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ABSTRACT Recently, microﬁnance has come under increasing criticism raising questions of the validity of
iconic studies which have justiﬁed it, such as Pitt and Khandker. Chemin applied propensity score matching to
the Pitt and Khandker data, ﬁnding diﬀerent impacts, but does not disaggregate by gender of borrower. We
ﬁrst replicate Chemin and extend his analysis in two ways. We test the robustness of propensity score matching
results to selection on unobservables using sensitivity analysis, and we investigate propensity score matching
estimates of impacts by gender of borrowers. The mainly insigniﬁcant impacts of microﬁnance diﬀer greatly by
gender of borrower, but are all vulnerable to selection on unobservables. We are therefore not convinced that
the relationships between microﬁnance and outcomes are causal with these data.

I. Introduction
Replication and reproduction1 are important features of practise in the natural sciences and are
desirable also in the social sciences including economics (Kane, 1984; King, 1995; Hamermesh,
2007). Economics papers applying complex statistical methods can, apparently quite frequently,
have errors of both variable construction (data manipulation) and statistical estimation
(Dewald et al., 1986; McCullough et al., 2006; McCullough et al., 2008). The application of
diﬀerent methods can lead to diﬀerent conclusions with practical relevance (Dewald et al.,
1986; McCullough et al., 2006; McCullough et al., 2008). However, there are few rewards for
replication in the social sciences; relatively few are conducted and fewer published (Anderson
et al., 2008). Doubts can be cast on the creativity of those who replicate, and also on their
motivation, which might include casting doubt on the integrity or ability of the original authors.
Yet the returns to ﬁnding problems in papers could be high for society; policies which are
legitimated in large part by iconic studies which are subsequently shown to not to lead robustly
to the conclusions for which they are known, could lead to diﬀerent research or policy
conclusions with high social beneﬁts. In this article we present evidence that undermines an, if
not the, iconic study which legitimated for much of the past two decades the belief that
microﬁnance (MF) is beneﬁcent for the poor, especially when targeted on women.
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The concept of microcredit was ﬁrst introduced in Bangladesh by Nobel Peace Prize winner
Muhammad Yunus. Professor Yunus started Grameen Bank more than 30 years ago aiming to
reduce poverty by providing small loans to the countries’ rural poor (Yunus, 1999). It is argued
that microﬁnance enables the poor to access credit, providing them access to remunerative
activities and relieving them of onerous debts, and has especially beneﬁcial eﬀects when targeted
on women (Khandker, 1998, 2000). These arguments were for much of the last decade and a half
most authoritatively supported by Pitt and Khandker (1998 – henceforth PnK). However,
despite the huge expansion and popularity of microﬁnance, it has recently been argued that there
is little convincing evidence that microﬁnance programmes have positive impacts (Armendáriz de
Aghion and Morduch, 2005, 2010; Goldberg, 2005; Roy, 2010; Bateman, 2010; Stewart et al.,
2010; Duvendack et al., 2011) in part because the PnK study came under intense scrutiny
particularly from Morduch (1998), and Roodman and Morduch (2009 – henceforth RnM).
However, these criticisms have seemingly been refuted (Pitt, 1999, 2011a, 2011b).
While not engaging in debate with PnK or Morduch, Chemin (2008 – henceforth Chemin),
applied propensity score matching (PSM) to his reconstruction of the data and ﬁnds ‘positive,
but lower than previously thought’ (Chemin, 2008: 463) impacts compared to PnK; Chemin does
not explain whether the diﬀerences he ﬁnds are due to diﬀerences in data construction or
analytical method, and does not diﬀerentiate between female and male borrowers. While RnM
had considerable diﬃculty in reconstructing the variables and analysis reported in PnK and
Khandker (2005), evidently expending much time and eﬀort,2 when corrected their analysis
replicates PnK successfully (Pitt, 2011a, 2011b). Hence Chemin is the only outstanding
reproduction of PnK that casts some doubt on their highly inﬂuential ﬁndings.
In this article we set out to replicate Chemin’s results. Neither PnK nor Chemin provide a
complete set of data and code that would allow reproduction of their published results. We
independently and successfully replicate the data constructions of RnM, also expending much eﬀort;
we recalculate and extend Chemin’s PSM ﬁndings, subject our results to sensitivity analysis, and
diﬀerentiate between male and female borrowing. We cannot replicate Chemin’s empirical results,
and ﬁnd diﬀerent and mainly insigniﬁcant eﬀects of MF on the outcome variables; the sensitivity
analysis suggests that those of our results which are signiﬁcant are highly vulnerable to unobservables. We fail to conﬁrm PnK’s original ﬁndings of beneﬁcent outcomes caused by MF using PSM
with these data. Consequently our study fails to lend support to the idea that causal relationships
can be established between MF and wellbeing with these data. Replication is important in order to
avoid errors in data construction and to triangulate complex but fragile analyses.
II. Microﬁnance Evaluations
A number of putatively rigorous studies suggest social and economic beneﬁts from microﬁnance
(Hulme and Mosley, 1996; Pitt and Khandker, 1998; Khandker, 1998, 2005; Coleman, 1999;
Rutherford, 2001; Morduch and Haley, 2002). However, Dichter and Harper (2007), Roy (2010),
Bateman (2010), and Bateman and Chang (2009) argue that microﬁnance is neither always
beneﬁcial nor rigorously demonstrated.
Many of the early microﬁnance impact evaluations failed to address the problem of selection
bias (Sebstad and Chen, 1996; Gaile and Foster, 1996). Underlying these selection processes3 are
observable characteristics such as age, education, work experience and so on, and unobservable
attributes such as entrepreneurial skills, organisational abilities, willingness to take risks, and so
forth, although Armendáriz de Aghion and Morduch (2010: 272) argue that there is a high
correlation between entrepreneurial skills, age and microﬁnance participation. Coleman (1999)
lists further unobservable characteristics such as access to social networks and business skills that
tend to increase the likelihood of individuals participating in microﬁnance.
Estimates of impacts of MF may be confounded by selection on unobservables, or ‘hidden
bias’ (Rosenbaum, 2002), due to unobserved variables that inﬂuence treatment allocation as well
as potential outcomes (Becker and Caliendo, 2007). If research methodologies do not condition
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on these unobservables by, for example, randomisation, or use of convincing instrumental
variables (IV) estimations, these lacunae undermine impact estimates (Heckman, 1979). A few
studies have addressed this problem (for example Hulme and Mosley, 1996; Pitt and Khandker,
1998), but are not uncontested.4 Furthermore, among other limitations, average impacts can
disguise considerable heterogeneity; thus, an average impact that is indistinguishable from zero
can arise because some signiﬁcantly beneﬁt while others receive negative outcomes (Heckman
et al., 1999). MF impact evaluations may be vulnerable to criticisms if they do not adequately
investigate impacts by subgroups.5
The authoritative PnK study on three microﬁnance programmes in Bangladesh attempts to
account for participant selection and programme placement6 biases (Pitt and Khandker, 1998;
Coleman, 1999) using an IV approach, and Khandker (2005 – henceforth Khandker) adds data
on the same households surveyed in 1998/1999 to construct a panel, putatively overcoming the
problems for evaluation posed by participant selection.
A number of studies have attempted to replicate the ﬁndings of the original PnK study, and
Khandker. Morduch contested PnK but has seemingly been refuted by Pitt (1999 – henceforth
Pitt).7 RnM replicated PnK, Morduch, Pitt, and Khandker, producing variables which in some
cases diﬀer signiﬁcantly from their equivalents in original papers (see Online Appendix 1).
Nevertheless, when using diﬀerent estimating software and correctly specifying the PnK model,
RnM support the empirical ﬁndings of PnK, but dispute causality. Doubts about PnK arise in
part because of the quasi-experimental design and doubts that the econometric methodology
establishes causality (Roodman and Morduch, 2009). Nevertheless RnM conclude that
nothing [in their work] contradicts . . . [the] idea . . . . that it [MF] is eﬀective in reducing
poverty generally, that this is especially so when women do the borrowing, and that the
extremely poor beneﬁt most [and] . . . helps families smooth their expenditures, lessening the
pinch of hunger and need in lean times. (Roodman and Morduch, 2009: 39–40)
Two systematic reviews (SR) (Stewart et al., 2010; Duvendack et al., 2011), of the impacts of MF,
including two recent randomised control trials (RCTs), are more sceptical; using criteria generally
applied in the medical literature, these two SRs pointed to the weak research designs of the most
valid evaluations of MF, as well as sometimes harmful eﬀects of MF borrowing (Stewart et al.,
2010; Duvendack et al., 2011). The latter in particular argue that it is moot whether the appropriate
response to the PnK study should have been to pursue more robust evidence of such impacts, or to
research alternative means to the beneﬁcent ends purportedly attached to MF.
Moreover, the original RnM paper has been contested by Pitt (2011a, 2011b); Roodman has
rejected Pitt’s interpretation.8 Since we are using a diﬀerent method of analysis (PSM rather than
limited-information maximum likelihood ((LIML)/IV) we do not engage further in this debate
other than to note that doubts about IV methods are common (Leamer, 2010; Deaton, 2010),
and PSM is a possible alternative (DiPrete and Gangl, 2004).
Another approach to replication is to apply diﬀerent estimation techniques to the data,
motivated by doubts about the estimation strategy (rather than, or as well as the data
constructions). Chemin applies PSM to his construction of the variables, and does not engage in
critique of PnK. PSM (Rosenbaum and Rubin, 1983, 1984) has become a popular technique in
development economics in recent years. It attempts to approximate the research design of a RCT
by matching participants to non-participants drawn from a suitable population on the basis of a
set of common covariates by a predicted probability of programme participation, or the
‘propensity score’ (Ravallion, 2001; Caliendo and Kopeinig, 2005, 2008). Units which are clearly
not similar to the treated group are dropped from the calculation of impacts; the treatment eﬀect
is then estimated by comparing the mean outcomes of the participants and their matches
(Ravallion, 2001). This method can account for selection bias due to observable characteristics,
its drawback, however, is that bias due to selection on unobservables remains (Smith and Todd,
2005). Sensitivity analysis of PSM results can identify the vulnerability of the estimated impact to
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unobservables (Rosenbaum, 2002) and is good practice in PSM studies (Ichino et al., 2006;
Nannicini, 2007).
This article attempts to replicate Chemin’s study which remains the only currently credible
evaluation of microﬁnance using these data that fails to conﬁrm the PnK results;9 it extends
Chemin’s analysis to test the claim by PnK that borrowing from microﬁnance institutions (MFIs) by
women is more beneﬁcial, and uses sensitivity analysis to test the extent to which the PSM results are
vulnerable to unobservables. The paper proceeds as follows: we outline the particularities in the PnK
research design, brieﬂy discuss the challenges of replication and (re-)construction of appropriate
variables with the PnK data, apply PSM to (our reconstruction of) the data, and investigate eﬀects
of the gender of the borrower on microﬁnance impact; we apply sensitivity analysis to the matching
results to draw conclusions as to the robustness and limitations of PSM in this context.
We ﬁnd diﬀerences in the descriptive statistics from those reported in Chemin (but only minor
diﬀerences from RnM – see Table A1 in the Online Appendix); our PSM results not surprisingly
also diﬀer from Chemin’s (see Table A3 in the Online Appendix for an overview of headline
ﬁndings). We ﬁnd negative as well as positive, both often statistically insigniﬁcant, average
microcredit impacts, and we cannot show that women have an obvious advantage over men as
borrowers. Sensitivity analysis suggests that even the statistically signiﬁcant impacts are highly
vulnerable to unobservables, implying that it would be unwise to conclude that any association
between MF borrowing and impact is causal.10
III. The Impact of Microﬁnance in Bangladesh
In this section we make the case that the quasi-experimental research design used by PnK means
that their identiﬁcation strategy is open to doubt. PnK use data from a World Bank funded study
which conducted a survey in three waves in 1991–199211 on three leading microﬁnance grouplending programmes in Bangladesh, the Grameen Bank (GB), Bangladesh Rural Advancement
Committee (BRAC) and Bangladesh Rural Development Board (BRDB) (Pitt and Khandker,
1998: 959). PnK sampled households from villages with at least one microﬁnance programme
(treatment villages) and from villages without these (or any other) MFIs (control or nonprogramme villages). These institutions apply eligibility criteria (nominally owning/cultivating
less than 0.5 acres at the time of recruitment into the MFI programme12); this eligibility criterion
is PnK’s identiﬁcation strategy assuming that land operated/cultivated was exogenous.
The survey was conducted in 87 randomly selected villages from 29 thanas,13 yielding a sample of
1798 households of which 1538 were target households (eligible in treatment or control villages) and
260 were non-target (not eligible) households (Pitt and Khandker, 1998: 974). According to PnK
(1998: 974), out of those 1538 households, 905 eﬀectively participated in microﬁnance (59%). Three
survey waves (R1–3) were timed to account for seasonal variations (Pitt, 2000: 28–29). The study
measures the impact of microﬁnance participation by gender of borrower on labour supply, school
enrolment, expenditure per capita and its variation between rounds, and women’s non-land asset
ownership. PnK ﬁnd that microcredit has signiﬁcant positive impacts on many of these indicators
and ﬁnd larger positive impacts when women are involved in borrowing.
PnK adopt an estimation strategy for assessing the impact of microﬁnance participation
involving comparisons of ‘treated’ and ‘non-treated’ households in ‘treated’ villages and ‘nontreated’ households in ‘non-treated’ (control) villages, using the eligibility criterion described
above. PnK deﬁne all participants as eligible (that is, they are ‘de facto’ eligible). They sample
treatment and control villages containing both non-target/landed and target/landless households. PnK’s (ideal) identiﬁcation strategy is represented in Figure 1.
PnK suggest assessing impact at the discontinuity between participant (eligible) and nonparticipant (not eligible) households in treatment and control villages; that is, comparing the
discontinuity at the boundary between group B and A in control villages, and between group D
to C in treatment villages (Figure 1). The diﬀerence between these two sets of comparisons is
estimated by applying village-level ﬁxed-eﬀects to account for unobserved diﬀerences between
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Figure 1. Intended identiﬁcation strategy.
Source: Authors’ illustration based on Morduch and Chemin. Notes: This diagram ignores that the
eligibility criterion was not strictly (literally) enforced.

treatment and control villages. However, the eligibility criterion was not strictly enforced
(Morduch, 1998).14 Nevertheless, Pitt (1999, 2011a, 2011b) maintains that this does not
undermine the results which are also obtained when units which borrow from MFIs and are
cultivating more 0.5 acres are dropped from the estimation sample.
Chemin (2008: 465) bypasses the PnK debate arguing that the issue of eligibility is avoided by
PSM. In addition to solving the eligibility issue, Chemin further claims that
matching takes into account non-random programme placement by comparing treated
individuals with the ‘same’ non-treated individuals in control villages. These ‘same’ nontreated individuals in control villages would have participated in microﬁnance had they had
access to microﬁnance. (Chemin, 2008: 465)
However, it is not clear whether PSM can achieve all this, since it cannot condition on
unobservables, or whether, indeed, it is an appropriate technique for solving the particular
problems in the PnK data set. We use Chemin’s study to demonstrate some of the challenges of
replication as well as some limitations of PSM.
IV. Replicating Chemin
Our focus is on replication of Chemin but to do this we also triangulate our variable construction
with PnK and RnM. A complete set of our Stata code is available from the authors to run with
the data that can be downloaded from the World Bank together with additional data we can
supply, and instructions on how to organise the data.
The ﬁrst step in a replication from the same raw data is to recreate the variables used in the
analysis; this is not a trivial exercise when using multi-topic surveys. Most of the PnK data,
including questionnaires and variable codes are (at the time of writing this article) available on
the World Bank website15 or have been obtained16 by Roodman17 and are publicly available.
Nevertheless replication remains a challenge, particularly because the survey forms and variable
descriptions are problematic. We have compared our data constructions with RnM’s data,
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observation by observation for the key variables ﬁnding negligible diﬀerences in most cases;
Table A1 in the Online Appendix reports the descriptive statistics provided by PnK, RnM, as
well as Chemin, and our replications.18 The discrepancies we have with the descriptive statistics
published by RnM are minor; we have other diﬀerences with the RnM data set but these reﬂect
diﬀerences in interpretation of some variables rather than diﬀerences or errors in variable
construction (these discrepancies are detailed in Table A2 of the Online Appendix). Chemin did
not provide either complete code to construct his data set or the data set he used,19 so that
diﬀerences in the descriptive statistics between our and Chemin’s variables cannot be explained.
Details of his variable deﬁnitions (or code embodying these deﬁnitions) are not available.20 We
invested a large amount of time and eﬀort in understanding his incomplete code but we could
neither re-construct his variables nor replicate his ﬁndings, and used our own deﬁnitions. We
assume that our data constructions which triangulate with those of RnM are defensible, and we
prefer them because they can be veriﬁed from both our and RnM’s code. However, as a result of
these diﬀerences in variables we cannot attribute diﬀerences between our and Chemin’s PSM
results to either data constructions or estimation methods.
Table 1 reproduces Chemin’s original logit results and our estimates using the same
speciﬁcations. Chemin uses microﬁnance participation (not eligibility) as a dependent variable
which assumes the value of 1 if the individual participates in microcredit and 0 if the individual
does not. Chemin explains that speciﬁcation 1 is used by PnK; speciﬁcation 2 contains the same
variables as speciﬁcation 1 as well as additional control variables which Chemin argues might be
of use for predicting microﬁnance participation. Speciﬁcation 3 is Chemin’s preferred model used
in his PSM analysis.
Table 1 shows that our logit coeﬃcients for sex, age and age of household head in speciﬁcation
1 are reasonably similar to Chemin’s. Many of the remaining logit coeﬃcients, however, diﬀer.
A similar pattern can be found in speciﬁcation 2. According to Chemin the additional
control variables were all insigniﬁcant (Chemin, 2008: 471); however, we found that 10 of
these were in fact signiﬁcant (see Table 1 and its notes). The pseudo R-squared in our replication
for logit speciﬁcation 1 is higher than reported by Chemin and lower for speciﬁcations 2
and 3; this is presumably due to diﬀerences in the data sets and variable constructions used
by Chemin and ourselves. The number of observations diﬀers as well for reasons we cannot
explain.
Figure 2 shows the distribution of propensity scores produced using Chemin’s speciﬁcation 3;
this ﬁgure is very similar to Figures 2 and 3 in Chemin (2008: 474–475). They indicate that there
is limited overlap between participants and non-participants in treatment and control villages.
The common support region is rather narrow and hence few good control group cases are
suitable matches.21 Generally speaking, the lack of overlap implies that the common support
assumption is not fully satisﬁed, and consequently the question must be asked whether PSM is
suitable with these data.
We turn now to the impact estimates, following Chemin’s preferred matching algorithms
(Chemin, 2008: 475). Compared to non-participants in treatment villages, Chemin’s PSM results
indicate that microcredit has a signiﬁcant negative impact on participants’ log of per capita
expenditure (Table 2, row 1). Participants spend 3.5 per cent to 4.6 per cent less per capita than
non-participants. This is surprising and contrary to the expectation that microcredit
participation has positive impacts. It appears that participants in treatment villages are not
necessarily better oﬀ than matched non-participants in treatment villages. The replication results
presented in Table 2, row 3 also provide negative but smaller impact estimates across both
matching algorithms. There are discrepancies in the kernel matching results, Table 2, row 3
provides insigniﬁcant negative estimates while Chemin’s kernel estimates are all signiﬁcant and
negative (Table 2, row 1).
Turning now to comparison with matched samples from control villages; Chemin ﬁnds that
microcredit has a signiﬁcantly positive impact across most matching algorithms (Table 2, row 2).
The replication results presented in Table 2, row 4 diﬀer substantially from Chemin’s. We ﬁnd

Age squared

Agricultural wage (in Taka)

Non-agricultural wage (in Taka)

Household size

Livestock value

Have non-farm enterprise (yes ¼ 1)

Savings

Education

Landholdings HH head brothers

Landholdings HH head parents

Number adult male in household

Age household head (years)

Age (years)

Sex (male ¼ 1)

Highest grade completed

Independent
variables

0.041
0.03
70.886***
0.123
0.051***
0.004
70.046***
0.006
1.951
1.268
0.137
0.14
0.019
0.065

Chemin

Spec. 1

70.058**
0.046
70.590***
0.000
0.050***
0.000
70.027***
0.000
70.296***
0.000
70.079
0.307
70.097***
0.007

Authors

0.0002***
0.0004
0.763***
0.173
0.0000397
0.00003
70.117***
0.041
70.002
0.004
0.013**
0.007
70.033***
0.01

0.024
0.036
71.515***
0.182
1.224***
0.269
70.035***
0.009
2.854*
1.562
0.094
0.147
70.023
0.068

Chemin

Spec. 2

0.000***
0.002
0.319***
0.000
70.000
0.520
70.075***
0.006
70.001
0.257
70.000
0.612
70.008***
0.000

70.094***
0.005
70.805***
0.000
0.519***
0.000
70.004
0.332
0.101
0.157
70.070
0.436
70.062
0.132

Authors

Chemin

Spec. 3

0.336***
0.113
0.0002***
0.00003
0.630***
0.111
0.00005***
0.00002
70.147***
0.028
70.006*
0.003
0.010**
0.005
70.028***
0.006

71.136***
0.128
1.065***
0.159
70.014**
0.006
0.832***
0.308

Table 1. Replication of Chemin’s logit predicting the probability of microﬁnance participation
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0.000
0.196
0.354***
0.000
70.000
0.129
70.122***
0.000
70.001
0.124
70.000
0.992
70.009***
0.000
0.000***
0.000

70.773***
0.000
0.559***
0.000
70.003
0.454
0.011
0.873

Authors
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Yes
4215
0.150

Chemin

Spec. 1

Yes
9397
0.163

Authors

Yes
4205
0.356

71.73E-6*
0.000

Chemin

Spec. 2

0.000***
0.000
70.201**
0.013
0.000*
0.069
70.003**
0.040
0.422***
0.002
70.000***
0.000
Yes
9397
0.333

Authors

Yes
5037
0.331

71.16E-6***
0.0001

Chemin

Spec. 3

Yes
9397
0.315

70.773***
0.000

Authors

Source: Chemin (Table 1: 471) and authors’ calculations.
Notes: p-values in italics. * signiﬁcant at 10 per cent, ** signiﬁcant at 5 per cent, *** signiﬁcant at 1 per cent. PnK data across R1–3 downloaded from the World
Bank website are used. According to Chemin, speciﬁcation 1 replicates PnK, speciﬁcation 2 includes other control variables such as landed assets, equipment assets,
transport assets, injuries, change of residence in the last two years, assets, expenses of the non-farming enterprise, agricultural costs, irrigated land, father still alive,
marital status, agricultural income, mother’s education, irrigated household land, mother still alive, household land, highest grade completed by household head,
sex of household head, number of adult females in household, sisters of household head owning land, father’s education, revenue of non-farming enterprises, dairy
products sales which are all insigniﬁcant. Chemin argues that all control variables in speciﬁcation 2 were insigniﬁcant. However, our replication results diﬀer and 10
out of those 23 control variables are signiﬁcant, namely: number of adult females in household, household land, marital status, equipment assets, other assets, sex
of household head, agricultural income, landed assets, agricultural costs, and father’s education. The remaining variables such as revenue of non-farming
enterprises, expenses of the non-farming enterprise, irrigated land, mother’s education, transport assets, injuries, father still alive, irrigated household land, mother
still alive, highest grade completed by household head, sisters of household head owning land, dairy products sales were also included and were all insigniﬁcant. The
variable ‘change of residence in the last two years’ could not be replicated.

Village dummies
Number of observations
Pseudo R-squared

Other assets (in Taka)

Marital status (married ¼ 1)

Household land (in decimals)

Agricultural income (in Taka)

Number adult female in household

Age power of 4

Independent
variables

Table 1. (Continued)
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Figure 2. Distribution of propensity scores for participants and non-participants in treatment and
control villages.
Source: Authors’ calculations.
Table 2. Impact estimates and their replication for log of per capita expenditure (Taka)
Stratiﬁcation number of strata
Row

Control group

20

10

5

Kernel matching bandwidth
0.05

0.02

0.01

a,b

Chemin’s reported results
1
Non-participants
70.035*
in treatment
villages
2
Individuals in
0.028
control villages
Authors’ replication of Cheminc
70.001***
3
Non-participants
in treatment
villages
4
Individuals in
70.004***
control villages

70.044*
0.028***

70.044*
0.028*

70.039*
0.028***

70.044*
0.028***

70.046*
0.028***

70.003***

70.010***

70.007

70.011

70.012

0.008***

70.021***

70.061***

70.064***

70.065***

Notes: * signiﬁcant at 10 per cent, ** signiﬁcant at 5 per cent, *** signiﬁcant at 1 per cent. PnK data across
R1–3 downloaded from the World Bank website are used. Chemin’s speciﬁcation 3 is used. The results in
this table refer to the diﬀerences in the mean values between matched samples. t-tests before and after
matching were employed for all results presented in this table to investigate the diﬀerences in the mean
values for each covariate X across matched samples; as before, the test provided conclusive results. All
results are bootstrapped.
a
Source: Chemin (2008: Table 2, 476).
b
Chemin’s original impact estimates for log of per capita expenditure obtained by matching participants
with non-participants in treatment villages and participants with individuals in control villages using
Chemin’s speciﬁcation 3.
c
Replication of Chemin’s original impact estimates for log of per capita expenditure obtained by matching
participants with non-participants in treatment villages and participants with individuals in control villages
using Chemin’s speciﬁcation 3. Authors’ calculations.

that participants are worse oﬀ than individuals in control villages spending 0.4 per cent to 6.5 per
cent less than individuals in control villages – signiﬁcantly so except for 10 strata (signiﬁcant and
positive) matching.
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Table 3 presents the impact estimates for all six outcome variables comparing microﬁnance
participants in treatment villages with non-participants in treatment and control villages
combined. Table 3 lists Chemin’s original results which suggest that microcredit has a signiﬁcant
and positive impact on male labour supply and girls’ school enrolment. All other impact
estimates are not signiﬁcant apart from boys’ school enrolment when a kernel bandwidth of 0.05
is used. Those estimates are lower than the ones presented by PnK and this is an important
ﬁnding. However, Chemin does not assess the impact by gender and fails to re-examine PnK’s
main claim, namely that microﬁnance impact is more positive when women are involved in
borrowing. No explanation is given for his neglect of this important issue.
Our replication (Table 3) cannot entirely conﬁrm Chemin’s results; it suggests that microcredit
has a signiﬁcant and positive impact on the log of women’s non-landed assets and a signiﬁcant
and negative impact on the variation of the log of per capita expenditure (for kernel bandwidth
0.05 and 0.02). The eﬀects on both school enrolment variables are largely signiﬁcant and positive
with all remaining results being insigniﬁcant.
To summarise the main results so far: Chemin ﬁnds no signiﬁcant impact on the variation of
the log of per capita expenditure but the majority of our estimates are signiﬁcant at 10 per cent.
He ﬁnds no impact on the log of women’s non-landed assets while our replication supports the
view that microﬁnance has a signiﬁcantly positive impact on the log of women’s non-landed
assets. Chemin’s ﬁnding that there is a positive and signiﬁcant impact on male labour supply
Table 3. Impact estimates for all six outcome variables matching participants to non-participants across
treatment and control villages (kernel matching, various bandwidths)
Chemin
Row

Outcome variables

1

70.008
Variation of log
per capita
expenditure
(Taka)
n/a
Log per capita
expenditure
(Taka)
0.037
Log women nonlanded assets
(Taka)
9.503
Female labour
supply, aged
16–59 years,
hours per
month
17.001***
Male labour
supply, aged
16–59 years,
hours per
month
Girl school
0.051***
enrolment, aged
5–17 years
0.035*
Boy school
enrolment, aged
5–17 years

2
3
4

5

6
7

0.05

Authors’ replication

0.02

0.01

0.05

0.02

0.01

70.008

70.008

n/a

n/a

0.037

0.038

0.513***

0.498***

0.489***

9.507

9.521

9.448

8.879

9.104

21.256

22.305

20.512

70.012*

70.012*

70.012

70.008

70.011

70.011

16.996***

16.974***

0.051***

0.052***

0.051**

0.057**

0.060**

0.035

0.036

0.038

0.044*

0.047*

Notes: * signiﬁcant at 10 per cent, ** signiﬁcant at 5 per cent, *** signiﬁcant at 1 per cent. PnK data across
R1–3 downloaded from the World Bank website are used. Chemin’s speciﬁcation 3 is used. The results in
this table refer to the diﬀerences in the mean values between matched samples. Results are bootstrapped.
Source: Chemin (Table 3: 477) and authors’ calculations.
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cannot be supported by our analysis. Furthermore, we ﬁnd positive and signiﬁcant impacts on
boys’ school enrolment while he does not. How do these results change when segregated by
gender?
Table 4 shows that the eﬀects of female and male borrowing on the log of women’s non-landed
assets is positive and signiﬁcant, as in Table 3 but that is where the similarities end. Female
borrowing has positive and signiﬁcant eﬀects on female labour supply and no signiﬁcant eﬀect on
male labour supply, which suggests that a higher value is attached to women’s market time and
thus home time is substituted with market time. If indeed women spend more time on selfemployment activities, one might expect that their daughters’ time would be used for household
activities to replace their mothers’ leading to withdrawal of girls from school (Pitt and Khandker,
1998). However, female borrowing has signiﬁcantly positive impacts on girls’ school enrolment.
Male borrowing signiﬁcantly increases male labour supply while signiﬁcantly decreasing
women’s labour supply, indicating that the value of men’s market time increases. Also, male
borrowing is more likely to have a signiﬁcant negative impact on the log of per capita
expenditure than female borrowing. Overall, it appears that the gender of the borrower makes a
diﬀerence on the outcomes investigated here.
V. Sensitivity Analysis
Although some signiﬁcant eﬀects are found using PSM this does not answer the question
whether these results are robust to unobservables. Rosenbaum (2002) developed sensitivity
analysis to explore the robustness of matching estimates to selection on unobservables
(Rosenbaum, 2002). Ichino et al. (2006: 19) argue that ‘sensitivity analysis should always
accompany the presentation of matching estimates’.
Rosenbaum (2002) invites us to imagine a number (gamma) (1) which captures the degree
of association, of an unobserved characteristic with the outcome and with selection into
treatment, required for it (the unobserved characteristic) to explain the observed impact. is the
ratio of the odds22 that the treated have this unobserved characteristic to the odds that the
controls have it; a low odds ratio (near to one) indicates that it is not unlikely that such an
unobserved variable exists. Cornﬁeld et al. (1959) provide the example of the eﬀect of smoking
on lung cancer. In this case, which is now surely without doubt, data from the late 1950s gave a
4 5 as the level of association of an unobserved characteristic with outcome and selection into
smoking required to confound the observed impact of smoking on death; such a variable is, it is

Table 4. Impact estimates for all six outcome variables segregated by gender (kernel matching)
Bandwidth 0.05
Outcome variables
Variation of log per capita expenditure (Taka)
Log per capita expenditure (Taka)
Log women non-landed assets (Taka)
Female labour supply, aged 16–59 years, hours per month
Male labour supply, aged 16–59 years, hours per month
Girl school enrolment, aged 5–17 years
Boy school enrolment, aged 5–17 years

Female

Male

70.019**
70.018
1.314***
23.440**
40.860
0.069**
0.056

70.026***
70.066***
0.805***
725.592***
63.909***
0.103***
0.068***

Notes: * signiﬁcant at 10 per cent, ** signiﬁcant at 5 per cent, *** signiﬁcant at 1 per cent. PnK data across
R1–3 downloaded from the World Bank website are used. Chemin’s speciﬁcation 3 is used. The results in
this table refer to the diﬀerences in the mean values between matched samples. t-tests before and after
matching were employed for all results presented in this table to investigate the diﬀerences in the mean
values for each covariate X across matched samples; as before, the test provided conclusive results. Results
are bootstrapped.
Source: Authors’ calculations.
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suggested, highly unlikely not to have been observed, because a variable with such a
strong association with both smoking and death from lung cancer would have been hard to
overlook.
This approach can be implemented for a continuous outcome variable using the rbounds
procedure in Stata (DiPrete and Gangl, 2004);23 rbounds uses the results from the nearest
neighbour matching estimates to calculate the maximum and minimum p-values from a
Wilcoxon sign rank test between treatment and matched pairs, and the Hodges-Lehman
point estimates of the impact of the treatment on the outcome variable and their
conﬁdence intervals (for a given level of conﬁdence – for example 95%), for a unobserved
confounding variables with diﬀerent values of . A value of
that produces a HodgesLehman conﬁdence interval that encompasses zero is one that would make the estimated
impact not statistically signiﬁcant at the relevant level of conﬁdence. If the lowest
at
which this conﬁdence interval encompasses zero is relatively small (say 5224) then one
may assert that the likelihood of such a characteristic being unobserved is relatively high
and therefore that the estimated impact is rather sensitive to the existence of unobservables
(DiPrete and Gangl, 2004).
Table 3 shows that the kernel matching estimate with a bandwidth of 0.01 for log of
women’s non-landed assets is 0.489 and is statistically signiﬁcant at 1 per cent. This suggests
that the log of women’s non-landed assets is signiﬁcantly higher for participating households
than for control households. The sensitivity analysis using rbounds is reported in Table 525
showing that when ¼ 1.15 the statistical signiﬁcance of the Wilcoxon signed-rank test upper
bound estimate at this level of bias is p 5 0.1727 and the conﬁdence interval of the estimated
impact encompasses zero (70.091 to 1.407) at this gamma (strictly the estimates become
marginally insigniﬁcant at the 95% conﬁdence level when ¼ 1.10). It is not unlikely that a
variable with this level of odds of association with both outcome and being treated (being a
borrower) relative to controls should be unobserved. This implies that for this outcome
variable selection on unobservables could well explain the observed association between taking
microﬁnance and the log of women’s non-landed assets. Consequently, we conclude that the
statistically signiﬁcant association between taking microﬁnance and the log of women’s nonlanded assets may well be due to unobservables. We have argued elsewhere that in social
science studies a critical 5 2 (at p 5 0.05) surely suggests vulnerability to unobservables if a
similar ﬁgure is accepted by natural sciences where one might expect unobservables to be less
likely (Duvendack and Palmer-Jones, 2011a); see also Guo and Fraser (2010: 318) who write
that ‘because [gamma¼] 1.43 is a small value, we can conclude that the study is very sensitive
to hidden bias’.

Table 5. Sensitivity analysis for log of women’s non-landed assets for microﬁnance participants across R1-3
Signiﬁcance levels
(Wilcoxon signed-rank test)

Hodges-Lehmann
point estimates

95% Conﬁdence
intervals

Gamma ( )

Lower

Upper

Lower

Upper

Lower

Upper

1
1.05
1.1
1.15
1.2
1.25
1.3

0.0031
0.0004
0.0000
2.7e-06
1.7e-07
8.6e-09
3.8e-10

0.0031
0.0174
0.0650
0.1727
0.3453
0.5497
0.7348

0.469
0.326
0.189
0.077
72.7e-07
72.7e-07
70.026

0.469
0.607
0.730
0.882
1.031
1.166
1.307

0.048
2.7e-07
72.7e-07
70.091
70.220
70.325
70.418

0.920
1.089
1.251
1.407
1.560
1.710
1.865

Notes: See note 25. The table shows magnitude of selection on unobservables, range of signiﬁcance levels,
Hodges-Lehmann point estimates and conﬁdence intervals.
Source: Authors’ calculations.
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Sensitivity analysis was conducted on all the outcome variables we presented in Table 3 and
Table 4 (results available from the authors). The evidence provided by those tests suggests that
the impact estimates presented in Table 3 and Table 4 appear to be sensitive to selection on
unobservables.26
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VI. Conclusion
The replication of PnK and associated studies poses a challenge due to the weak research design,
complex statistical analysis, poor documentation of the data and the absence of code. RnM
corroborate the PnK ﬁndings, but dispute conﬁdence in causality; Morduch, Chemin and this
study argue that PnK overstate the impacts of microcredit. PnK estimated positive and
signiﬁcant impacts for six outcome variables, all of which were stronger when women were
microcredit borrowers (Pitt and Khandker, 1998: 987– 988). The largely successful replication by
RnM of PnK, and doubts cast on Morduch, left Chemin as the remaining study coming to
signiﬁcantly diﬀerent conclusions to PnK (see Table A3 in the Online Appendix for an overview
of headline ﬁndings of main PnK related studies).
Using PSM, Chemin found lower impact estimates than PnK for all outcome variables
except male labour supply (Chemin, 2008: 478). Doubts about Chemin arise because of
problems in replicating his data constructions, and his failure to conduct sensitivity analysis,
or to examine borrowing by women and men separately. Our study ﬁnds few convincing
eﬀects of microcredit when comparing participants with non-participants. However, the gender
of the borrower matters; female borrowing has signiﬁcant negative eﬀects on the variation of
the log of per capita expenditure and signiﬁcant positive impacts on the log of women’s nonlanded assets, female labour supply and girls’ school enrolment while male borrowing has
signiﬁcant negative eﬀects on expenditure and female labour supply and signiﬁcant positive
eﬀects on the log of women’s non-landed assets, male labour supply and girls’ and boys’
school enrolment. However, sensitivity analysis shows that all these estimates of impact are
highly vulnerable to unobservables, in part, perhaps, because of the poor quality of the
matches. Thus, we do not corroborate PnK or Chemin; however, it is not clear how to rank
the results of PSM and LIML when their results diﬀer; DiPrete and Gangl (2004: 303,
emphasis in original) state that
these two approaches [PSM and IV] cannot be given an in principle ranking in terms of their
information content.27
Nevertheless, in not providing corroboration our study raises concerns about placing heavy
reliance on the results of one data set using sophisticated analytical methods to compensate for
weak research design.
The analysis in this article also raises doubts about the capabilities of PSM to provide robust
estimates of impact, at least with these data. A critique of sophisticated analytical techniques is
not new; in a landmark paper Leamer (1983: 38) complained about ‘the whimsical character of
econometric inference’ (see also Leamer, 2010). Despite his pessimistic view of the usefulness of
econometric methods, there has been a trend towards ever more sophisticated techniques which,
however, do not necessarily provide convincing solutions to the challenges of impact evaluation.
A similar conclusion would seem to apply to PSM.
Policymakers would have been well advised to have placed less reliance on PnK, and to have
facilitated replication of that study with a more robust research design and better quality data
production, sooner rather than later, to avoid missing opportunities for better researched policy.
Funders should also encourage replication of analyses using the data sets from which they – the
funders – draw policy conclusions. It would be more ‘scientiﬁc’, and save resources in the long
run, if data processing and analysis were made more transparent and accountable through the
availability of raw data and data processing and analysis code.
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Notes
1. While used in various ways, and sometimes interchangeably, we generally use reproduction to mean using diﬀerent
methods applied to the same raw data, and replication to mean using the same (or very similar) methods
(McCullough et al., 2006). Diﬀerences in replications, or reproductions, may also occur because of diﬀerences in
variable construction due to (correction of) errors in calculation, or diﬀerences in operationalisation of the underlying
concepts.
2. Roodman says: ‘A couple of years ago I spent a good deal of time scrutinizing what was then the leading academic
study [Pitt and Khandker, 1998] of the impacts of microcredit’ (http://www.house.gov/apps/list/hearing/
ﬁnancialsvcs_dem/roodman_testimony_4.28.10.pdf). Pitt did provide a data set including constructed variables to
RnM but he cautions that this might not be the same as the one used by PnK (see Roodman and Morduch, 2009: 12,
footnote 14).
3. Selection may be by self, peer, or MFI (Armendáriz de Aghion and Morduch, 2010).
4. Hulme and Mosley (1996) were contested by Morduch (1999) and PnK by Morduch and RnM, and these views have
been reiterated in readily accessible reviews (Goldberg, 2005; Odell, 2010).
5. We examine only subgroups by gender of borrower in this article.
6. The locations of programmes are also chosen in a non-random way and therefore diﬀer from other places that could
be used as controls.
7. The complexity of the PnK and Pitt method, using unique and unrecoverable computer code, seemingly meant this
debate remained unresolved in the grey literature until RnM replicated PnK.
8. For details: http://blogs.cgdev.org/open_book/2011/04/a-somewhat-less-provisional-analysis-of-pitt-khandker.php.
9. Imai et al. (2010) use PSM as a check on their IV estimation, ﬁnding that PSM conﬁrms their results. Another
approach to testing the robustness of PnK analysis would be to perform robustness tests of the LIML estimates
involving relatively small perturbations of the underlying data as suggested by Vinod (2009).
10. Other outcome variables have been addressed in other papers using the PnK dataset (Pitt et al., 1999; Pitt, 2000;
McKernan, 2002; Menon, 2006; Pitt and Khandker, 2002; Pitt et al., 2003; Pitt et al., 2006), but are not covered in
this article.
11. In areas not aﬀected by the cyclone of April 1991.
12. There is some confusion about whether the eligibility criterion is cultivated (operated) or owned land, and whether
this includes homestead land. As noted below, the eligibility criterion was not strictly enforced.
13. A thana (literally police station, also known as upazila) is a unit of administration in Bangladesh; in 1985 there were
495 upazilas (Bangladesh Bureau of Statistics, 1985) and 507 upazilas in 2001 (Bangladesh Bureau of Statistics, 2004).
14. Thus there are de jure (cultivating less than 0.5 acres), and de facto (participating) eligibility categories; all de jure are
de facto eligible, but not vice versa.
15. http://econ.worldbank.org/WBSITE/EXTERNAL/EXTDEC/EXTRESEARCH/0,,contentMDK:21470820*pagePK:
64214825*piPK:64214943*theSitePK:469382,00.html.
16. Such as data on consumer price indices, sampling weights and landholding details.
17. The RnM data and code are available at: http://www.cgdev.org/content/publications/detail/1422302. Their variable
construction is mainly in SQL, with statistical analysis is in Stata; our data manipulation and analysis is all in Stata.
This diﬀerence in data management software facilitates triangulation because we were not tempted (able) to borrow
code from RnM or take their results as correct.
18. There are small discrepancies in the number of cases used to compute these statistics. PnK exclude households
owning/cultivating more than 5 acres. However, with this exclusion neither we nor RnM end up with exactly the same
number of cases. Our diﬀerence with RnM derives from diﬀerences in the construction of the land variable explained
in Table A2 in the Online Appendix.
19. RnM do not replicate Chemin or other studies by Pitt and or Khandker which used ‘the’ PnK data (Khandker, 1996,
2000; Pitt et al., 1999; Pitt, 2000; McKernan, 2002; Pitt and Khandker, 2002; Pitt et al., 2003; Menon, 2006; Pitt et al.,
2006). From what we can understand none of Pitt’s co-authors has a copy of the data set used in papers of which they
were sole or co-authors (personal communications with McKernan and Millimet).
20. We have large diﬀerences with Chemin for schooling of individual aged ﬁve or above, number of adult male in
household, non-agricultural wage and agricultural wage (see Table A1 in the Online Appendix). Many of these
variables (apart from schooling of individual aged ﬁve or above) are not produced by RnM since they are not
required for replicating PnK.
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21. A general rule seems to be that there should be at least two control cases per treatment case (King et al., 2011: 8).
22. Odds, which are widely used in assessing probabilistic outcomes, are derived from probabilities (0  pi  1) by the
following formula: pi/(17pi).
23. mhbounds can be used for a binary outcome variable (Becker and Caliendo, 2007).
24. See Duvendack and Palmer-Jones (2011a, 2011b) for a discussion of levels of that can be considered to demonstrate
robustness to unobservables.
25. Results of the rbounds tests may diﬀer from the test of the ATT because they are based on diﬀerent tests (Wilcoxon
signed-rank test and Hodges-Lehmann point estimate conﬁdence intervals versus a t-test). In this case we use HodgesLehmann point estimates (see Rosenbaum, 2002). These are median shifts between treatment groups. Therefore, they
are likely to be smaller than the mean shifts reported in Table 3 which provide the average treatment eﬀects.
26. With one exception all the estimates in Table 4 and similar estimates for the other outcome variables have critical
values of gamma below 2, with the majority close to 1. The relevant Stata do-ﬁles can be made available upon request.
27. As noted above Imai et al. (2010) claim that their PSM corroborates their IV impact estimates. DiPrete and Gangl
(2004: 276–278) provide a discussion of the limitations of IV and ways to assess vulnerability to endogeneity bias in
both PSM and IV estimates. Their PSM and IV estimations show similar treatment eﬀects.
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