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1. Introduction

In developing economies such as those of sub-Saharan Africa and South Asia,
complete informal insurance against income shocks is usualy infeasible. Thisis for a
variety of reasons, including the scarcity of household collateral, poor legal
enforcement and the co-variance of household risks in village environments (see, for
example, Deaton, 1992a, 1992b; Rosenzweig and Wolpin, 2004; Udry, 1994; Dubois,
Jullien and Magnac, 2008). At the same time, the level of local information that is
required for efficient market coverage by large credit institutions in such markets is
limited. Commercia banks have funds to lend, but often lack adequate information
on creditworthiness and enforcement mechanisms to recover the loans. One public
policy response to these market failures is to create microfinance institutions that can
acquire information on borrowers in innovative ways. By mimicking and exploiting
some of the features of informal lending, banks can design credit contracts that
harness local information and give borrowers incentives to use their own information
on their peers to the advantage of the bank (Armendariz and Morduch, 2005; Ray,
1997).

Within this setting, the 2001 World Development Report notes that “informal and
formal strategies are not independent: public policies and the availability of formal
mechanisms heavily influence how extensively informal arrangements are used and
which kinds are used” (World Bank, ibid, p.140). A natural question, therefore, is: do
governments displace the informal loan market by introducing forma microfinance
institutions? To the extent that such ‘crowding out’” occurs the effectiveness of policy
interventions of this type is reduced. Whether this is desirable depends on whether

such informal credit channels are seen as desirable in themsdlves.

In the mid 1990s, the Malawi Government published its Policy Framework for the
Poverty Alleviation Programme (PAP). Among the strategies proposed in the PAP
were the provision of credit facilities and the promotion of micro and small
enterprises. As a consequence, new credit facilities were created by the government
of Maawi of which some received funds from external agencies such as the World
Bank. Loans were delivered to small groups for farming activities, such as the
acquisition of agricultural inputs (i.e. fertilizers, seeds and farm equipment), and for

small-scale trading activities. To examine the hypothesis that these new institutions



crowded out use of informal credit sources, this paper uses the 1995 Malawi Rural
Financial Markets and Household Food Security Survey (FMHFS), described more
fully in the next section of the paper. The survey contains information about
households’ borrowing behaviour from both informa lenders and group-lending

institutions.

We find significant evidence of crowding out of lending from informal sources for
at least some of the programmes investigated. The results show that participation in
one specific microfinance programme, that provided by the Maawi Rura Finance
Company (MRFC), had a significantly negative effect on borrowing from informal
sources. The average absolute size of the effect ranged from 20 to 32 Malawian
Kwacha (around 1.3 to 2 U.S. dollars at 1995 exchange rates) depending on the
specification. In relative terms, it reduced the amount that members borrowed from

informal lenders by more than 70 percent.

The relatively large literature on crowding out in the last fifteen years has found no
consensus on the effect of government sponsored programmes on pre-existent private
schemes. Most of this literature tests the crowding out hypothesis with regression
techniques where the dependent variables are private transfers or remittances and the
independent variables include, among other controls, some form of public transfers.
Typicaly either probit or tobit models are used, athough non-parametric
specifications have also been implemented (Jensen, 2003). The problem with these
studies is the endogeneity bias that arises from the non-random selection of
participants into the public programme. Severa recent studies have attempted to
resolve this issue by using aternative methodologies, such as instrumenta variables,
randomised treatments, and evidence from pre- and post-programme participation data
(e.g. Albarran and Attanasio, 2002; Attanasio and Rios-Rull, 2000; Cox et al., 2004,
Jensen, 2003; Kaboski and Townsend, 2006; McKernan et a., 2005).

Following these later studies we adopt policy evaluation techniques in order to
identify a causal relationship between access to formal credit programmes and
reduction in the use of informal loans in Malawi. An innovation of this paper is that it
departs from the standard single treatment approach, showing that this method can
lead to “aggregation bias” whenever treatment heterogeneity is not taken into account.

We develop a model with multiple treatments where households are classified as



members of one, or more than one, group-lending programme. In doing so, we follow
the evaluation literature on training programmes (for example, Brodaty et a., 2001;
Frolich et a., 2004). This approach allows a comparison between the effectiveness of
different mixes of credit programmes, as well as between different groups of
households. For example, crowding out could differ according to the economic status
of the household, with relatively constrained (unconstrained) households more (less)
likely to reduce borrowing from informal lenders (as in Cox et al., 1998; Cox and
Jimenez, 1992; Navgjas et a. 2003) if more constrained households switch to group-
lending institutions in order to reduce borrowing costs.*

The evaluation of the impact of group-lending institutions on access to informal
loans requires the use of an untreated group that is similar to the group of treated
households who do participate in group-lending. We choose past members of group-
lending institutions as the untreated group: we justify this decision later in the paper.
Propensity score matching is then implemented to match participants in group-lending
institutions with households that have similar observed characteristics (the so-called

“control group”), but are not current members of any group-lending institution.

The paper evaluates both the effect of being a borrower and a member of one or
more group-lending programme. This alows us to test the crowding out hypothesisin
the presence of expected transfers, as opposed to nearly al the literature which has
focused on crowding out in the context of realised transfers. We know households’
demand for informa loans is affected by their membership of a microfinance
programme and not just by actual borrowing (Cox and Fafchamps, 2008). The data
set also provides information on self-reported demand for loans and on credit limits.
Such data are not commonly available in studies of crowding-out and allow us to

attempt to disentangle demand and supply factors.

! Few empirical studies have tested the crowding out hypothesis in the context of group-lending
ingtitutions (although see McKernan et a. 2005). Morduch (2000) has recognized the importance of
analysing the role of group-lending institutions in markets where there are a variety of other lenders,
but most of the economic literature on group-lending institutions has been concerned with the impact
of these institutions on clients (asin Morduch, 1998; Pitt and Khandker, 1998; Wydick, 1999) and with
the ability of joint-liability schemes to overcome information problems affecting formal lenders
(Bedley and Coate, 1995; Ghatak, 1999; Stiglitz, 1990).



In addition, we develop a rigorous sensitivity anaysis by adopting a variety of
matching a gorithms, and test for hidden biases arising from unobservable factors that
affect simultaneously the assignment into one of the programmes and the outcome

variable.

The structure of the paper is as follows. In the next section we describe the Malawi
Rural Financial Markets and Household Food Security survey. Section three
presents some descriptive statistics of the sampled communities and of households’
borrowing behaviour. The evaluation strategy is explained in section four. Section five

concludes.

2. Description of data and credit programmes
2.1 The Malawi Rural FMHFS survey

The Malawi Rural Financial Markets and Household Food Security survey
(FMHFS)? was conducted by the International Food Policy Research Institute
(IFPRI) in cooperation with the Rural Development Department of Bunda College
of Agriculture. It was part of a study on the determinants of access to and
participation in existing forma and informal credit and saving programmes, and
their effects on agricultural productivity, income generation and food security.
The Malawi FMHFS was collected in three rounds during 1995: the first round
took place between February and April, the secondin July-August and the last in
November-December. The survey includes detailed information on land tenure and
agricultural production, assets, food and non-food consumption, credit and savings,

and wage and self-employment income (see Diagne, 1999).

The sample includes 404 households in 44 villages in five districts of Maawi. The
five districts were Dedza, Dowa, Mangochi, Nkhotakota and Rumphi (see map
overleaf). The data were collected using a stratified sampling procedure to ensure that
half of the sample was a member of a programme, and then a random selection within

each stratum was interviewed®.

2 Funding for this survey came from the Rockefeller Foundation, and GTZ/ Maawi via the

Ministry of Women, of Children Affairs, of Community Services and Socia Welfare
(MOWCACDSW), and through UNICE- F/Maawi and USAID/Malawi.
* The sample is choice-based because households were selected according to their participation in the

credit programmes.



2.2 Thecredit programmes

This paper focuses on four microfinance programmes created as a result of the
1995 PAP. Haf of the stratum-selected sample participated in four credit
programmes:. the Malawi Rural Finance Company (MRFC); the Malawi Muzdi Fund

Map: Sites of districts in Malawi
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(MMF); the Promotion of Micro-Enterprises for Rura Women (PMERW); and the
Malawi Union of Savings and Credit Cooperatives (MUSCCO). The other half of the
sample had either, previously participated in one of the credit programmes, or had

never participated in aformal credit programme.

The credit and savings module of the questionnaire was administered to every
member of the household who was over 17 years of age. Information was collected

on the credit characteristics of all individuals who reported a positive demand for



loans, whether from a formal or informal source, and for both those who had loan
applications rejected and granted.

The next section describes each of the programmes. The Malawi Rural Finance
Company (MRFC) isfunded by the World Bank. It provides in-kind seasonal
agricultural loans for fertilizers, seeds and pesticides for hybrid maize and tobacco. It
also offers short-term (two year) and medium-term (five year) loans for farm
equipment. Targeted individuals are formed into jointly-liable groups of 5-10
smallholder farmers. The MRFC aso offers two savings deposit services to its
borrowers. ordinary and contract savings accounts. With a contract savings account,
clients can choose the amount and timing of deposits. By honouring loan
commitments, participants either get a bonus interest or are offered a credit limit

without having to secure it with collateral.

The Maawi Mudzi Fund (MMF) most closely resembles the standard micro-credit
facility; indeed it was designed to replicate the Grameen Bank in Bangladesh. It is
funded by the World Bank and by the International Fund for Agricultura
Development (IFAD). The MMF targets poor households with less than one hectare of
land and provides loans for non-farming income generating activities. To qualify for
loans first-time Mudzi borrowers are not required to provide collateral, but are
required to undergo a six-month training period and form groups - which are based on

the Grameen model of groups of five and centres of 20-25.

The Maawi Union of Savings and Credit Cooperatives (MUSCCO) is the apex
organization for Savings and Credit Co-operatives (SACCOs) which offer a range of
services including credit, savings and insurance. It was created in 1980 and is
financially supported by the United States Agency for International Development. The
MUSCCO is the principal Malawian financial institution actively promoting savings
mobilization. It has not experienced the default rates that have characterized other
lending operations, primarily because it is member-based and funds loaned represent

members’ own savings.

The Promotion of Microenterprises for Rural Women (PMERW) is a credit
programme financially supported by the German Agency for Technical Cooperation
(GT2). It was started in 1986 by the Ministry of Women and Children’s Affairs and
Community Services (‘PMERWL' in Table 2). The most recent version of the credit



programme targets groups of women of 5-10 who are skilled in business activities
(‘PMERW2'). The structure is similar to the saving and credit clubs except that
members can borrow up to MK 1,000* and receive loans directly from the Central
Bank of Maawi. Credit members are selected among those who have excellent credit
and business management skills.

3. Descriptive statistics

This section provides some descriptive statistics of the sampled communities and
of households’ borrowing behaviour. The statistics have been weighted to correct for
choice based sampling.

3.1 Community level

The community survey was undertaken in 1995 and includes information
concerning the demographic characteristics, infrastructure and agricultural production
of the villages. Among the five sampled districts, Mangochi stands out as being the
most populated, with greater access to irrigation and a larger share of cultivated land.
Table 1 displays the availability of tarred or gravel roads in each district which
proxies for access to basic services. Large differences between districts are evident. In
Mangochi, all roads to the government office, credit office, post office and
commercial bank are tarred or gravel, as well as 80 percent of roads to primary
schools and health centres. Distances in Mangochi are also relatively small: on
averageit islessthan 10 Km to a government office, credit office, post office, primary
school and health centre, although the nearest commercia bank is more distant at 102
Km. At the other extreme, in Dowa there are no tarred roads to the government

office, credit office, post office, commercial bank and health centre.

Table 2 shows the existence of formal credit groups and informa moneylendersin
each district. Not all formal credit programmes are available nationally. MRFC groups
are present in al districts and on average have existed for more than two years.
MUSCCO groups exist only in Dowa and Nkhotakota. These credit groups are newer
than MRFC groups. MMF groups are also less widespread: they only exist in

4 MK = the Malawian Kwacha. In 1995 the exchange rate of the Malawian Kwacha to the US dollar
was around MK17=US$1; by late 2009 the Kwacha had depreciated to the extent that the ratio was
MK140=US$1.



Mangochi and Rumphi and are aso relatively new. Although Dedza has more villages
than other districts, it only hosts MRFC groups. In Dowa, Mangochi and Nkhotakota

there are afew moneylenders (two, three and five, respectively). In Dedzathere are no



Table 1: Infrastructure by district: tarred or gravel roads

Digtrict Sample | %road Average % road Average | %toroad | Average % road Average % road Average % road Average
size accessto | distance | accessto | distance access distance | accessto | distance | accessto | distance | accessto | distance
gov. office | togov. credit tocredit | post office | to post primary toprim- | commerci to com. health to health
office office office office school ary school | al bank bank centre centre
(Km) (Km) (Km) (Km) (Km) (Km)
Dowa 56 0 20 0 6 0 20 33 4 0 20 0 20
M angochi 102 100 10 100 0.3 100 8 80 2 100 102 80 8
Nkhotakota 70 71 4 71 4 71 1 86 1 57 69 71 24
Rumphi 75 0 6 22 4 11 4 22 1 0 29 0 6
Dedza 101 70 26 80 9 20 23 30 3 55 44 55 34
Source: Own calculations based on FMHFS, community data.
Table 2: Credit sources by district
District MRFC MMF MUSCCO PMERW1 PMERW2 N. of N. of
N. of Averagen. N. of Averagen. N. of Averagen. N. of Averagen. N. of Averagen. money- money-
groups of years of groups of years of groups of years of groups of years of groups of yearsof | lendersin lenders
existence existence existence existence existence | thedistrict out of
district
lending to
HHs
Dowa 1 10 0 0 2 0 na 0 na 2 1
Mangochi 4 4.2 4 1 0 3 na 1 na 3 0
Nkhotakota 3 24 0 0 1 17 3 na 4 na 5 0
Rumphi 4 16 1 Na 0 0 3 na 3 na 0 0
Dedza 5 1 0 0 0 0 0 na 0 na 0 1

Source: Own calculations based on FMHFS, community data. na = information not available.
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local moneylenders, but an outside moneylender does operate in the district.

3.2 Household level

Figure 1 displays the distribution of loans by source and district reported by sample

Figure 1. Distribution of loans sour ces by district
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respondents. Not all loan sources are utilised in every district, partly reflecting



11

availability (as described above). Friends and relatives, and other informal lenders are

used in all districts; indeed friends and relatives remain the dominant source of

finance overall. Among the formal programmes, the MRFC programme is the most

diffused across districts — in Dedza district it is the dominant source of finance.

Table 3. Characteristics of households by loan status

Participants in Rejected by Non-applicants | Past participants
formal loans formal lenders
Household
characteristics
Female headed HHs 22.0(541) 20.5 (51) 38.1 (311) 10.6 (159)
(%)
Average HH size 5.8 (541) 5.3 (49) 45 (311) 5.7 (159)
Average number of 3.0 (541) 2.6 (49) 2.2 (311) 3.2 (159)
children 0-15
HH’s head main 48.8 (540) 71.9 (51) 69.9 (307) 86.7 (159)
occupation:
agriculture (%)
Households’ assets
and shocks:
HHSs affected by 59.4 (535) 42.9 (48) 53.9 (309) 51.6 (154)
negative
income/health shocks
(%)
Average land size (ha) 2.2 (517) 2.4 (47) 1.4 (288) 2.1 (153)
Share of land owned 16.2 (517) 3.2 (47) 16.2 (288) 24.5(153)
by spouse
Average va ue of 1055 (517) 700 (47) 463 (288) 846 (153)
house (MK)
Share of assets held as 56.4 (517) 62.9 (47) 56.8 (288) 63.7 (153)
land (%)
Average food 13.7 (517) 10.4 (47) 12.3(288) 9.5 (153)
expenditure (MK)

Source: Own calculation based on FMHFS. Numbersin parentheses report response numbers by

category.

The dataset allows us to discriminate between severa different groups of

households: those who borrowed from at least one of the credit programmes; those

rejected by formal lenders; non-applicants (i.e. households who never participated in a

formal credit programme); and past members (i.e. households who once were

members of one of the formal credit programmes). Table 3 displays the characteristics

of these four groups. by sample construction just over haf the households are

borrowers. Non-applicants represent over a quarter of the sample and past participants
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just under onefifth. There are only 51 households reporting that they were rejected for

aformal loan.

Among the four groups, non-applicants have the highest percentage of female
headed households (38 percent). Only 11 percent of past participant households were
headed by a femae. Households who participate in credit programmes have, on
average, the highest number of members (around six). Households with current loans
from formal organisations tend to be better-off (as measured by asset values) and are
more likely to have a household head not involved in agriculture. Not surprisingly,
current loan holders are more likely to report that they have recently experienced an
income or health shock. However, roughly half of households, including non-
participants (who may have obtained loans from other informal sources) also report
they have experienced a shock. Reected applicants have the highest land
holdings (2.4 hectares)®.

4. Evaluation strategy

We examine the impact of credit programme participation on the use of loans from
the informal sector. We follow the standard treatment model in the evaluation
literature (Roy, 1951; Rubin, 1974) which involves the estimation of the effect of

participation in a programme on a hypothetical outcome.

We evauate the effect of credit programmes on the amount borrowed from
informal lenders. We define two mutually exclusive groups: T=m, |, and denote the

outcome variables as Q™, Q.

The first group, T=m, denotes membership of any of the above defined credit
programmes. The main advantage of this approach is that it allows us to keep the
largest number of possible observations. However, by pooling different credit
programmes we neglect the heterogeneity of the credit institutions which could bias

our results. This (potential) bias will be discussed in more detail in the next section.

The second group, T=I, denotes the case of no treatment. Our untreated group is
composed of past members of forma credit programmes. We argue that these

individuals might plausibly be assumed to have similar (time-invariant) unobservable

® Thisis aresult of the ceiling on land set by the programmes’ eligibility criteria.
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characteristics (e.g. entrepreneurship ability) as the group of current participants. We
do not use households who never participated in any credit programme as the
untreated group due to concern that unobservable factors such as entrepreneurial
ability may affect selection into the programmes — all credit programmes deliver [oans
for farming and related activities. Moreover, because we have no information on past
access to the informal sector, we have no information on whether the group of

households who never participated in credit programmes ever demanded credit.

Following Lechner’'s (1999a) approach we compare participation in a particular
treatment with the outcome for the no treatment option. The average treatment effects

for a comparison between treatment m and | are given by:

ye' =E(QQ"-Q' | X) =EQ" - EQ' (1a)
9" =EQ"-Q'|T=mX)=EQ"|T=mX)-E@Q"|T=m,X) (1b)

where equation (1a) denotes the average treatment effect (ATE) of m relative to
treatment | for the population; and equation (1b) is the average treatment effect on
households treated by programme m (ATT).

The evaluation problem lies in the fact that the difference in equation (1b) cannot
be observed for the same household. We can only observe the effect on informal
borrowing for a household that has been treated by one of the programmes at each
point in time. This identification problem could be solved using the Conditional
Independence Assumption (CIA), according to which, given a set of covariates X,
potential treatment outcomes are independent of participation status (Rubin, 1974).
The CIA can be applied to the case where a large set of covariates is available using
balancing scores (Rosenbaum and Rubin, 1983).

The main drawback of this procedure is that it only holds when observable
characteristics are controlled for. Heckman et al. (1997) show, however, that even
after conditioning on observables, outcomes of participants and non-participants may
still be significantly different. For example, selection into the programmes may be
conditioned on unobserved characteristics, and differences in outcomes may arise
when participants and non-participants live in different districts or regions. We argue
that our untreated group, being composed of past members matched to treated groups
in each district reduces selection on unobservables. However, in order to check the
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robustness of our untreated group, we discuss (possible) selection on unobservables at

the end of the paper.

To account for these issues our approach involves three analytical stages. First, we
estimate a standard model where the single ‘treatment’ is defined as participation in at
least one credit programme. We construct the propensity scores of participation and
then perform the Mahalanobis metric matching algorithm. We apply the constructed
propensity scores to estimate the average treatment effects. The outcome variable of
interest is the total amount households borrow from informa sources. Hence, for
those in option m, the mean effect of option m rather than option | is estimated as the
mean difference in the amount borrowed from informal lenders between households

in option m and the matched householdsin option |.

Applying this approach, we find no evidence of a treatment response (in terms of a
reduction in borrowing from informal sources) but significant evidence of treatment
heterogeneity. We consider whether this arises from heterogeneity of the treatment or

heterogeneity of the treated, and find strong evidence of the latter.

This suggests the need to unpack our treatment variable. To explore this further in
the second stage we apply propensity scores to multiple treatments defined as
participation in one programme as opposed to participation in one or more credit
programmes, all relative to past membership. When we adopt this multiple treatment
perspective, we find evidence of a significant crowding out for the most important

credit programme - the MRFC.

The final stage of the analysis tests whether the results depend on the
methodological assumptions of our evauation procedure. Our sensitivity analysis
adopts several alternative specifications. @) changing the regressors of the model and
the matching algorithm; b) changing the definition of treatment and outcome; and c)
changing the model used to estimate the propensity scores. The results are robust to

each specification.

4.1 First stage: propensity scores with single treatment

We first estimate the propensity scores of participation in formal credit
programmes. Consider the single treatment T=m to denote membership in any credit
programme. T=1 denotes the case of no treatment. Our untreated group is composed
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of past members of credit programmes. The propensity scores are the predicted values
'ﬁjk(i) =P(T =k|T =m,l) wherei indicates the ith household, j(i) indicates the village

where household i lives and k=m,l. In this context, m is participation in any one or

more of the credit programmes and | is past membership.®

We model participation in any credit programme with a logit model. From a
theoretical point of view, only those variables that affect both the participation
decision and the outcome should be included. We might suspect that, in anticipation
of participation, poor households might decrease their effort to increase income (by,
for example, reducing their search for employment or their effort to increase
production). Ashenfelter (1978) discovered a similar result when evauating the
treatment effects on earnings (the so-called Ashenfelter’s Dip; for examples, see
Fitzenberger and Prey, 2000; Heckman et al., 1999; Heckman and Smith, 1999)".

In order to avoid reverse causality between the covariate X and the participation
decision, variables should be either fixed over time (i.e. gender) or should be
measured before participation. Because the data set does not contain information
about the starting date of membership, the following relatively time-invariant
variables were included: household and community characteristics, and semi-fixed
factors that affect eligibility such as land size. According to the eligibility criteria set
by the credit programmes, credit is delivered to small farm holders and poor
households. We can therefore include land size as a covariate in the estimation of the
propensity score because it does not change much over time. However, we cannot use
agricultural income because it displays variability across seasons, and both affects and
Is affected by participation.

A further issue arising in this evauation is that samples are choice-based. In
general, choice-based sampling leads to an over-sampling of participants relative to

the eligible households in the population. Sampling weights are required to estimate

P™ (%)

® More formally, the propensity scores are given by: pri™ X)=———F—
P™(x) + P' (x)

" This effect can be ignored if the introduction of a new programme is unanticipated. |dedlly, this
hypothesis could be tested by looking at households income before and after the creation of
microfinance institutions. However, because the data entails only one year (1995) and some of
the programmes were created before 1995, we cannot test this hypothesis.
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consistently the probability of participation in the credit programmes (Smith and
Todd, 2005). However, Heckman and Todd (2009) show that matching methods can
be applied even with the propensity scores without weights. This is because the
ranking of the observationsis simply shifted by a scalar and the same observations are
matched. We check the robustness of our results by dropping the weights in the
sensitivity analysis and find our main results do not change. Similarly, Frélich et al.
(2004) found that dropping the sampling weights did not change the results of their
evaluation of a Swedish rehabilitation policy.

We model the choice of participation with a logit model where the treatment
denotes participation in any of the credit programmes. The untreated group is past
membership. As mentioned above, the choice of the single treatment alows us to keep
more observations, but neglects programme heterogeneity. In order to (partially)
overcome the latter problem, we include covariates that affect eigibility for all

programmes.

Define the logit model as follows:

Tij*(?) = X"‘(i)ﬂo +Ci Bty (2

1

where the subscript i=1,2,... N indicates the ith household; and j(i) indicates the

village where household i lives. Also, Tij*(ki) is the unobserved propensity to participate
where T/, =1.(T;, > 0); k=m| indicates the treated and untreated group (i.e. m=any

credit programme; and |=past members). The model includes a vector Xij; of
households’ characteristics, education and the occupation of the household head and a
vector Cj;) of community characteristics that vary only across villages but not across
households. In addition, we include district and time dummies (the latter to pool

across different seasons). Results are presented in Table 4.

The propensity scores are the predicted values, P™™ (x), estimated from equation
(2) where m is participation in any credit programme and | is past membership.
The choice-based corrected probabilities, oP™™ (x), are obtained using Manski-
Lerman weights (1977).
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Table4. Logit model of participation: single treatment model

Pr(Participation in ...) Any credit programme
vS. past members
Households' characterigtics:
hh size 1.06 (0.13)
age head 1.02 (0.02)
female headt 0.43 (0.25)
no. children 6-10 1.17 (0.37)
no. of days sick (hh head)* 1.03 (0.04)
Education & occupation of hh head:
M SCE certificatef 0.002 (0.00)***
professional trainingt 0.62 (0.29)
occupation in agriculturet 1.67 (0.78)
Households' assets:
land size (ha) 1.50 (0.18)
share of land owned by spouse (%) 1.00 (0.00)
no. of gifts 1.77 (0.65)
Community characteristics:
total number of households 1.00 (0.00)**
electricityt 4.82 (1.98)***
distance to government office (Km) 1.04 (0.03)
distance to credit office (Km) 1.04 (0.02)**
Dowat 1.49 (1.08)
Nkhotakotad 0.73 (0.67)
Rumphi 4,18 (3.20)*
Round 2% 0.51 (0.28)
Round 3% 0.30 (0.17)**
No. of obs. 1167
Pseudo R? 0.18

Source: own calculation from FMHFS. Notes: odds ratios displayed and robust std. errorsin
parentheses). Weighted regressions.  fdummy variables. 'month before interview. ***
p<0.01; **p<0.05; *p<0.1.

Table 4 displays the odds ratio, €’, for each of the two logit models®. We briefly
comment on the sign of the coefficients because the regression is only used to predict

the propensity scores.

® The coefficients should be interpreted as follows: for a unit change in the regressor, the odds are
expected to change by afactor €, holding all other variables constant. The correspondent coefficient, 4,
can be found by taking the logarithm of the odds ratio. The sign of the coefficient is positive when €’
>1 and negative otherwise. For binary variables, going from O to 1, one can interpret the odds ratios
directly without any transformation.
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We find the probability of participating in any credit programme decreases if the
household head has a MSCE® certificate’®. Members of any credit programme are
more likely to live in villages that are larger and have electricity. The fact that the
probability of participating in any credit programme increases with the distance to a
credit office could be due to the aggregation of programmes. Indeed, we cannot

exactly identify which credit programme is supported by which office.

4.1.1 Matching algorithm

Having obtained the scores from the first stage, we match by selecting a control
group from the pool of untreated households in which the distribution of observed
variablesis as similar as possible to the distribution in the treated group. Mahaanobis
metric matching with propensity scores is used. This algorithm is implemented by
randomly ordering households and then calculating the distance between the first
treated households and all controls, where the Mahalanobiss distance between a treated
household i and a control household j is defined by:

d@i, j)=(R" -P))V(R" -P))

where P"and PJ.' are the propensity scoresin options m and | for treated household i

and control household j. V is the sample covariance matrix from the full set of
households. According to this matching algorithm, the control household j with the
minimum Mahalanobis distance is used as a match for treated household i and both
households are removed from the pool. The process goes on until matches are found
for al treated households.

There are several ways to assess the quality of matching. Figure 2 shows the
distribution of the predicted propensity scores between treated and untreated groups
for participation in any credit programme. Relatively good matching is achieved in the
lower tail of the distribution - up to 0.2 - where the distribution of scores between

treated and untreated groups is most similar.

® MSCE=Malawi School Certificate of Education corresponds to high school certificate at age 16-17.

0 As described earlier, wedid not include income in order to avoid reversed causality. The
inclusion of education and professional training which are highly correlated with income partially
controls for this omitted variable.
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In addition to the analysis of the overlapping regions, we check that matching has
reduced the bias between treatments and controls for the set of covariates' used to
estimate the propensity scores. Table 5 displays the reduction of bias and the two-
sample t-test for the selected characteristics that had a bias higher than 10 percent
prior to matching. In the policy evaluation literature (e.g. Austin and Mamdami, 2006;
D’Agostino, 1998; Manca and Austin, 2008), a standardised bias higher than ten
percent (and sometimes 20 percent) is taken to denote an imbalance in a covariate
between treatments and controls. If matching has worked, the covariates should be

balanced and no significant differences should be found after matching.

Figure 2. Bar chartsof propensity scores

0 2 4 .6 .8 1
Propensity Score
I untreated Treated

Source; Own calculation based on FMHFS.

! The matchi ng algorithm is conditional on the districts in which control and treated households live.
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Tableb. Selected characteristics by treatment groups after matching (when bias prior to matching >10%)

Any credit programme

vs. Past members

Group comparison

Treated Controls t-stat % reduction |bias|
household characteristics:
household size 5.99 5.86 0.51 63.70
age head 49.45 48.84 0.43 87.30
female head? 0.19 0.16 0.69 71.70
number of children 6-10 0.92 0.87 0.24 75.30
education of household head
occupation in agriculturet 0.86 0.86 -0.00 100.0
household assets:
land size (ha) 2.39 1.97 3.18*** 6.40
share of land owned by spouse (%) 28.87 26.38 0.56 81.60
characterigtics of the community:
total number of households 245.60 264.81 -0.55 85.70
electricityt 0.20 0.20 -0.00 100.00
distance to the government (Km) 20.13 18.96 0.74 82.40
distance to the credit office (Km) 9.61 9.42 1.50 96.20

Source: own calculation from FMHFS. tdummy variables. 'month prior to interview. ***p<0.01, **p<0.05, *p<0.1.
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The first column of table 5 show the means of treated and control groups for the
single treatment model with membership to any credit programme. The last column
displays the group comparison for the single treatment model based on the t-test and
on the absolute percentage reduction in bias obtained by comparing the standardised
bias (SB) of treated and control groups before and after matching. The higher the
reduction of bias, the better the balance that has been achieved for that covariate. In
most cases this reduction in bias is very large — indeed as high as 100% — showing
that the matching procedure is successful in balancing the observed characteristics of

treatment and control groups. Only land sizeis still significant after matching.

4.1.3 Estimation of the average treatment effects

We then calculate the average treatment effects for the amounts that households
borrow from informal lenders. It is important to re-emphasise that our outcome
variable (the impact of accessto formal credit institutions on informal lending) refers
to avariety of informal lenders: friends, relatives and other informal sources such as
moneylenders and traders. However, asillustrated in sub-section 3.1, the majority of
households borrow from friends and relatives rather than other informal sources.

Table 6. Average treatment effects with Mahalanobis matching (single
treatment)

(a) Average Treatment Effect on Treated (ATT)

Outcome 95" =EIQ"|T=m,P™ (X)]-E[Q" |T =m,P™ (X)]
m=Any credit programme; I=Past members
Difference t-stat.
Credit from -0.17 -0.03
informal (-1.52%)
lenders*
(b) Average Treatment Effect (ATE)
Outcome: 7g' =EQ"-Q')=EQ"-EQ'
m=Any credit programme; I=Past members
difference
Credit from -9.91
informal
lender s*

Source: own calculation from FMHFS. *Value in MK (Malawian Kwachas); for conversion to US $
see footnote 4 above.
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Table 6 reports the results for the average effects. the upper panel displays the
estimated average treatment effects on treated (ATT) and the lower panel shows the
average effects for the population. The estimated average treatment effect on treated
is reported in absolute and relative terms. As Larsson (2000) points out, the absolute
size of the effects allows for a comparison between treatment and control households,
whereas the relative effects reported in percentage points indicate the size of the
effect.?

As can be seen from Table 6, in the ‘single treatment’ model, we find no
significant evidence of crowding out of informal credit from the credit programmes.
This result, however, could be affected by a “treatment aggregation bias’. In other
words, because we have pooled all credit programmes in a single treatment we have
neglected treatment heterogeneity. We address this (potential) bias in the next

subsection.

4.2 Second stage: propensity scores with multiple treatments

As discussed, the insignificant result in Table 6 might arise as a result of bias if
there is treatment heterogeneity. There are sound reasons for thinking that there is
indeed heterogeneity in this case. This can beillustrated by disaggregating the single
treated group (that is, those who participated in any credit programme) into two
groups: (i) those who participated only in the MRFC; and (ii) those who participated
in more than one credit programme (here defined as the MRFC and at |east one other

credit programmes).

Table 7 shows a selection of characteristics of borrowers from each of the two
treatments and the corresponding Wald test of the difference in means adjusted with
survey weights. Whilst there are not many significant differences in demographic
characteristics, the two treated groups differ substantially in their assets and
expenditure patterns — in particular a highly significant difference in the value of
equipment, food and non-food expenditure exists between the two groups. This is

evidence that treatment heterogeneity occurs and that the single treatment model

" The relative effect has been calculated as percentage change of the average informal borrowing
between treated and control households.
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Further disaggregation might yield other

distinctions but the lack of data points limit the scope for more complex multiple

treatments.

Table 7. Characteristics of groups of borrowers

MRFC only MRFC+ 2" or Wald test
MOr € programmes (p-value)

Household demographics:
Female headed HHs (%) 23.1(153) 21.4 (388) 0.88
Average HH size 5.2 (153) 6.2 (388) 0.10*
Average number of 2.7 (153) 3.2 (388) 0.33
children 0-15
Household head’s main 53.2(153) 46.1 (387) 0.65
occupation: agriculture
Household affected by negative 58.9 (152) 59.7 (383) 0.66
shocks (Y es/No)
Average land size (ha) 1.9 (150) 2.4 (367) 0.10*
Share of land owned by spouse 23.3(150) 11.7 (367) 0.15
Average value of equipment 193 (153) 450 (375) 0.00***
(MK)
Average value of non-food 3.1 (153) 7.7 (387) 0.00***
expenditure’ (MK)
Average food expenditure 10.7 (150) 15.5 (367) 0.00***

(MK)

Source: Own calculation based on FMHFS. Note: household types are defined according to
participation in the credit programmes. Weighted results. Number of observations in parentheses.
Expenditure deflated by the square root of household’ size. “Non food expenditure on candles, cigar,

lighter, fuel, batteries, soap.

We therefore apply the same propensity score matching approach explained in

section 4.1 in a multiple treatment setting, where the treatment option T=m now

denotes two treatments with m=1, 2. T=1 is membership only in the MRFC; and

T=2 is membership in the MRFC and in other formal credit programmes (i.e.

participation in at least two credit programmes). T=| denotes the case of no treatment

as before.

The multiple treatment model is constructed as before whereby propensity scores
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are estimated and then used to perform matching with the Mahalanobis distance.’®
The average treatment effects are then calculated for each pairwise combination of

the treatments with the control group.

The main difference in the case of multiple treatments is how we handle the
estimation of the conditional participation probabilities. These can be either estimated
for each combination of treatments as binary choices or they can be modelled with a
multinomial model including al relevant choices.’ Both these models have
advantages and disadvantages and although we decided to model the decision process
with a series of logit models, we also checked the robustness of our anaysis in a

multinomial context and found that our results remain unchanged.

For the core analysis we rule out the use of the multinomial logit model because of
the violation of the Independence of Irrelevant Alternatives (11A). According to the
[1A, the inclusion or exclusion of some programmes does not alter the relative
probability of choosing one programme rather than another. However, as outlined by
Larsson (2000), the 1A may not hold in a multiple programmes context because the
relative probabilities of one choice, as opposed to another, may change whenever
programmes are at least partial substitutes for each other. If we were to use a
multiple choice model, the multinomia probit model (MNP) would seem to be the
best option because it would not require the 1A assumption. However, the MNP
could not converge on our data so we follow Lechner (2002) in using a series of logit

models®.

Bryson et al. (2002) highlight shortcomings in using a series of binary choice
models in this context. As the number of treatments increases, the number of binary
combinations of treatments also increases rapidly. However, in terms of outcomes,
Lechner (2002) find little difference in the performance of the MNP model and the

series of binomial models. In particular, the matching quality (measured by

3 The results of the matching algorithm are available from the authors upon request.

14 Both approaches have advantages and disadvantages and although we decided to model the decision
process with a series of logit models, we also checked the robustness of our results in a multinomial
logit model (MNL). The results of the MNL are available from the authors upon request.

' The non-concavity of the likelihood function causes problems in estimating the likelihood function
of the MNP. The results of the series of logit models are available from the authors upon request.
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standardised bias) achieved with the MNP is similar to a series of binary choices. The
latter approach is in fact more flexible because it allows modelling of each of the
binary choices with a different set of covariates. In addition, binary models are more
robust to errors since a misspecification in the model of any pair of treatments will not
compromise the other binary treatments (Dorsett, 2001).

Table 8. Average treatment effects with Mahalanobis matching (multiple
treatment)

(a) Average Treatment Effect on Treated (ATT)

Outcome 95" = E[Q" T =m,P™ (X)]-E[Q" |T =m,P™ (X)]
(1) m=MRFC; |=Past members (11) m=2"* programme;
|I=Past members

Difference t-stat. Difference t-stat.

Credit from —25.44 -2.06** 1.29 0.04
informal
lenders*

(=74.0%) (1.95%)

(b) Average Treatment Effect (ATE)
7o' =E@Q"-Q')=EQ"-EQ'

Outcome:

(1) m=MRFC; |=Past members (I1) m=2"" programme;
|I=Past members
Difference Difference
Credit from -23.15 4.14
informal
lenders*

Source: own calculation from FMHFS. **p<0.05; significant resultsin bold.
*Valuein MK (Maawian Kwachas); for conversion to US $ see footnote 4 above.

After the scores are obtained and matching is performed, the average treatment
effect for each pair-wise combination of treatments is calculated. Table 8 reports the
results for the average effects. the upper panel displays the estimated pair-wise
average treatment effects on treated (ATT) and the lower panel shows the pair-wise

average effects for the population.

First, we describe the effect of participating only in the MRFC programme on the
amount households borrow from informal sources. Compared to past members, those
who participate only in the MRFC borrow significantly less from informal lenders.
We find that membership of MRFC and no other microfinance programme reduces

borrowing from informal sources by 25.5 MK (approximately 2 U.S. dollars at that
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time). In relative terms, it reduces the amount members borrow from informal
lenders by approximately 74 percent. The average treatment effect on the population
confirms this result, but with a dightly smaller impact of approximately 23.2 MK
(approximately 1.5 U.S. dollars). In contrast, there is no evidence of crowding out

when households participate in more than one credit programme.

The size of the crowding out of informal loans we find is larger than in some of
the previously-mentioned empirical studies, such as McKernan et a.(2005), who find
for any unit of income transfer, there is a decrease in informal transfers of on average

0.25 for women and 0.31 for men.

We next explore the difference between the findings of the single treatment model
in Table 6 and the multiple treatment model in Table 8 that could arise from
heterogeneity of the treatments or heterogeneity of the treated. Considering the
former, isit apparent that all groups, both in the single and multiple treatment model,
share a common factor — namely, participation in the MRFC programme. As
illustrated in Table 2 and Figure 1, households in some of the sampled districts do not
participate in the other programmes — indeed some of these programmes are not
available in some districts. Nevertheless it is hard to think of any plausible reason
why the combinations of credit programme usage should change the loan

characteristics in such away as to change treatment effects.

Based on evidence reported in Table 7, a more plausible ‘story’ for the
discrepancy in results between the two treatment groups lies in the heterogeneity of
the treated. Such an explanation is also in line with the findings of Navgjas et al.
(2003) and Cox and Jimenez (2005). Table 7 shows that the group of participants
that are involved in more than one credit programme are significantly different from
participants of the MRFC programme only. The former group are relatively better
off on average, in terms of assets, food and non-food expenditure. One interpretation
of the results is that participation in more than one credit programme is an indicator
of being arelatively less credit or collateral-constrained household. Asin Navajas et
al. (2003), less capitalized borrowers tend to switch from an informal credit contract
to aloan contract when a microfinance institution is made available (i.e. the MRFC)
whereas relatively wealthier and unconstrained households may not substitute one
source for the other, but ssimply increase the overall demand for credit once the
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supply of formal loans increases — this behaviour ssmply reflecting a greater
preference for borrowing by such households. The insignificant effect for the group
of households participating in more than one microfinance programme may aso be
affected by the fact that we pool different types of programmes in both the treated
group and the control group. Unfortunately, there are not enough observations to

disentangle the effect of each microfinance programme in isolation.

4.3 Third stage: sensitivity analysis

The last stage of the evaluation involves checking the robustness of the results.
Three sensitivity analyses are performed: a) changing the model specification and
matching algorithm; b) changing the treatment and outcome definition; and c)
changing the model used to estimate the propensity scores. Each of these robustness

checks isanalysed in turn.

a) Changesin the matching algorithm

Table 9 provides sensitivity checks for the two groups of treatments. MRFC
participants in the upper panel and multi-programme participants in the lower panel.
The last two rows in each panel show the absolute and relative values of the average
treatment effects together with the t-statistic in parentheses, under alternative

assumptions.

In model A, we drop the sampling weights. Heckman and Todd (2009) show that,
with nearest neighbour algorithms, it does not matter whether matching has been
performed on the odds ratio with or without weights since the ranking of the
observationsisidentical and the same neighbour will be selected. Here, as in Frélich
et al. (2004), we find that the most significant results remain largely unchanged — the
average treatment effect on treated (ATT) households in the MRFC programme is still
negative and significant and both the relative and absolute effects remain almost
unchanged.

The last two columns of table 9 report the average treatment effects on treated
households obtained after performing two alternative matching algorithms. Model B,
nearest neighbour matching, involves finding for each treated household, the control
household with the closest propensity score. This procedure is implemented with
replacement, that is, while each treated household has only one match, the control
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household may be matched to more than one treated household. Dehgjia and Wahba
(2002) found that nearest neighbour with replacement produces better matching.

In order to improve the quality of the match, we have also selected control
households within a preset amount (or caliper) of the treated household’s estimated
propensity score. In other words, the nearest neighbour matching with replacement
and caliper imposes an a priori common support region. More formally, keeping the
same notation as before, for a pre-specified 6 > O, treated household i is matched to
untreated household j such that:

5 =[P ~ P! =min, .. {P" - P}

J

where P, with k=(m,) are the propensity scores for the two options and C is the set
of neighbours of treatment households in the untreated group.

Smith and Todd (2005) point out that a drawback of this algorithm is that it is
difficult to determine a priori the size of caliper. We set our caliper 6 = 0.02 as a
result of a maximization in the bias reduction and a minimization of loss of
observations.’® Mode B in table 9 confirms the results obtained by Mahalanobis
matching for both treatment groups, that is, a significant evidence of crowding out on
informal borrowing for participants in the MRFC and no significant effect for the

MRFC and other programmes.

To further check the robustness of our results we perform a non-parametric
estimator, Kernel matching, as Model C in Table 9. Kernel matching is like a
weighted regression where the counterfactual outcome is constructed as a weighted
average of all householdsin the control group. Relative to Model B, nearest neighbour
with replacement, an advantage of this approach is that the variance is smaller as a

result of the use of more information.

18 We lose four observations in models (11) and (111) of panel (a) and 45 observationsin models (I1) and
(1) of panel (b).
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Table 9. Average effects from M ahalanobis matching: sensitivity tests

Outcome: (8) m=MRFC; |=Past member s
Alternative model Different matching algorithm
Credit from specification
informal lenders*
Model (A): Model (B): Model (C):
no weights Nearest Kernel
Neighbour matching
ATT -25.29 —21.46 -20.14
(=2.24)** (-=1.98)** (—2.38)**
% points —73.9% —71.6% —70.3%
Outcome: (b) m=M RFC+2"™ programme; |=Past members
Alternative model Different matching algorithm
Credit from specification
informal lenders*
Model (A): Model (B): Model (C):
No weights Nearest Kernel
Neighbour® matching
ATT -4.19 31.23 31.00
(-0.13) (0.83) (0.84)
% points -5.85% 71.3% 70.3%

Source: own caculation from FMHFS. t-stats in parentheses; significant results in bold.
**n<0.05.

"Nearest Neighbour has been performed with caliper and replacement.
*Valuein MK (Malawian Kwachas); for conversion to US $ see footnote 4 above).

The application of the Kernel algorithm involves the choice of the Kernel function
and of the bandwidth. DiNardo and Tobias (2001) show that the choice of Kernel
does not greatly affect the results. We have used a standard Epanechnikov Kernel. As
shown by Silverman (1986) and Pagan and Ullah (1999), the choice of bandwidth
involves a trade-off between bias and variability. A large bandwidth decreases the
variance by providing a better fit with a smoother density function. On the other hand,
as the bandwidth increases the bias increases as well. We set the bandwidth to be
equal to the caliper size in model (B). Once again, as Model C demonstratesin Table
9, the average treatment effect on treated households in the MRFC programme is
negative and significant. The absolute effect is slightly smaller with a value of 1.3
U.S. dollars (approximately 20 MK). However, the ATT in panel (b) with the use of

multiple credit institutions is again positive but insignificant.

b) Changes in treatment and outcome definitions

In this section, we change the definition of treatment. Previously, we estimated the
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effect of being a member of a microfinance programme on the amount households
borrow from informal lenders. Now, we examine what happens if we apply a stricter
definition of treatments, that is, if we define a treated household to be both a member

and borrower of a microfinance programme or programmes.

In order to answer this question, we repeat the three stages of the evauation
procedure with the new definition of treatments.’” Table 10 reports the average
effects for the two groups of the newly defined treatments. Although the magnitude
of the ATT for the MRFC treatment is similar to those described in Tables 8 and 9 —
the crowding out effect is approximately 1.6 U.S. dollars, the effect has decreased.

In addition, we change the outcome variable. We now know that participation in
the MRFC programme reduces the amount borrowed from informal lenders. But does
this happen because households demand less or because informal lenders give them
less credit (or both)? This ambiguity arises from the fact that demand and supply
issues cannot be disentangled by simply looking at the amount borrowed from
informal lenders. The second row of table 10 therefore looks at whether crowding
out applies aso to the self-reported demand for credit from informal lenders. The
logit models used are the same as the ones for the multiple treatment model®. We
find a large and significant reduction in the demand for informa finance for
households who participate in the MRFC (—75.2 percent). Again, however, thereis
no evidence of crowding out for households who participate in more than one credit
programme (panel (11)).

The third row of table 10 disentangles the supply from the demand of informal
loans by looking at the self-reported credit limit. The credit limit variable is the
maximum amount that the borrower thinks the lender is willing (or able) to lend,
and can be thought to be the limit on the “supply” of informa loans. This
approach alows us to test whether transfers from informal lenders are crowded out by
the introduction of microfinance programmes. Although the coefficient on this
version of the ‘crowding out’ hypothesis is similar to the other specifications of

Modé [, it is not quite significant. Again, the sensitivity analysis does not find a

Y The results of the logit models can be obtained from the authors upon request.

'8 These are also available from the authors upon request.



31

significant coefficient for Model 1. However, caution is needed when treating credit
limits directly as the supply function of credit to the individual or household since

they are self-reported values.

Table 10. Sensitivity analysis of ATT to changes in treatment and outcome
definitions

(a) Average Treatment Effect on Treated (ATT)
ml _ m _ m|ml | _ m|ml
Outcome: 9, E[Q" |T=m,P™ (X)]-E[Q |T=m,P™ (X
(1NM=MRFC; |=Past (1m=2" programme;
member s |I=Past members
Difference t-stat. Difference t-stat.
Credit from informal —24.34 -1.75* 39.07 0.68
lenders*
(—=70.6%) (54.9%)
Demand from informal -29.75 —2.30** 4.45 0.14
lenders*
(=75.2%) (6.2%)
Credit limit from informal -67.62 -1.55 28.02 0.31
lenders*
(—69.1%) (19.5%)
(b) Average Treatment Effect (ATE)
ml _ m Iy m |
utcome 7' =EQ"-Q")=EQ" -EQ
(NM=MRFC; |=Past (1m=2" programme;
member s |I=Past members
Difference Difference
Credit from informal -13.54 60.87
lenders
-27.92 6.35
Demand from informal
lenders?
-76.33 12.05
Credit limit from informal
lenders?

Source: own calculation from FMHFS. t-stats in parentheses. **p<0.05, *p<0.1. *Value in MK (Malawian
Kwachas); for conversion to US$ see footnote 4 above).

5. Conclusion

The role of microfinance institutions in markets where there are other informal
lendersis relevant for examining appropriate policy interventions. It is established in
the literature on developing countries that informa lending offers partial, but
incomplete, insurance against income shocks, but that large scale ‘modern’ banking

ingtitutions rarely reach small-scale rural borrowers. A proposition is that
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governments wanting to reach small borrowers could create new lending institutions
that mimic the features of informal lending arrangements by, for example, adopting
joint liability schemes that enable borrowers to select safe fellow group members so
to avoid the risk of default. The empirical question for policy-makers is whether
these credit ingtitutions impact on households access to informal sources, or just
serve a different segment of households leaving competition in the credit market
unchanged?

This paper addresses the question of whether microfinance institutions crowd out
informal credit using data on several credit programmes introduced in Malawi in the
mid-1990s. By using evauation techniques, the paper joins a relatively small group
of recent empirical papers which demonstrates some evidence of ‘crowding out’ of

local informal lending.

After showing that the standard single treatment model can provide biased results
when treatment heterogeneity is not taken into account, the paper adopts a “multiple
treatment” framework. Borrowers are differentiated into those who borrow only from
the most geographically extensive microfinance institution, the Malawi Rural Finance
Company (MRFC), and those who borrow from multiple sources. We find strong
evidence of significant crowding out of informal credit among those who borrow only
from the MRFC, but little evidence of crowding out for those who borrow from
several ingtitutions. We suggest that the latter result could arise from heterogeneity of
the treatment or heterogeneity of the treated, but argue that the latter is most likely the
case, since multiple borrowers tend to be better off in terms of expenditure levels and
access to collateral (such as land and housing), notwithstanding ceilings on access to
credit from these institutions determined by farm size.

The paper demonstrates that most informal lending among survey respondents in
Malawi is obtained from friends and families rather than from moneylenders.
Assuming that ‘crowding out’ occurs evenly across types of informa lending (a
proposition that cannot be tested given the relatively small sample size), this has
policy implications. The introduction of microfinance institutions may indeed drive
out predatory moneylenders, but some displacement of traditional sources of credit
within the extended family or among informal institutions such as rotating credit
associations may occur. Whether this is desirable depends on whether such informal
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credit channels are seen as desirable in themselves, or are exposed to the various non-

diversifiable risks that make insurance against income risk incomplete in rural areas.

Finally the paper subjects the key results to a battery of sensitivity analyses. We
test the crowding out hypothesis using several treatments and outcome definitions as
well as adopting alternative matching strategies. These analyses do not change our
key conclusions. A contribution to existing studies focusing on realised transfers
(borrowing) rather than potential transfers (membership of group lending institutions)
is that we have identified and quantified a more significant crowding out effect on

informal borrowing of membership of microfinance programmes.
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