errors are presented in parenthesis.
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E Robustness to the agricultural cycle and placebo analysis

This section replicates the flexible difference-in-diffiece results of the paper in the placebo sample follow-
ing the approach discussed in sectibB To do so, | use the two years preceding the implementatidineof
program. In particular | focus on a time window that excluttesdata | used to compute my main estimates:
Tyt € [—36,—6). | normalize the time-to-treatment variabteto be between -12 and 17 (centered at -1)
such that the calendar months in which the funds were agtuglikased coincide to those in the placebo
exercise. For example, if the funds for a certain villageeveteased in June; = 0), for that same village
June would be the first month of treatment in the placebo gerig/A“FB0 — 0. The placebo sample

coincides with the period September 1999-February 2001.

It is worth mentioning that more placebo months are avalébt the villages that enter into treatment
later, conversely villages that enter the treatment eaalie not observed for all the periods preceding the
placebo treatment ( i.e. months for whigl < 0 in the placebo sample). Appendix FigutexIil EXIV
reproduces the main figure in the paper. They plot the refolts the study sample on the left-hand side,
and present the placebo results on the right-hand-sideeTa pattern of pre-trends in the placebo sample
which could be related to decreases in overall financialiactiue to the South-East Asian financial crisis
and the associate recovery, or measurement error in thedustls of the survey. However, the flexible
difference-in-difference estimates in the placebo sartguk flat in most cases, and, when different from
zero, move in the opposite direction of the effects repontetthe original analysis suggesting that, if any-

thing, the main estimates understate the true effects.
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E.0.8 Placebo test for main results

Figure EXIII: Short-term effects of the VF program on crediim local informal sources
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Note: The figure depicts flexible difference-in-difference esties corresponding to equatia).( The top panel plots OLS coefficients capturing the effe€tthe program on borrowing from
informal lenders (either personal lenders or relativesydaynected households, while the bottom panel presentaass for total borrowing from informal lenders by uncortedchouseholds.

The left-hand-side graphs present results related to thementation of the program, while the graphs in the rigimtehpanel represent estimates using the placebo sample.

Figure EXIV: Short-term effects of the program on credinfreelatives-unconnected households
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Note: The figure depicts flexible difference-in-difference esttes corresponding to equatids).( The top panel plots OLS coefficients capturing the effe€the program on borrowing

from relatives (number of outstanding loans) by unconriesteiseholds, while the bottom panel presents estim yorrowing from relati by unconnected househdltie left-hand-side

graphs present results related to the implementation giribgram, while the graphs in the right-hand panel represstithates using the placebo sample.

E.1 Attrition
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Table EXXIV: Effects of the program on total borrowing by cattion with elites(excluding attriters)
Panel A: Effects on credit from the program

Any credit from MBVF Gross debt from MBVF
(2) 2 ) (4) ©) (6)

VARIABLES All Connected Unconnected All Connected Uncociegl
Post,; 0.363***  (0.423*** 0.251%* 6,320.631*** 7,895.595*** 2 083.796***

(0.022) (0.029) (0.035) (446.287) (604.506) (531.589)

[0.000] [0.000] [0.000] [0.000] [0.000] [0.012]
Observations 18,305 12,230 6,075 18,232 12,179 6,053
R-squared 0.617 0.635 0.569 0.591 0.616 0.527
Baseline DV mean 0.0301 0.0450 0 45,57 68.19 0
Clusters (# households) 509 340 169 509 340 169

Panel B: Effects on total credit
Any credit Total Gross outstanding debt
(1) ) ) (4) ) (6)

VARIABLES All Connected Unconnected All Connected Uncociegl
Post,; 0.073**  0.058*** 0.104%** 3,435.158 3,899.126 1,858.497

(0.014) (0.015) (0.027) (2,454.030) (3,226.529) (3,709)5

[0.000] [0.000] [0.012] [0.232] [0.356] [0.612]
Observations 18,305 12,230 6,075 18,205 12,195 6,010
R-squared 0.653 0.623 0.658 0.876 0.833 0.919
Baseline DV mean 0.673 0.745 0.529 65935 61728 74462
Clusters (# households) 509 340 169 509 340 169

* % xp < 0.01,*% xp < 0.05,xp < 0.1

Note: The table presents difference-in-difference estimatélseo$hort-run effect of the rollout of the program on totalrbwing, by connectedness with the local elite. The sampikides
only households who are always interviewed during the 172eguvaves. The reported coefficients correspond to OLSessipns of the respective dependent variables on whetheesburces
from the program were released in villagen montht, controlling for household fixed effects and calendar mamiti year fixed effects ( see equatia)( Estimations were performed using all
the available observations for the 18 months before and tiféerollout of the program in each village. Panel A repoetsutts for the effect of the rollout of the program on the paog's uptake
and Panel B shows results for total borrowing (winsorizimg top 1% of observations). Standard errors, presentedrém{ieeses, are clustered at the household level to alloflefable serial
correlation. P-values that account for potential withiltegje correlation are presented in brackets; they are ctedpising a wild bootstrap t-procedure to account for a redueimber of clusters
(16) as inCameron and Mille¢2015. Connected: households who reported having any socieeairinteraction or direct kin relations with council mem&euring the survey waves preceding

the release of the funds from the program. Unconnected:emids without any direct connection with members of thiagé council.
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Table EXXV: Effects of the program on informal credit by ceetion with elites(excluding attriters)
Panel A: Any loan from informal lenders

Connected Unconnected
1) 2 3 4 ®) (6)
VARIABLES Any informal Relatives Non-relatives Any inforah Relatives  Non-relatives
Posty; -0.007 -0.000 -0.004 0.040** 0.032* 0.014
(0.014) (0.011) (0.012) (0.020) (0.016) (0.012)
[0.684] [0.916] [0.752] [0.188] [0.028] [0.800]
Observations 12,230 12,230 12,230 6,075 6,075 6,075
R-squared 0.703 0.674 0.642 0.600 0.561 0.605
Baseline DV mean 0.164 0.0650 0.111 0.0946 0.0511 0.0488
Clusters (# households) 340 340 340 169 169 169
Panel B: Gross stock of debt with informal lenders
Connected Unconnected
1) ) 3 4 ®) (6)
Any informal Relatives Non-relatives Anyinformal Rela® Non-relatives
Posty; 624.130***  114.186 280.446* 446.749* 409.031** 176.284
(232.407) (79.465) (150.523) (231.349) (195.825) (129130
[0.016] [0.116] [0.180] [0.224] [0.020] [0.632]
Observations 12,115 12,168 12,096 6,004 5,995 6,075
R-squared 0.771 0.745 0.711 0.585 0.603 0.598
Baseline DV mean 1791 615.6 963.2 982.3 439 535.3
Clusters (# households) 340 340 339 169 169 169

* x xp < 0.01, % xp < 0.05,%xp < 0.1

Note: The table presents difference-in-difference estimatéiseoghort-run effect of the rollout of the program on bornegvirom informal lenders, by connectedness with the loded®| The
sample includes only households who are always intervieluethg the 172 survey waves. Informal lenders include pebmoney lenders and relatives in the village. The repartedficients
correspond to OLS regressions of the respective dependeables on whether the resources from the program werasedein villagev in montht, controlling for household fixed effects and
calendar month and year fixed effects (see equafipn Estimations were performed using all the available olz@ns for the 18 months before and after the rollout ofghmgram in each
village. Panel A reports results for the number of outstagddans and Panel B shows results for the gross stock of damgdrizing the top 1% of observations). Standard erramsgnted in
parentheses, are clustered at the household level to atiofiekible serial correlation. P-values that account foleptial within village correlation are presented in braekéhey are computed
using a wild bootstrap t-procedure to account for a reducealer of clusters (16) as @ameron and Mille¢2015. Connected: households who reported having any socioeaierinteraction or
direct kin relations with council members during the surwewes preceding the release of the funds from the programoturected: households without any direct connection witmivers of

the village council.
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E.2 Alternative measures of connections

Table EXXVI: Effects of the program on total borrowing by cattedness score
Panel A: Effects on credit from the program

Any credit from MBVF Gross debt from MBVF
1) 2) 3) (4) ®) (6)
VARIABLES All High Low All High Low
Post,; 0.328*** (0.389*** (0.267***  3,264.857*  7,929.495*** 2 851297***
(0.019) (0.030) (0.026) (1,965.708) (619.981) (378.041)
[0.000] [0.000] [0.000] [0.120] [0.000] [0.020]
Observations 23,228 11,468 11,760 23,128 11,417 11,738
R-squared 0.613 0.641 0.570 0.866 0.636 0.527
Baseline DV mean 0.0290 0.0574 0.00151 60747 86.47 0.757
Clusters (# households) 671 331 340 671 331 340
Panel B: Effects on total credit
Any credit Total Gross outstanding debt
1) 2) 3) (4) ®) (6)
VARIABLES All High Low All High Low
Posty: 0.074*** 0.057*** (0.098** 5,529.391** 6,392.798** 987431
(0.013) (0.016) (0.020) (373.757) (2,685.509) (2,734)166
[0.000] [0.004] [0.008] [0.000] [0.088] [0.752]
Observations 23,228 11,468 11,760 23,155 11,433 11,695
R-squared 0.661 0.595 0.649 0.590 0.786 0.908
Baseline DV mean 0.665 0.821 0.515 42.97 60121 61356
Clusters (# households) 671 331 340 671 331 340

% % %p < 0.01, % xp < 0.05,%xp < 0.1

Note: The table presents difference-in-difference estimatebeshort-run effect of the rollout of the program on totairbaing, by connectedness with the local elite. The regbetefficients
correspond to OLS regressions of the respective dependeables on whether the resources from the program werasedein villagev in montht, controlling for household fixed effects and
calendar month and year fixed effects ( see equafipyn Estimations were performed using all the available olens for the 18 months before and after the rollout ofgghegram in each
village. Panel A reports results for the effect of the rotlotithe program on the program’s uptake and Panel B show#tsdsutotal borrowing (winsorizing the top 1% of obsereats). Standard
errors, presented in parentheses, are clustered at thehwddevel to allow for flexible serial correlation. P-vakithat account for potential within village correlatioe gresented in brackets;
they are computed using a wild bootstrap t-procedure towatdor a reduced number of clusters (16) a€ameron and Mille2015. The connectedness score corresponds to an index based on
the factor loadings of the first principal component reldtedll the different types of socioeconomic interactionthmical elites. High score: households whose score is ati@median. Low:

households whose score is below the median.

36



Table EXXVII: Effects of the program on informal credit byrawectedness score
Panel A: Any loan from informal lenders

High connectedness Low connectedness
1) ) 3 4) (5) (6)

VARIABLES Any informal Relatives Non-relatives Any inforah Relatives Non-relatives
Posty: -0.003 -0.003 -0.007 0.025* 0.025** 0.011

(0.019) (0.014) (0.016) (0.014) (0.012) (0.010)

[0.932] [0.876] [0.692] [0.404] [0.076] [0.816]
Observations 11,468 11,468 11,468 11,760 11,760 11,760
R-squared 0.683 0.646 0.627 0.671 0.630 0.678
Baseline DV mean 0.210 0.0864 0.143 0.116 0.0555 0.0673
Clusters 331 331 331 340 340 340

Panel B: Gross stock of debt with informal lenders
High connectedness Low connectedness
) 2 3 4 ®) (6)
Any informal Relatives Non-relatives Anyinformal Rela® Non-relatives
Posty: 637.667**  291.817* 116.849 404.136**  220.620* 160.543*
(266.360) (150.283) (166.179) (177.592) (128.296) (8377

[0.028] [0.056] [0.544] [0.220] [0.024] [0.460]
Observations 11,311 11,330 11,332 11,656 11,664 11,687
R-squared 0.762 0.672 0.695 0.732 0.644 0.644
Baseline DV mean 2272 686.2 1361 1271 464.9 533.1
Clusters 331 331 330 340 340 339

* % *xp < 0.01, % xp < 0.05,%p < 0.1

Note: The table presents difference-in-difference estimatebethort-run effect of the rollout of the program on bornegvfrom informal lenders, by connectedness with the lodtd=|
Informal lenders include personal money lenders and velath the village. The reported coefficients correspondLi €gressions of the respective dependent variables otherttbe resources
from the program were released in villagén montht, controlling for household fixed effects and calendar mamithyear fixed effects ( see equatid))( Estimations were performed using all the
available observations for the 18 months before and aféardiout of the program in each village. Panel A reportsitegar the number of outstanding loans and Panel B showdtsefsathe gross
stock of debt (winsorizing the top 1% of observations). S&ad errors, presented in parentheses, are clustered fatisehold level to allow for flexible serial correlationv&ues that account
for potential within village correlation are presented iadkets; they are computed using a wild bootstrap t-pragettuaccount for a reduced number of clusters (16) &ameron and Miller
(2015. he connectedness score corresponds to an index baseel factiir loadings of the first principal component relatedit¢he different types of socioeconomic interactions vdttal elites.

High score: households whose score is above the median. hawgeholds whose score is below the median.

F Appendix: Proofs of propositions 1 and 2

Consider the case of a rural household which chooses thmalgimount of inputs to be used for the family
business or farm at the beginning of the ydas(0) and uses the profits and other government transfers to
finance consumption in the rest of the yeaar={ 1). These households may finance the only input in this
economy kg;) using their initial exogenous wealtlw{) or borrow (@o;) at an interest rate of. However,
they may be liquidity constrained and only be able to borrgviaud, which is exogenously determined and

can be expanded by receiving loans from by the MBVF comm{tte Households maximize the following
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simplified problem:

o max Ulew) (Fxx)
s.t.
c1i + (1 + 7)gido; = Aif (kos) (Fxxi)
Prkoi < w; + do; (Fxxii)
doi < d +b; (Fxxiii)

whereU denotes an increasing and concave utility function of comgion in periodt = 1 (c1;), A;
denotes household total factor productivity associatetigégroduction functiorf(ko;) which is increasing
and concave irk.

Assumeu is a function of consumption in periadsuch thatu’ > 0 andu” < 0. f is a production
function that transforms the only inpuk)(into units of consumption goods and is increasingciand
concave " < 0). Let A1, Az, A3 be the lagrange multipliers associated to constraifgscif-(Fxxiii),

respectively. The lagrangian function associated to thienigation problem solved by househalds:

L = u(c1i) + M(4if(kos) — 1 — (L + 7)gido:) + Aa(w; + do; — Prkoi) + As(d + b; — do;)

The first order conditions imply:

u'(c1s) = A1 (Fxxiv)
w(en) (Aif'(koi)) = Ao (Fxxv)

Dk
u’(ch-)pik(Aif'(km) — (1 47)) = As (Fxxv)

F.0.1 Proof of Proposition 1

Proposition 1. If households face borrowing constraints, the marginditytof relaxing this constraint is
decreasing in initial wealth. Moreover, the marginal utiliof relaxing a household’s liquidity constraint is

an increasing function of household productivity if thetalifon in the optimal choice of inputs is large.
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Proof. In the context of binding liquidity constraints, each hduslds only borrows up ta}. = d and
purchases inputs such thg, = %‘Z*bi. Without loss of generality assume= 1. Optimal consumption
in this case ig;; = Aif(%i*”i) —(1+47)(d+b;). As a consequence of the envelop theorem, the marginal
utility of loans from the program equals the marginal Wilif relaxing the household’s liquidity constraint
(%% = a).

To see whethels is an increasing or decreasing function of borrowing from pinograms;, initial
wealthw;, and household productivityl;, | obtain the respective partial derivativesX3f using equation

(Fxxvi).

8}\ . //A, / 1 A " )

aufz = u—p’:f (p_k(Aif' — (L +7)p)) +u';)—ic <0 (Fxxvii)
7

OAs; u' f f!

Y Aif' —pr(1+ 7)) +u'— Fxxvii

54, ~ (Aif" —pr(1+7)) o ( )

(Fxxix)

Equation Exxvii) is negative because and f are concave, and becaudef’ > (1 + r)px when liquidity
constraints are binding. The intuition is that because é&loolsls are liquidity constrained, the marginal
product of an extra unit of input still exceeds the costs dtiring it. The sign offxxviii) will depend on

the curvature of the utility function and the size of the aiison in the allocation of inputd; f' — px(1+7)

fYI(Aifl—pk(l-i-’f‘)) > —Z—Ill (Fxxx)

Note that this condition will be satisfied depending on thecawity of the utility function. For example,

this condition is trivially satisfied if household are simplrofit maximizers —i.e., linear utility function—.
Equation Exxvii) implies that the marginal utility from borrowing from theéggram is decreasing in

both borrowing and wealth. Equatiorisxviii) and @) imply that households with a higher utility derived

from the program are high-productivity households. O

F.0.2 Proof of Proposition 2

Proposition 2. If households are do not face borrowing constraints but faigh borrowing interest rates,
the marginal utility from a reduction in the interest rateasdecreasing function of initial wealth and an

increasing function of household productivity
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Proof. If the liquidity constraints are not binding, then houselsothoose inputs based on prices, interest
rates and household productivitgjf = k(A;, 7, px)). In this environment, household debt accounts for
(d§r = prk(A;, m,pr) — w;) and the marginal utility of decreasing interest rates\igiy’ and is positive if

households are net borrowerg{ > 0). Taking derivatives with respect to; and A;:

A i . _
73“,1,0 =u'(1+r)dg; —u' <0 (Fxxxi)
ondy , Ok** ,
—— = dsx Fxxxii

Equation Exxxi) is negative due to the concavity af Equation Exxxii) is positive if the marginal

increase in utility derived from increasing inputs offséte marginal cost in terms of utility of having to

repay debt.
1 Ook** "
- —ud*
This will typically be true for profit maximizing householdse., v"=0-. O
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