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Abstract 

 
This study of microfinance lending methodologies shows conclusive signs of an 
evolution in the industry away from joint-liability by comparing the percentage of loans 
that 454 Microfinance Institutions (MFIs) dedicated toward an “individual” lending 
methodology over a two-year period. Not only do we show an industry trend, but we also 
identify organizational and environmental factors that affected movement over the two 
year period. Findings from a fixed effect regression indicate that a unit rise in average 
loan size, urban borrowers, and debt to equity ratios positively affects an MFI’s share of 
individual lending, and thus negatively affect their share of joint-liability loans.   We also 
find that there exists a positive relationship between the age of the industry and greater 
amounts of individual loans indicating that there has likely been an evolution in the 
industry towards more individualized lending.  In the final part of this paper, we also see 
preliminary results that indicate a further need for research regarding the effect of loan-
size on lending methodology.   
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1. Introduction 
 
  Both theory and evidence underscore financial market imperfections as a 
fundamental cause of poverty and a large barrier to growth (Banerjee and Newman, 1993; 
Rajan and Zingales, 1998).  Inability to accumulate capital in a cost effective way 
influences the poor’s ability to borrow for investments in critical inputs for growth such 
as education and physical capital.  Additionally, in models of entrepreneurship, 
information asymmetries and transaction costs often hinder the poor from entering into 
profit-making activities, since they lack the collateral conventionally needed for the 
‘seed’ capital required to start an enterprise.  A lack of financial access has therefore 
played an important role in generating persistent income inequality and lower growth for 
an astonishing percentage of society (Beck et al., 2008)1 
 Microcredit, or the provision of small loans to the poor, is still seen by many as a 
promising and cost effective tool that can help combat the cyclic nature of such financial 
market imperfections.  There are two basic forms of credit offered in microfinance, one 
based on group liability and the other based on individual.   Academics tend to be 
focused on which lending method is more “optimal” as it relates to borrower welfare and 
repayment rates.  Practitioners, on the other hand, want to figure out which lending 
methodology will work better given their organizational constraints, and market 
conditions.   In either case, there exist conflicting opinions as to the merits of each 
method and where it is best suited.  

The “discovery” of group liability showed the world that institutions were capable 
of getting credit to the poor on a massive scale2.  When begun in 1976 with Dr. 
Muhammad Yunus and the Grameen project, these unconventional contracts showed 
remarkable success where tried and true banking practices had failed again and again 
(Armendáriz and Morduch, 2010). The lending technology’s purported ability to 
overcome adverse selection and moral hazard problems made it a key innovation 
responsible for the rapid growth of credit markets for the poor.   By 2006 Muhammad 
Yunus had been awarded the Nobel Peace Prize for the creation of Grameen Bank, and 
by 2009 nearly 190 million borrowers were estimated to have received a microfinance 
loan (Reed, 2011). 

Theoretically, there are many perceived advantages to group lending.  By making 
a group of clients liable for each other’s loans, the lender exploits local information to 
improve the screening, monitoring and enforcement of the loan contract. Moreover, 
adverse selection is mitigated since clients have an incentive to screen other clients so 
that only trustworthy individuals are allowed into the program. In addition, clients are 
supposed to make sure that funds are invested in profitable enterprise. Finally, 
enforcement is enhanced because clients face peer pressure, not just legal pressure, to 
repay their loans. Thus, by effectively shifting the banking role from lender to the client, 

                                                        
1 See World Bank (2008) for a robust evaluation of financial market’s role in 
development. 
2 Rotating savings and credit unions (ROSCAS) and other group mechanisms have 
been used by the poor for centuries in order to accommodate those excluded from 
the financial market. 
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group liability overcomes information asymmetries typically found in developing credit 
markets, while simultaneously making the process cost-effective for the lender.   

On the other hand, there are many theories that suggest that joint liability might 
not work as well in practice. These critics argue that group liability mechanisms contain 
hidden costs for the borrower, increase risks of collusion against the MFI, and create 
deadweight loss in those cases where “good” borrowers  are excluded from future lending 
when the group defaults.   

Around the turn of the millennium, Grameen Bank began to recognize the tension 
between theory and practice as it related to the joint-liability model.  It then reinvented 
itself as Grameen Bank II, comprised primarily of two types of loans. The new system 
starts borrowers with a Basic Loan of any duration, and allows for loan installments to be 
smaller in some seasons and larger in others.  Weekly repayment practices still stay in 
effect, however. If a borrower gets into trouble, they will be offered a Flexible Loan (with 
the penalty of a sharp drop in their credit limit).  This Flexible Loan has easier terms 
spread over a longer time horizon, and it allows the borrower to get back on track, 
eventually returning to basic loan status.  Half of the outstanding loan is provisioned for 
losses at the time of conversion to Flexible status, and only when the customer fails to 
repay a Flexible Loan are they expelled, and the loan is fully written off as bad debt.   

This represents a major departure from the joint-liability mechanism that 
Grameen pioneered, and we expect that, even in situations where joint-liability is 
working effectively, the ultimate departure from offering only group loans is an optimal 
evolution for both borrower and MFI. The story suggests that there exists a positive 
relationship between the benefit a borrower receives from the group liability mechanism 
and the flexibility of the terms in the contract. That is to say, as MFIs tend to bluntly 
enforce repayment from the group, regardless of the context of the default, borrowers 
tend to receive less value from the loan and exit the contract. The dramatic movement on 
the part of other mature institutions suggests that others in the industry might be tending 
towards the same evolution (Armendáriz and Morduch, 2010).   

Empirical results from random experiments in the field offer conflicting results as 
to the optimality of these lending contracts. Giné and Karlan (2009) of the Center for 
Global Development and Carpena, et al (2010) of the World Bank are the most relevant 
studies on optimal contract design.   Giné and Karlan explore randomized trials that 
moved clients in the Philippines from group liability contracts to individualized contracts 
while the World Bank study explores the effects of randomly migrating clients in India 
from individual contracts to group liability contracts.  Both studies find that MFI 
performance, measured in similar terms of repayment, increased after the switch.  

Although seemingly contradictory, we believe the conflicting results surrounding 
contract optimality are actually complementary: together they reveal that it is in fact 
culture and prior loan experience that strongly influence borrowers’ monitoring and 
repayment behavior.  We believe that these are the key considerations one should 
consider when designing an optimal contract structure in a given location.    

That said, our study delves deeper than most by analyzing both the financial and 
cultural context of institutions in order to get a better sense of what common cultural and 
organizational structures are associated with a given contract type.  Strong empirical 
results are lacking in this regard and our study fills in some important gaps of knowledge 
in Part I of this paper.  We consider the current distribution of individual lending and then 
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test for potential organizational and environmental explanations of these shares, 
controlling for individual heterogeneity with a fixed effects regression.  From this 
empirical model we find that larger, older, and more urban MFIs tend to offer more 
individual lending.  Surprisingly, we also find that MFIs with higher debt to equity ratios 
exhibit higher shares of individual lending.  As one might gather, there are serious issues 
of reverse causality in our model, which we address in our section on methodology. 

Equally important, we believe that the industry has exhibited a distinct shift from 
microcredit to microfinance.  That is to say, there appears to have been an evolution on 
the part of institutions toward more client-focused approaches to expanding financial 
access.   This “client-focus” is characterized by an increased flexibility in the relationship 
between client and MFI, as well as the terms of services offered, and lending methods, 
including joint vs. individual liability.  In Part II of this study, we focus on the latter.  We 
believe that there is an evolution taking place towards an increased blend of individual 
and group lending which affords greater flexibility than a focus only on group loans.  

In her updated paper Madajewicz (2011) provides a compelling model consistent 
with our view of reality. In her model, borrowers reach a threshold of wealth, whereby 
they no longer benefit from joint-liability, and actually lose welfare from participating in 
join liability situations where they are risk averse and monitoring costs are high. Below a 
certain threshold of wealth, however, she finds that joint-liability is still beneficial to 
clients as long as monitoring costs are not too high. Moreover, she posits that the best 
outcome would be for a client to have access to both loan contracts, whereby a borrower 
can graduate from group lending after reaching her threshold of wealth and then continue 
on with the institution as an individual borrower.  Thus, she argues, for the borrower, 
joint-liability represents a rather in-flexible loan, especially for successful clients, and 
especially when monitoring costs are high.  

 However, she and other academics are of the opinion that a typical borrower 
rarely has the opportunity to enter into a different contract type as they believe MFIs 
typically “only offer one type of contract” (Madajewicz, 2011, pg.108).  

Our sample suggests otherwise.  As we can see in Figure 1, over 80 % of the 
MFIs in our sample of 448 offered a mixture of both individual and group loans. 
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Therefore, we think it very likely that borrowers have access to both credit contracts, and 
we show results consistent with such an evolution from group liability towards a mixture 
of group and individual loans, as predicted by Madajewicz.    

However, there is a competing explanation for why we might observe an 
increased share in individual lending. The alternative theory, explored by Armendáriz 
and Szafarz (2009), posits that MFIs may be engaging in “mission drift,” or shifting focus 
from the poorest of the poor to wealthier clients who are not suited for joint-liability.   
Such a demand-based shift would be associated with an MFI’s increased individual 
lending to higher income clients.  They argue that an MFI is incentivized to shift 
upmarket due to biased external funding in favor of older self-sustainable institutions that 
have already established the client volumes necessary to cover costs. In this way, they 
argue that “cross-subsidization” by mixing richer and poorer customers helps MFIs meet 
their “outreach maximization” objective, and explains an increase in the share of 
individual lending within an MFI that was offering group loans.  
 With the data available at our disposal, we cannot observe shifts in the income 
distributions of clients needed to test these competing explanations.  However, we can 
observe whether there is growth in the number of clients.  If growth in the number of 
clients does not explain any of the shifts towards or away from individual lending, the 
Madajewicz explanation gains plausibility.  In this case, a movement toward individual 
lending would be independent of an expansion in the client base.  Albeit an imperfect 
model, we explore its implications more thoroughly in the methodology section of Part II.  

A final question of this thesis explores the process involved in shifting away from 
group lending towards individual lending.  Based on industry intelligence, we believe that 
such a move requires both fixed and “lumpy costs”. The fixed costs involve investments 
in new management information software, a very expensive item, and new lending 
technologies associated with loan origination, monitoring, and enforcement  (Rosenberg 
2009). While these initial fixed costs help with movement towards more individual 
lending, we believe that the continual movement towards more individual lending 
requires shifts in personnel and resource usage which represent lumpy costs.   Because of 
this, we expect larger firms with greater deposit to loan ratios to move more quickly from 
one period to the next in making adjustments as they may have the economies of scale to 
do so.    

We test these final two hypotheses by running regressions on the change in the 
share of individual lending from 2008 to 2009 amongst MFIs that offered a mixture of 
both methodologies and then changed said mixture in 2009. Our results are consistent 
with a plausible Madajewicz explanation of the shift and indicate that larger MFIs are in 
fact able to make the shift with greater agility. 

Thus, we add to the literature on microfinance lending methodologies in three 
distinct and important ways. First, we fill in some gaps of knowledge as it relates to the 
organizational and environmental factors that are associated with current shares of 
individual lending. Second, we develop a much needed conceptual framework to address 
why an evolution away from joint liability optimizes borrower welfare.  We argue that 
eliminating joint liability grants an established group-client greater flexibility and larger 
loans, which in turn reduces the transaction costs associated with processing such loans 
for the MFI, thereby increasing the efficiency of the product in the long run. This 
conceptual framework not only explains the co-existence of both lending methodologies, 
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but from a policy standpoint, also implies that the impacts of credit on welfare are 
greatest when a borrower has access to both types of contract. Finally, we use recently 
available financial data to test, a) whether such an evolution has in fact occurred, 
b)whether our notions as to the cause of such a shift are in fact plausible, and c) which 
MFIs are best suited to make these shifts in lending methodology.  
  The rest of this thesis is organized as follows. Section 2 offers a literature review 
and background on lending methodologies. In section 3 we develop the conceptual 
framework discussed above and presents our derived hypotheses. Section 5 presents the 
data used to evaluate those hypotheses and section 6 presents the models we use to test 
our hypotheses and the results we find.  Section 7 concludes. In addition, an appendix 
provides a general case study of the global microfinance industry using the Microfinance 
Information Exchange’s (MIX) initial data set containing over 1,400 institutions 
reporting for 2009.  From this section one can garner a sense of the significant trends 
across organization type and region, the current market structure for the industry, and 
where the industry has a significant presence.  
 

 

2. Literature Review 
According to our sample, MFIs across the globe generally employ three different 

methodologies- group, individual, or both at the same time.3  We believe that many still 
find this a surprising result. Ask most people the meaning of microcredit or microfinance 
and you will likely receive an answer that begins to describe a group lending 
methodology.  The popularization of the mechanism both from a profitability standpoint 
and a social justice perspective inextricably linked the idea of microcredit with group 
lending, despite the fact that, today, group lending is just one element that makes 
microfinance different from conventional banking.  In this section, we review the 
literature on microfinance lending methodologies in hopes of, first, highlighting the 
qualitative differences between the methods, and secondly, discussing the limited 
literature regarding the merits of offering both methods simultaneously.  From this 
literature review we elaborate on our conceptual framework and hypotheses regarding 
how we think the industry operates.  
 
Lending Methodology Background: Group 
 

A large volume of literature in microfinance explores the mechanisms behind 
joint-liability contracts, particularly as they relates to mitigating information asymmetries 
and contract enforcement. Stiglitz (1990) developed one of the earliest theoretical models 
supporting joint-liability as a means to handle the risk of ex-ante moral hazard. He 
illustrates how group liability structure overcomes the need for due diligence (the 
monitoring of loan use to ensure productive use) since it creates incentive for group 

                                                        
3 Our definition of “microfinance institution” in this thesis is somewhat circular; an 
institution that describes itself as providing “microfinance” to the MIX.  Almost all of 
the institutions that report to the mix use the new methodologies discussed in this 
section that have been developed over the last 30 years. 
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members to monitor each other’s loans or else bear a greater risk of default.  Stiglitz 
admits that group liability may induce borrowers to take more risk, but ultimately argues 
that the gains from monitoring exceed the cost, leading to improved welfare for the client.  
Banerjee et al. (1994) even goes so far as to describe a model where higher monitoring 
results in higher borrower effort, and hence, higher probability of project success.   

In the case of strategic default, a client’s project succeeds, but the borrower 
refuses to repay or lies and says their project failed in order to avoid payment.  This ex-
post moral hazard is purportedly diminished by joint liability; however, findings are less 
harmonious and more diverse. Some argue that joint-liability actually increases the risk 
of strategic default, or ex-post moral hazard. Giné (2010) conducts a series of quasi-
experiments that find that increased social ties can in fact increase the potential for 
strategic default as a group.  This finding confirms those of Laffont and Rey (2003) who 
find that close ties and information sharing increase the scope for collusion against the 
lender.  In other words, groups formed from small village communities, or very close 
friends and family may encourage the group to band together against the lender in times 
of desperation.  

In addition to examining moral hazard, others explore models where group 
liability structure also mitigates adverse selection by acting as a screening device that 
induces “assortative matching.” Ghatak, (2000) predicts that borrowers with “safe” 
projects will partner with other safe borrowers, leaving risky borrowers to form groups 
with themselves in the case where borrowers have ex-ante information about other 
borrower types.  In the case where borrowers have no such information, Armendáriz and 
Gollier (2000) still predict an efficient outcome  through a so-called ‘collateral effect’ 
where subsidization across different borrower types in a group reduces interest rates 
charged on the loans by pooling the risk, thus enhancing efficiency and granting greater 
financial depth to the poor.  These theoretical models, in addition to others, have shown 
that the group liability mechanism may improve repayment rates through challenging the 
imperfections in formal credit markets with unconventional lending practices.   

Emblematic of what happens when theory meets practice, we see that the benefits 
of group lending are counterbalanced by costs both for borrower and MFI in the field.   
Much of the literature on group liability, Stiglitz included, admits that the assumptions of 
risk-neutrality and low monitoring costs are not easily relaxed in their models, but as a 
response they simply argue that the benefit to borrowers is greater than any such costs.  
As it relates to hidden costs for the borrower, this sense of tradeoffs carries through the 
work of Madajewicz (2004).  In a seminal theoretical analysis she argues that the costs of 
group lending grows as the scale of lending grows, since the financial implications of 
default rises with the size of the loan.  Since loan sizes are limited by what the group can 
jointly guarantee, clients with very successful projects, or those clients that simply 
outperform their peers in scale may find that the group contract constrains their growth. 
The implication from such a model is that wealthier clients tend to seek individual loans 
as they move forward.  Other hidden costs to borrowers might include the time it takes to 
attend group meetings, especially if houses are not close together.  Thus, when 
monitoring costs are high and borrowers are risk averse, Madajewicz finds that the 
benefits of group lending are less than the associated costs above a certain threshold of 
wealth. Thus, whether group liability both maximizes client welfare and repayment rate 
in the long run remains an open question in the microfinance literature.   



10 
 

 
Lending Methodology Background: Individual 

Literature on individual microcredit loans remains limited, as non-conventional 
practices continue to emerge and develop outside of group lending.  Large institutions in 
the industry have only recently transitioned to more individual liability loans 
(specifically, Grameen Bank in Bangladesh, BancoSol in Bolivia, and Banco ADEMI in 
Haiti) while others have been expanding rapidly, offering individual liability loans almost 
exclusively from the beginning of their microcredit operations (i.e. ASA in Bangladesh 
and Bank Rakyat Indonesia or BRI).  Most of these institutions use individualized 
liability while keeping the “group” intact.  Making individual loans within the context of 
a group of borrowers may help lenders reduce their transaction costs by consolidating and 
simplifying the logistics of loan disbursal and collection.   It is unclear whether or not 
meeting in a group maintains the effects of peer screening, monitoring, or enforcement, 
but many speculate that the reputational effects of public repayment may help prop up 
some of these collateral substitutes.  In his three year assessment of some of these 
institutions, (Churchill, 1999) provides perhaps the best overview of what individual 
lending at the “bottom of the pyramid” entails.  He describes a world of intense client 
focus, where “character” reports, household cash flows, and business inventory are 
recorded and analyzed for each client prior to loan approval.    

When collateral is required, microlenders offering individual liability will 
typically  take a non-traditional view. That is to say, the resale value of collateral for the 
MFI is far less important than the notional value of the asset to the client.  Typically, 
banks want collateral to be valuable enough so that it covers the cost of a problem loan.  
Individual microcredit lenders, on the other hand, view the most trivial collateral as 
valuable if the borrower believes the bank will be vigilant in enforcing collection.  In this 
way, the bank believes that it can reduce default rates and improve profitability.   
   
 
Literature Review: The optimality question 

 
Carpena, et. al (2010) present a good description of problems that arose in attributing the 
impacts of microfinance to particular lending mechanisms, particularly in early studies:  
 

“Identifying the impact of group liability on outcomes such as default rate is complicated 
by the standard problems of selection and omitted variables bias. Individuals with 
different financial habits might choose to take one form of contract but not the other. 
Alternatively, lenders with different levels of sophistication may attract different client 
mixes, and offer different contracts. One cannot simply compare clients across lending 
contracts, since self-selection or other aspects of the program may be the root cause of 
any observed differences.”4  

 
The omitted variable bias created by looking for optimal methodologies across 
institutions can be corrected with our panel data, however, dealing with the inherent 
selection bias looking across the methodologies themselves is much harder to correct.  As 
such, we agree with Morduch and Armendáriz (2010) who contend that the most 
conclusive evidence would be derived from well-designed and deliberate experiments in 
                                                        
4 Carpena, F., Cole, S. A., Shapiro, J., & Zia, B.  (2010, p. 3) 
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which loan contracts are varied but everything else is kept the same. However such 
opportunities rarely present themselves.  Empirical investigations on the effects of 
lending methodology on loan repayment have been severely constrained by a lack of 
accessible data from controlled experiments.   

Giné and Karlan (2009) and Carpena, et al (2010) are the two exceptions 
discussed previously. Despite the random control created in the study, the World Bank 
takes issue with some aspects of the Giné and Karlan paper.  They argue that since the 
Giné and Karlan study used existing group borrowers who convert to individual liability, 
it is quite possible that the social ties and repayment discipline instilled by group 
monitoring remained intact even with a shift to individual liability. Thus, they take issue 
with Giné and Karlan’s inability to measure, identify, or rule out the presence or 
importance of screening in their assessment of the new individual liability contracts, 
despite their random assignment.    

We would argue that a similar case of omitted measurment might be made against 
the World Bank study.  Churchill (1999) explains how deep loan officers must dive into 
the very character of their new applicants. “Loan officers who we interviewed identify 
the neighbor’s assessment of the applicant’s character as the most important means of 
predicting a new client’s repayment behavior…credit officers also check the stability of 
home life citing that troubled homes also become troubled borrowers” (Churchill,1999, 
56).  It is quite possible that the information on these borrowers was kept on hand when 
they were randomly allocated to the group loans.  The study does nothing to prevent, 
measure, or rule out the presence of these potential investments in their assessment of the 
new joint liability contract.  Here we see, yet again, the difficulty in empirically 
determining optimality.    

 
 

3. Conceptual Framework and Hypotheses 
  
Rather than empirically explore the optimality question, we present evidence of 

an industry evolution towards a more client-based approach to microfinance, 
characterized by increased flexibility. While increased flexibility may arise in a number 
of ways, e.g., increased variety of products, use of different lending practices etc., we 
focus specifically on lending methodology. In this section we develop the conceptual 
framework from which we predict the industry’s evolution away from exclusive joint-
liability to a blend of both lending methods.   However, we first fill in some empirical 
gaps of knowledge as it relates to the organizational and market factors that we see 
explaining the current distribution of individual lending.   
 
Part I: Socio-Economic, market, and organizational factors affecting the supply of 
individualized credit 
 
 
We first consider a simple difference of means test across lending methodologies to show 
that are significant differences, both cultural and financial associated with different 
methodologies. Refer to Table 2 in the appendix for overview of the significant 
differences across financial indicators.  Given the conflicting empirical studies we 
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discussed in the last section, and the differences highlighted in table 2 we believe that 
MFIs choose their optimal lending method based on the organizational constraints of 
their institution, the environment within which they operate, and on the prior loan 
experience.  Therefore, Hypothesis #1is that there are common organizational and 
environmental factors that explain the share of individual lending that an MFI decides to 
employ.   
 
Part II: Evidence of an Evolution 
 

The literature suggests that borrowers below a certain wealth threshold, who are 
also risk-neutral and have low monitoring costs benefit from group liability.    Assuming 
such an environment, where group liability is working well for a client and MFI, is there 
a more efficient outcome?  Rai and Sjöström (2004) contend that there is a better 
methodology, centered around a much more flexible contract, based on “cross-reporting.” 
Cross-reporting refers to the practice in which MFI and borrowers take active steps to 
gather information when crises emerge, rather than passively following the rules of a 
written joint-liability contract.  Cross-reports elicit truthful information about what has 
happened after default by referring to statements made by one borrower about another.  
This information is elicited by the microlender by soliciting reports from the problem 
borrower and her neighbors, showing leniency when all of the independent reports agree 
with each other that the problem borrower’s troubles were not self-imposed.  

 Their theory rests on the idea that punishments enforced on a group for a single 
person’s default are too harsh and cast away groups that have members who would 
otherwise have been successful on their own.  Their cross-reporting method, albeit not 
wholly individual, is certainly not focused on joint liability, and as such, is characterized 
as flexible.  What we conclude from this section is that joint-liability, unaltered and 
carried out as we see it on paper, creates inefficiencies for both borrower and MFI that 
can be eliminated with greater “flexibility” which we proxy for with a greater percentage 
of “non-joint liability” loans.   

Given our data constraints, it is difficult to proxy for the level of “client-focused” 
operations within an institution.  Instead, we assume that institutions that are more “client 
focused” also tend to offer greater amounts of flexibility in their loan contracts.  In the 
analysis we conduct below, we proxy for flexibility with the number of loans that we 
consider not joint-liability.  But is there perhaps an optimal middle ground, whereby, 
non-established clientele receive group loans until they increase their loan size to the 
point where they are better suited for a more flexible loan?     

As of yet, there is no popular consensus as to why institutions offering group 
loans might begin to offer more individual loans in hope of attaining an optimal blend. 
Vigenina (2005), Gwendolyn (2000), and Armendáriz (2000) all seem to imply that 
benefits do exist from offering both products, as evidenced circumstantially by the fact 
that many successful MFIs provide both products to serve slightly different markets. 
Armendáriz and Szafarz (2009) also explored the possibility of mission drift.  

  We believe that the benefits of such a business model represent a win-win of 
sorts.  The MFI gains “economies of scope” by being able to offer more services to loyal 
pre-vetted individuals that have developed through the group mechanism.   We believe 
that greater amounts of individual lending absorb the joint costs associates with offering 
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more client focused products such as savings and insurance. Under such conditions, 
clients also gain the ability to grow with the MFI. Using the group mechanism as a 
building block, the borrower has the potential to attain much deeper financial inclusion 
such as easy access to a secure credit line and these other financial products.   

However, we believe that MFIs cannot simply adjust instantaneously to an 
optimal blend of loan contracts.  We posit that there are both fixed and lumpy costs 
associated with moving towards greater amount of flexibility. That is to say, we believe 
that increasing the number of borrowers does not proportionally increase the costs 
associated with servicing the loans.  At the point where a loan officer exceeds the amount 
of borrowers that he or she can effectively oversee, an entire new loan officer needs to be 
trained, reflecting a large upfront cost to the MFI.  This cost is gradually reduced as the 
new loan officer increases the number of borrowers that she oversees and thereby reduces 
the operating expense of the bank.  Additionally, there are experts in the industry who 
have given us reason to believe that there might be difficulty in training one loan officer 
for different loan contracts.  Different loan contracts have very different monitoring 
needs, and origination standards that are often difficult to instill in the same loan officer 
(Mudd Interview, 2011).  Therefore Hypothesis #2  is in support of the plausibility of our 
conceptual framework.  We expect MFIs offering group loans typically move towards 
greater amounts of individual lending when their clients request larger loans, as opposed 
to seeking out wealthier clients with which to subsidize outreach to poorer and riskier 
clients.  As such, we expect to see zero relationship between growth in borrowers and a 
change in lending methodology. Moreover, we expect to see larger institutions moving 
towards individual lending, thereby making plausible our belief that larger institutions 
are better able to absorb the “lumpy” costs associated with greater amounts of 
individual lending. 
 
 

5.  Description of the Data  
  Our empirical model employs data from 448 institutions supplying data for the 
two consecutive years 2008 and 2009 as these were the most recent years for which data 
could be collected.  While a longer time horizon would be better, we were constrained by 
the fact that the data needed to collect our dependent variable was first collected in a 
large enough sample only in 2008.  We are able to exploit the large amount of 
information on individual MFI’s in the data set to control for organizational and 
performance variables, and thus we still expected to find some significant relationships.  
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5.1 Descriptive Statistics 
 
Dependent Variables 
  
IND_SHARE 
 
 There are several ways in which data collectors measure an institutions lending 
methodology.  In surveying the institutions for which we have data, the data collectors 
first simply asked the institutions to “check all that apply” with regard to lending 
methodology.  The options were “Individual,” “Solidarity groups,”  
“Individual/Solidarity groups (mixture),” and “Village Banks.”  In analyzing financial 
statements, data collectors then recorded when applicable, a) the number of borrowers b) 
the number of loans and c) the cash amount of loans as it related to each lending 
methodology.  The percentage of individual borrowers, percentage of individual loans, 
and percentage of gross loan portfolio was thereby calculated and made available.  For 
increased accuracy, we ran a consistency check between the online data provided by 
researchers and the self-reported methodology of the MFI wherever possible.   
 For the purpose of this study, we use the percentage of individual loans as a 
continuous measure of lending methodology since we believe this is the best measure of 
what is not joint-liability since it is the only category which does not imply an intrinsic 
relationship with a group. As we discussed above, we cannot make any honest 
assumptions as to exactly what an MFI means when they categorize their loans as 
individual, solidarity group, or village bank.  We have no information regarding whether 
or not they employ the use of collateral, whether or not they use the collateral substitutes 
discussed above, or with what degree of sophistication they provide the service.  We can 
absorb these omitted variables in some cases, but cannot in others, so we choose the share 
of individual lending as our dependent variable in order to make statements with regard 
to joint-liability.  

 
Ind_share is recorded for all 448 institutions with a mean of 62.3 % and a standard 
deviation of 41.8 %.  As seen in the figure above, roughly 13 % of MFIs in our sample 
offered individual loans exclusively in at least one year and approximately 4 % did the 
same for group loans.  Therefore almost 80 % of the MFIs in our sample offered a 
mixture of both individual and group in at least one year.    
 
SHAREDIFF 
 
 We generate our second dependent variable by subtracting the ind_share in 2009 
by the ind_share in 2008 to understand the change in lending methodology over the two 
years.  We plot the frequency distribution of this variable below in Firgure 2.  Of the 80% 
of MFIs that did offer a mixture of both lending methodologies in at least one of the 
years, we want to understand how this mixture changed over the course of two year 
period.  A positive SHAREDIFF implies a move towards a greater share of individual 
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lending, while a negative SHAREDIFF implies a move towards more group loans.   
SHAREDIFF is recorded for 266 institutions after filtering out those institutions that 
exhibited no change (SHARDIFF = 0 or 10% of sample) and those institutions that 
started with 100% individual lending.    
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Table 3: Summary Statistics 
Categories Variables Obs Mean Median Std. Dev. L25(%) U25(%) Description

mfi_age 896 16.47 15.00 9.63 11.00 19.50 Age of MFI (Years)
totalassets 896 67,500 10,000 221,000 3,126 41,800 Total Assets In thousands of US $
debt2equity 896 4.03 3.28 16.65 1.36 5.59 Debt to Equity Ratio
depo2lns 896 0.30 0.00 0.44 0.00 0.54 Deposit to Loan Ratio
d2eFP 896 1.98 0.00 8.24 0.00 2.48 Debt to Equity Ratio for for‐profit MFIs (Interact.)
dep2lnreg 896 0.20 0.00 0.41 0.00 0.21 Deposit to Loan Ratio for regulated MFIs (Interact)
ROA 896 1.53 1.99 7.59 0.26 4.58 Return on Assets (%)
OSS 896 116.92 112.05 58.06 101.75 125.44 Operational Self‐Sufficiency Ratio (%)
Real_port_yield 896 22.46 19.42 16.34 12.10 0.30 Real Yield on Portfolio  (%)
fin_exp 896 5.57 5.39 3.32 3.49 0.08 Financial Expense Ratio (%)
op_exp 896 23.42 17.43 20.54 11.62 0.28 Operating Expense Ratio (%)
Over30 896 7.13 4.35 8.97 1.96 0.08 Portfolio at risk over 30 days (%)
ForProfit 342 / 896 ‐ ‐ ‐ ‐ ‐ Dummy
BANK 77 / 896 ‐ ‐ ‐ ‐ ‐ Dummy
NGO 354 / 896 ‐ ‐ ‐ ‐ ‐ Dummy
NBFI 308 /896 ‐ ‐ ‐ ‐ ‐ Dummy (Non‐Bank Financial Institution)
start_ind_share 266 36.80 19.38 36.67 3.52 72.15 Initial mix of individual lending in '08 
growth_borr 266 12172 236 71944 ‐1277 4324 No. clients '09 ‐ No. cliets '08 for mixed method.
GNI_percap 896 3463 2530 3538 1180 4200 GNI per capita
woman_pc 896 69.30 69.60 25.28 48.88 96.79 Women clients (% of total)
micro_pc 896 85.89 99 24.36 78.00 100.00 Microenterprise clients (% of total)
indus_age 896 34.85 35.00 14.94 20.00 50.00 Age of oldest MFI in Country
urban_pc 896 54.83 60.30 19.26 46.84 66.24 Urban clients (% of total)
avg_pcind_ctry 896 63.05 68.40 24.37 49.27 81.11 Average share of individual lending  in country
Regulation 490 / 896 ‐ ‐ ‐ ‐ ‐ Dummy 1 = "Yes" 0 = "no"
avg_lnsize 896 59.98 31.86 91.20 15.26 67.42 Average Loan size / GNI per capita (%)

Regional Controls LAC 444 / 896 ‐ ‐ ‐ ‐ ‐ Dummy (Latin America & Caribbean)
SA 94 / 896 ‐ ‐ ‐ ‐ ‐ Dummy (South Asia)
EECA 164 / 896 ‐ ‐ ‐ ‐ ‐ Dummy (Eastern Europe and Central Asia)
AFRICA 116 / 896 ‐ ‐ ‐ ‐ ‐ Dummy (Middle East and Africa)
EAP 78 / 896 ‐ ‐ ‐ ‐ ‐ Dummy (East Asia and Pacific)

Organizational 

(Oi)

Market 

(Mj)



17 
 

 
Explanatory Variables 
 
In this study we consider the effects of a number of different organizational and 
environmental variables on the change in the share of individual lending as well as on 
current distribution of the share of individual lending.  Twenty of the variables describe 
organizational characteristics relating to firm operation and nine variables describe the 
market where firms operate. In addition, we construct five regional dummy variables. 
Summary statistics are provided in Table 3.  
 
MFI_AGE 
 
The variable MFI_AGE represent the number of years that an MFI has been in operation.   
When reporting their information, MFIs provided their start date and for the purpose of 
this study it was translated into the number of years they have been in operation. 
 
INDUS_AGE 
 
The variable INDUS_AGE represents the age of the oldest MFI in an observation’s 
country of operation.  We believe that if an evolution towards individual lending is taking 
place, then the amount of individual lending depends on the maturity of the market.  We 
believe this for two reasons.  Firstly, we note the Bolivian study carried out by Navajas 
(2003) in which he argues that individual lenders benefit from entering into mature 
markets with a high saturation of group lending.  His model incorporates the  potential for 
“cherry picking” successful clientele and offering them individual financing.   Secondly, 
we hypothesize that more mature markets do in fact create more wealth for their clients 
under group contracts and generate the need for more individual lending once a 
successful borrower’s wealth crosses a certain threshold.  
 
AVG_PCIND_CTRY 
 
The variable AVG_PCIND_CTRY represent the average share of individual lending that 
is taking place in the country based on methodology data from first subset of 
observations.   For reference, we compile data on this statistic in Table 1 of the 
Appendix. Similar to our predictions for INDUS_AGE, we believe that a market with a 
greater share of individual lending will increase the share of individual lending that an 
MFI chooses.  Given the options for greater flexibility elsewhere, we believe an MFI has 
to attract and keep clients by signaling greater flexibility.   Additionally, we think that a 
country’s culture may have an effect on the way it perceives group lending.  Therefore, 
we use this independent variable as a way to make fairer comparisons across countries.  
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TOTALASSETS 
 
The variable TOTALASSETS equals institution’s total liabilities minus owner’s equity. In 
other words, it represents all valuables, both tangible and intangible, that an MFI owns.  
It is reported by MFIs in absolute dollar terms but is translated to thousands of dollars for 
the purpose of this study. As Table 1 3 shows, the mean for TOTALASSETS is $67.5 
million with a standard deviation of $221 million.  This mean may seem astonishingly 
high for such typically small loans, but it represents that massive scale required to offer 
sustainable finance to the poor.  The very high standard deviation tells us that there exists 
a wide range of sizes amongst microfinance providers.   
 
DEBT2EQUITY 
 
The variable DEBT2EQUITY represents the relative proportion of debt and shareholders 
equity used to finance a company’s assets.  It is calculated by dividing an MFIs total 
liabilities by shareholder’s equity.  It is a financial indicator of the amount of risk that an 
MFI is willing to take on during its operations.   It is also an indicator of how willing 
lenders are to lend to an MFI.  A high debt to equity ratio indicates that a company is 
being very aggressive with its growth and may be exposed to higher risk of default on its 
contractual debt obligations due to unexpected losses in asset value or liquidity problems.  
 
According to experts who are close to the borrowing facilities of MFIs, many non-profits 
receive long term grants that typically get classified as subordinated debt on the balance 
sheet.  Even though these long term grants are labeled as debt, they act as endowments to 
fund day to day operations in reality and are never expected to be paid back.  To correct 
for this we also incorporate and interaction variable, D2EFP, between DEBT2EQUITY 
and our FORPROFIT dummy variable in order to  test whether debt to equity in for-profit 
MFIs has a differential effect on lending methodology depending on organization type. 
 
FIN_EXP 
  
The variable FIN_EXP captures the financial expense ratio, generated by dividing total 
financial expense by average total assets. It represents the relative cost-of-funds spent in 
order to collect the interest and fee income an MFI generates.  This would normally 
include interest on short-term loans, subordinated debt, interest expense paid to 
depositors, and income tax paid on the collection of interest and fees. In the case of 
microfinance, many firms received a subsidized cost of funds for which the publicly 
available data does not adjust.  We expect that MFIs typically pay less than market price 
for the loans they receive; therefore we use this variable as a relative control for different 
financial expenses facing firms, but do not have an a priori expected sign given current 
theory. 
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DEPO2LNS 
   
The variable DEPO2LNS is a measure of how much savings is mobilized  by the MFI in 
question.  We suspected that this variable would be closely related to FIN_EXP, but we 
observe a correlation of only .24 and only .35 when interacted with our regulation status 
dummy.  Given the low correlation we also included this variable in the regression.  We 
also expect a positive effect on the share of individual lending since we believe that the 
an MFI gains a greater ability to offer individual loans to successful clients that also save 
with the same institution.   
 
 
OP_EXP 
 
The variable OP_EXP captures the operating expense ratio, generated by taking the 
operating expenses and dividing by average gross loan portfolio.  Operating expenses 
include overhead costs, personnel expense, and depreciation expense.  The ratio 
represents the average transaction costs associated with servicing the loan portfolio.  This 
implies an important relationship between average loan size (a proxy for client wealth) 
and average transaction costs.   As the average loan size increases, average costs to the 
firm go down since servicing a $400 loan is clearly not twice as expensive as servicing a 
$200 loan.  We use this variable to control for different costs facing firms but do not have 
an a priori expected sign given current theory.  
 
OVER_30 
 
The variable OVER_30 capture the portfolio at risk (PAR) after 30 days ratio, generated 
by dividing the value of the PAR (after 30 days) by the gross loan portfolio. PAR is the 
value of all loans outstanding that have one or more installments of principal overdue 
more than a certain number of days.  This includes the entire unpaid principal balance, 
including both past-due and future installments, but not accrued interest, and ignores 
loans that have been restructured or rescheduled.   Take as an example a client who 
borrows $1000, to be repaid in ten monthly installments of $100 each.  The first four 
installments are paid on time, but the customer runs into trouble with the fifth installment 
and can’t make the payment. If the fifth installment remains unpaid 30 days later, the 
entire $600 unpaid balance is then classified as part of the institutions PAR.  In this way, 
OVER_30 represents a fairly conservative overestimate of the percentage of loans 
outstanding that are at substantial risk of default as signaled by difficulties that have 
already emerged. 
 
 
GNI_PERCAP 
 
The variable GNI_PERCAP represents the gross national income per capita of the 
country that the MFI operates in.  We suspect that different countries, with different 
levels of wealth will have different abilities to collect collateral and therefore will have 
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different tendencies towards joint-liability.  To control for this variation, we use 
GNI_PERCAP as an independent variable.  
   
 
WOMEN_PC 
 
The variable WOMEN_PC represents the percentage of women clients the institution 
serves.  The mean value of WOMEN_PC is 69 % and has a standard deviation of 25 %. 
Targeting women has typically been seen as a risk reducing measure for MFIs, but is also 
typically thought of asoften a social performance measure.   Although rigorous research 
has not been carried out with regard to the impact of microcredit on the empowerment of 
female clients, female clients in certain regions do report enjoying group meetings and 
view them as a critical component of their community (Morduch, 2010).    
  
MICRO_PC 
 
The variable MICRO_PC represents the percentage of loans that the MFI has intended for 
micro entrepreneurs as opposed to consumption loans. The mean value of MICRO_PC is 
86 % with a standard deviation of 24 %.  Microcredit is typically thought of providing 
loans exclusively to those microenterprises that lack the seed capital necessary to grow 
their business due to a lack of collateral.  We believe that we should see a negative 
relationship between this variable and a greater share of individual lending since joint-
liability loans are theoretically used for the poorest microenterprises. Here, we see 
another potential for measurement error as we cannot observe how a client actually uses 
the loan.     
  
 
INDUS_AGE 
 
The variable INDUS_AGE represents the age of the oldest MFI in the country of 
operation.  This data point was collected from our original sample of 1,902 MFIs that 
reported to the MIX in 2009. The mean of INDUS_AGE is 35 years with a standard 
deviation of 14 years.  As markets mature, we assume that more clients will have had 
exposure to the institution of microcredit and we use this variable to account for such 
long-run effects on lending methodology.  
 
 
URBAN_PC 
 
The variable URBAN_PC represents the percentage of urban clients that an MFI serves.  
Given the greater wealth and technology associated with urban centers, we expect that 
MFIs serving more urban clients will tend to serve more individual clients.  Since we 
view individual lending as a business associated with lumpy costs, we believe that more 
urban environments serve to reduce these costs by reducing the high transaction costs 
associated with more rural lending.  
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AVG_LNSIZE 
 
The variable AVG_LNSIZE represents the average loan size for a borrower within an 
MFI.  It is calculated by scaling the ratio of gross loan portfolio to number of active 
borrowers by the GNI per capita of the country.  By normalizing the variable by GNI per 
capita, we are left with a good measure of client wealth which we can compare across 
institutions.  
 
GROWTH_BORR 
 
The variable GROWTH_BORR represents the growth in borrowers during our sampling 
period.  It is calculated by subtracting the number of borrowers in 2009 from the number 
of borrowers in 2008.  A positive value indicates a growth in clients and a negative value 
indicates a decrease in clients.  
 
 
ROA and OSS 
 
The variable ROA represents return on assets for the MFI. It equals the percentage of 
every dollar invested that is returned in the form of profit. We use this as an independent 
variable to control for differing success across institutions in addition to OSS.  This 
variable is a measure of how operationally self-sufficiency of an MFI. It is calculated by 
dividing operating revenue (net of explicit subsidy) by financial expense, operating 
expense, and loan-loss provisions.   A value of 100 percent indicates full operational self-
sufficiency, while a value of under 100 indicates that the institution relies on outside 
funding to continue its current level of operation.   We expect a positive effect on the 
change in share of individual lending for both variables,  as we believe that only the most 
financially sound firms will be able to afford the costly change in structure.   
 
REAL_PORT_YIELD 
 
The variable REAL_PORT_YIELD represents the income, adjusted for inflation, from the 
loan portfolio.  It is calculated by dividing the adjusted cash financial revenue from the 
loan portfolio by the average gross loan portfolio.  Armendáriz and Morduch (2010) 
explain that this ratio is effectively the average real interest rate (including loan-realted 
fees, with weights given by the volume of loans at different prices.  We expect that a 
higher yields will explain higher shares of  individual lending as we believe that more 
successfully managed MFIs will be more in-tune to their clients requests for greater 
flexibility.  
 
We test for multicollinearity between our explanatory variables in Figure 3 below.   
Shockingly, we find that the only variables that have greater than a .50 correlation 
coefficient are GNI per capita and the percentage of urban borrowers that an MFI serves.  
Therefore, we decide to drop GNI per capita as it is likely captured in other variables.  
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Figure 3 

 
 
 
MFI Control Variables 
 
 Profit Status 
 
The variable FORPROFIT is used as a dummy variable that equals one if the institution 
is a for-profit MFI and zero if the institution is a non-profit MFI. MFIs provided this 
information in words and it has been translated into a dummy variable for the purpose of 
this study.  
 
 
 
Organization Type 
 
The variables BANK, NGO, and NBFI represent the organizational structures of Banks, 
non-governmental organizations, and non-bank financial institutions, respectively.  They 
are each dummy variables that equal one if the MFI is of that organization type and zero 
if it is not. We include them in the fixed effects regression, but not in the first OLS, as 
they were not significant and did not seem to have a dramatic effect on the model.  
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Regulation status 
 
The variable REGULATION is used as a dummy variable that equals one if the 
institution reports being regulated and zero if the institution reports being unregulated. 
MFIs provide a simple yes or no answer and we translated the words into a dummy 
variable for the purpose of this study.  
 
Region 
 
The variables SA, EECA, LAC, MEA, and EAP represent the geographical regions South 
Asia, Eastern Europe and Central Asia, Latin America and the Carribean, Middle East 
and Africa, and East Asia Pacific, respectively. They are each a dummy variable that is 
one if the MFI is based in the specific region and zero otherwise.  
 

5.2 Data Source and Quality 
Data on the microfinance industry is available from several sources, each with its 

own strengths and weaknesses. To date, the two largest dataset collectors of MFI 
information are the Microfinance Information Exchange (MIX) and the Microcredit 
Summit Campaign (MCSC).  Through its online MixMarket platform, the MIX collects 
an enormous array of data on MFIs, including financial and institutional data, 
supplemented by a limited amount of social data.  Basic financial measures, adjusted for 
donations, but unadjusted for inflation or implicit subsidy, are publicly available at 
<http://mixmarket.org>. The Mix also publishes The Microbanking Bulletin, which 
reports more detailed financial information, adjusted to improve comparability between 
institutions and reveal implicit subsidies.  On the social side, the MCSC is a high profile 
advocacy organization that collects a limited number of indicators on the largest number 
of microfinance institutions.  These indicators mostly represent summary information, the 
number of all borrowers, female borrowers, and the “poorest” borrowers.  These three 
sources of data form the backbone of most analyses of microfinance’s institutional 
landscape as they cover the vast majority of organizations of significant size that are 
commonly referred to as MFIs.   

It is important to remember that these databases are only a subset of poor people’s 
finances.   Gonzales and Rosenberg (2006) point out there are in fact thousands of other 
financial institutions that include some significant proportion of poor and low-income 
people among their clientele, including government agricultural banks, postal and other 
saving banks, saving and loan cooperatives, and rural banks.   Data available from the 
three sources above capture only a small fraction of these institutions.   These databases 
contain relatively little information about institutions that offer savings or insurance or 
about such services within participating institutions.  Furthermore Bauchet and Morduch 
(2009) argue that neither dataset provides a comprehensive view of the state of 
microfinance when analyzed in isolation. When exploring the MIX and MSCS data in 
conjunction, patterns emerge regarding institutions who systematically do not report at 
all, who report to only one database, and who report some indicators, but not others. 
These patterns introduce biases in the analysis that are important to note since data is not 
missing at random.  Their most significant conclusions are that the MIX tends to be 
biased towards institutions in search of funding and focused disproportionally on Latin 
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America, while the MCSC tends to be biased towards institutions that maximize client 
welfare and focused heavily on South Asia.  

For the analysis in this paper, we filter three subsets from the larger, unadjusted 
data available for the 1,900 MFIs for which the MIX has data.  Unless otherwise noted, 
analysis carried out in section 2 uses data from the first subset of 1,080 MFIs that 
reported data to the MIX for the two years 2008-2009.  Of these MFIs, we use a smaller 
subset of 871 that report how many loans in their portfolio went towards “individual” 
loans vs. “solidarity groups” loans to carry out the analysis in section 2.1. Finally, after 
filtering out missing values, we were left with data on 454 MFIs that break out lending 
methodology as a percentage of total loans and have reported data to the MIX for both 
years 2008 and 2009.  We see no reason to believe that there might be systematic 
differences between those reporting methodology and those who do not, as the MIX 
informed us that collection efforts were started randomly in 2007. For this reason we 
chose not to weight our data according to the probability of it being missing.   

A critical strength of our dataset is its combination with the MIX directory, 
released in December of 2010 which has detailed information on MFI’s profit status, 
organizational type, regulation status, age, and location.  This allows us greater 
comparability across institutions and reduces any potential omitted variable bias. 

 Disadvantages of our sample are that participation in the database is voluntary 
(The unit division of the Bank Rakyat of Indonesia, a large and important MFI in 
Indonesia for example, chose not to participate during our sample period.) In addition to 
not including all MFIs, our sample is likely skewed toward institutions that have stressed 
financial objectives, since the MIX collects data for institutions that are in search of 
funding.    

Additionally, we were not able to collect some desired characteristics regarding 
different borrower type and different lending techniques.  Without information on the 
income distribution of borrowers we were unable to accurately test for mission drift.  We 
are also not pleased with how the MIX classifies lending methodology.  The term 
“methodology” encompasses a host of activities involved in microcredit, including client 
selection and screening, the application and approval loan process, product design, 
repayment monitoring, collateral convention, and delinquency management.   It also 
includes the institutional structure and human resource policies such as training and 
compensating staff (Churchill, 1990).   It is therefore very difficult to rigorously classify 
lending methodology into mutually exclusive categories, as there may be some overlap in 
the organizational characteristics described above.  We believe that a shift towards a 
blend of methods increases flexibility, but because flexibility is unobservable with this 
data, it may be the case that MFIs engaging in joint-liability could be incorporating more 
“client focused” products that we cannot observe.  
 Nonetheless, our first subset of 1,080 institutions represents 47% of the MCSC’s 
190 million customers, and the data favors institutions that well positioned to meet the 
promise of microfinance, which is both to serve the poor effectively and create 
sustainable financial institutions.  Thus we do feel that this data set is generally 
representative of a typical, self-described, MFI.  This is likely the first effort to use 
complete MIX data for 2009, since most established academics and experts prefer to 
work with the adjusted and detailed data available from the Microbanking Bulletin.  As 
of the writing of this paper, negotiations regarding the price of the adjusted database were 
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still taking place according to MIX market representatives; therefore the limits of our 
dataset cannot be fully addressed until others begin exploring 2009 data.   
  

6. Models and Results 
 
Part I 
 
As discussed in the conceptual framework, we believe that MFIs choose their optimal 
lending method based on the organizational constraints of their institution, the 
environment within which they operate, and on the prior loan experience of their clients.  
We are therefore interested in determining whether or not there exist significant cultural 
and environmental explanations for the share of individual lending that takes place within 
an MFI. Hypothesis #1is that there are common organizational and environmental 
factors that explain the share of individual lending that an MFI decides to employ. Based 
on our conceptual framework, we believe that the MFIs showing the most” flexibility” 
(or higher shares of individual lending) will also tend to be those that are older, larger, 
and better able to manage costs.  
 
 
Methodology 
 
Our initial empirical work focuses not on the change in the share of individual lending 
but on the determinants of the share itself. We analyze what organizational and market 
characteristics affect the supply of non-joint liability loans being offered by an MFI.    
We use an OLS model of the following form: 
 

IND_SHARE = α + β1(oi) +β2(Mj) + β3(Ck) +ε 
 
As organizational variables, we consider total assets, deposit to loan ratios, age, debt to 
equity ratio, financial expense, and operational expense, operational self-sufficiency, and 
real portfolio yield.  As market variables, we explore the effects of the percentage of 
women clients, the percentage of microenterprise loans, the average share of individual 
lending already present, the age of the industry, and the average loan size of borrowers.  
We use all of our control variables, with the exception of organization type, as they did 
not appear to be significantly different from one another.    
 This model suffers from serious reverse causality between the independent 
variables in question and the share of individual lending takes place.  That is to say, some 
might suggests that changes in the share of individual lending may be the cause for shifts 
in our independent variables as MFIs target different markets and change their 
organizational and environmental structure in order to engage in more individual lending.  
We do not agree with this view, but given that we lack of an instrumental variable with 
which to confirm our worldview, we concede that our model is very much flawed. Table 
A1 presents our preliminary results. 
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Table A1   Ordinary Least-Squares Regression Results 
Share of Individual Lending   

totalassets 1.88E-08*** 
(4.36E-09) 

 

depo2lns 19.091*** 
(3.70) 

 

women_pc -79.057*** 
(5.253) 

 

micro_pc -45.689 
(5.38) 

 

avg_pcind_ctry .675*** 
(.058) 

 

urban_pc 15.044** 
(6.953) 

 

mfi_age 0.155** 
.109 

 

indus_age 0.119* 
(.107) 

 

debt2equity -0.064 
(.084) 

 

d2eFP 0.158 
(.146) 

 

avg_lnsize 7.211*** 
(1.634) 

 

OSS 5.309** 
(2.223) 

 

fin_exp 55.817 
(29.900) 

 

op_exp -31.59761* 
(9.314) 

 

real_port_yield 15.25478* 
(9.394) 

 

dep2lnreg -5.745 
(6.563) 

 

Regulation 6.952424** 
(3.416) 

 

ForProfit 2.27481 
(3.14) 

 

LAC 14.583*** 
(5.065) 

 

SA -9.88 
(8.33) 

 

EEAC -16.420*** 
(3.60) 

 

AFRICA 42.473** 
(20.164) 

 

Observations 896  
R-squared 0.35  

Standard Error reported in 
Parentheses 

  

*Significant at the 10%, 
**Significant at the 5%, 
***Significant at the 1%  

  

  
 

 



27 
 

As expected, we see a positive and significant effect from larger total assets, 
deposit to loan ratios, average loan size, and urban operations, as we expected that all 
these variables help to manage the costs associated with individual lending.   Somewhat 
expectedly, we see a negative effect on lending methodology from a greater share of 
female clients and more microenterprise loans, both of which are commonly associated 
with group loans.    We also see a negative effect of higher operating costs.   This is 

almost certainly the result of some reverse causality, since we do expect larger loans to 
reduce the transaction costs associated with servicing the loans.   However, it may be that 
there are higher operating costs to group lending, outside of finance, which add to these 
costs.  Finally, we see strong positive effects from older MFIs.  These findings confirm 
the plausibility of our hypothesis that the strongest MFIs are evolving towards more 
flexible lending as they mature and begin to listen more to the needs of their clients.   

What we can say definitely is that there are common organizational and 
environmental factors that affect a MFIs decision to invest in individual lending.  
Microlenders all around the world are interested in developing a frame work to figure out 
what lending method will work better in their context. Yet, the empirical literature 
provides little guidance for microfinance practitioners, since few empirical studies have 
examined how these lending methods relate to organizational and environmental 
variables.   

In addition to suffering from reverse causality, this first model also suffers from 
omitted variable bias.  Our inability to control for omitted variables that we cannot 
measure due to individual heterogeneity makes our result even less accurate.  To more 
accurately test for the variables we think have an effect on the share of individual 
lending, we take advantage of our panel data, and use a fixed effects regression in order 
to account for individual heterogeneity across MFIs.  To that end, we ran the same 
regression as before using fixed effects and then ran it again, using only our significant 
variables. Results are reported in Table B1. 

 
 
 

 
 

 

Table B1   Significant Explanatory Variables
Share of 
Individual 
Lending

MFI fixed 
effects

Number of obs      =       896

avg_lnsize
6.21**
(2.567)

Group variable: MFI                        

debt2equity
      0.170***

(.036)
Number of groups   =       448

d2eFP
0.155
(.069)

Prob > F           =    0.0000

urban_pc
5.263*
(2.68)
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Our findings indicate that a unit increase in average loan size increases the 
amount of individual lending by 7.3%.  Surprisingly, we also find that a unit increase in 
an MFIs debt to equity ratio increases the share of individual lending by 2 %.  We guess 
that MFIs are perhaps also influenced by those from whom they receive funding.  It 
might be that MFIs lenders are better equipped to understand non-joint liability loans and 
therefore feel more comfortable lending to MFIs that choose to incorporate less joint 
liability in their portfolios, however, more research would need to be carried out 
regarding this finding.   Finally, we observe that at the 95 % level, a unit increase in the 
percentage of urban borrowers increases the amount of individual lending 20%.   
 
 
Part II 
 

The findings above do not confirm or deny our second hypothesis that firms offer 
progressively more flexible loans to successful group clients for we cannot be sure that 
MFIs in our sample did not simply lend different, and wealthier, markets.  In other words, 
MFIs may very well have engaged in “mission drift”.   In our last regression, we test the 
overall plausibility of our second hypotheses while simultaneously testing our third.  
Recall our second dependent variable SHAREDIFF.  This variable represents the change 
in lending methodology that took place within an MFI over our two year sampling 
period.  We want to garner a sense of the organizational and environmental factors in the 
previous year 2008, that might have effected any change in lending methodology.   As 
part of this regression, we also consider another variable GROWTH_Borr. Recall that 
this variable represents the change in number of borrowers that took place over the two 
years.  If we see that this variable has a significant effect on SHAREDIFF then our 
hypothesis is no longer plausible, as a loss or gain in borrowers might explain the amount 
of non-joint liability that has taken place within an institution.  

It is important to note that this model is also flawed.  As we do not have 
information on the income distribution of an MFI’s clientele, we really cannot say for 
certain that previous clients who have gained wealth are demanding more individual 
loans. We simply believe it unlikely that a non-growing MFI offering group loans would 
suddenly shift towards higher income borrowers in a single period, however, we really do 
not know.   

Thus, our Hypothesis #2 is in support of the plausibility of our conceptual 
framework.  We expect MFIs offering group loans typically move towards greater 
amounts of individual lending when their clients request larger loans, as opposed to 
seeking out wealthier clients with which to subsidize their outreach efforts.  As such, we 
expect to see zero relationship between growth in borrowers and a change in lending 
methodology. Moreover, we expect to see larger institutions moving towards individual 
lending, due to our belief that larger institutions are better able to absorb the “lumpy” 
costs associated with greater amounts of individual lending. Finally, we expect that that 
higher initial share of individual lending in 2008 pushes an MFI back towards group 
lending in 2009 as they adjust towards their optimal blend of flexibility.  
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Table B2  Ordinary Least‐Squares Regression of group lenders 
who altered their mix of individual loans

SHAREDIFF if Year = 2008 & start_ind_share is not 100% & Sharediff is not 0

start_ind_share
‐.196**
(.034)

totalasset
    (2.78E08)***
(8.44E‐09)

growth_Borr
‐.000029
(.000016)

depo2lns
‐2.09183
(3.75)

women_pc
5.057
(3.57)

micro_pc
‐36.689
(15.68)

avg_ind_ctry
.378
(.098)

urban_pc
5.04274
(9.913)

mfi_age
0.096
.149

indus_age
‐0.068
(.093)

debt2equity
‐0.091
(.154)

d2eFP
0.459
(.345)

avg_lnsize
0.381
(2.29)

OSS
‐2.74
(2.203)

fin_exp
‐32.848
(40.18)

op_exp
‐8.840
(13.704)

gni_percap
0.0005619
(.00050)

real_port_yield
‐3.25

(13.866)

dep2lnreg
‐5.745
(7.589)

Regulation
8.242
(5.416)

ForProfit
1.44
(2.86)

Constant (α)
52.8465**
(8.6235)

Observations 266

R‐squared 0.36

Standard Error reported in Parentheses
*Significant at the 10%, **Significant at the 5%, ***Significant at the 1% 



30 
 

The results of this regression regression are consistent with our second hypothesis. As 
seen by the insignificant relationship between GROW_borr and SHAREDIF, we can 
conclude that our hypotheses regarding the effect of increased loan size on individual 
lending is plausible.  In other words, it is possible that MFIs are increasing their 
individual lending to accommodate their more successful clients that no longer see the 
benefit of joint-liability.  Our results, albeit not conclusive, certainly point to the need for 
further research of the topic.  
 These results also support our theory regarding the fixed and lumpy costs 
associated with greater individual lending, since we see that MFIs with larger assets have 
a positive effect on the shift towards more individual lending. We suspect that these 
larger MFIs have the economies of scale needed to both cover these upfront cost as well 
most effectively absorb the joint costs associated with more flexible microfinance.  
Finally, we also see that as MFIs offer a greater share of individual loans in 2008, they 
tend to revert back to more group lending in 2009, which suggests that group lending is 
not without purpose and, in fact, may still be necessary to maximize financial access to 
the poor in certain regions.  It would obviously have been preferable to examine these 
changes over a greater time period, but in our sample, we certainly have reason to believe 
that are conceptual framework has merit.  
 

7. Conclusion and Further Research 
 
 Microfinance certainly finds itself at a cross roads. On the one hand, the 
innovation has reached over 190 million borrowers worldwide, and is growing at a 40 
percent cumulative average growth rate (Carpena et. Al 2010).   Recent initial public 
offerings (IPOs) which valued the Mexican microfinance institution Compartamos at $2 
billion, and SKS in India at $1.5 billion, have attracted the attention of global financial 
markets. Yet, there have also been spectacular failures, and it has many wondering about 
to the efficacy of the industry and whether or not it actually helps the poor.  Credit crisis 
in Nicaragua and regions of India and Bangladesh are cementing these fears as media 
outlets and other are beginning to question the moral implications of these failures and 
successes. 
 This thesis does not seek an answer or solution to the schisms that arise when 
providing credit to the poor, but rather, adds to the conversation by using data to explain 
one worldview. We show evidence of a significant trend amongst MFIs towards a blend 
of lending methodologies and we see evidence that suggests that MFIs might be moving 
in a direction characterized by greater client focus and flexibility.  We believe this blend 
affords greater welfare to the client in the long run in addition to greater benefit for the 
MFI, as both parties gain from the increased financial depth of the client.   Ultimately, we 
see an optimistic outlook for the industry and expect that larger institutions will begin to 
play a much larger role in expanding financial access to the poor.  
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Table 1   Distribution of assets, loans, and lending methodologies of microfinance instituions reporting to the MIX by region in 2009

Region Asset Distribution Loan Distribution Methodology Distribution (%  of lenders)

Amounts in Millions of Dollars

Amount  World Market 
Share (%)

Amount  World Market 
Share (%) Individual  Group  Both

Latin America and The Caribbean 242,537 43.26% 193,010 39.67% 37.86% 5.83% 56.31%

Peru 65,331 11.65% 53,241 10.94% 56.14% 3.51% 40.35%

Colombia 52,064 9.29% 39,363 8.09% 42.86% 3.57% 53.57%

Mexico 33,029 5.89% 26,603 5.47% 0.00% 22.58% 77.42%

Bolivia 25,813 4.60% 18,543 3.81% 39.13% 0.00% 60.87%

Chile 12,264 2.19% 12,885 2.65% 66.67% 0.00% 33.33%

Ecuador 15,949 2.84% 12,383 2.55% 41.86% 6.98% 51.16%

Brazil 11,206 2.00% 9,345 1.92% 39.13% 4.35% 56.52%

Paraguay 6,860 1.22% 5,168 1.06% 50.00% 0.00% 50.00%

Other 20,020 3.57% 15,479 3.18% 32.81% 4.09% 63.10%

East Asia and the Pacific 65,159 11.62% 113,394 23.31% 28.57% 20.41% 51.02%

Indonesia 2,692* 0.48%* 59,255 12.18% 43.75% 12.50% 43.75%

Thailand 40,731 7.26% 39,718 8.16% ‐ ‐ ‐

Vietnam 12,596 2.25% 8,287 1.70% 9.09% 63.64% 27.27%

Papua New Guinea 7,338 1.31% 4,782 0.98% 100.00% 0.00% 0.00%

Other 1,803 0.32% 1,351 0.28% 10.43% 23.13% 66.45%

South Asia 92,814 16.55% 72,723 14.95% 11.85% 37.78% 50.37%

India 49,766 8.88% 45,204 9.29% 9.23% 40.00% 50.77%

Bangladesh 34,555 6.16% 22,668 4.66% 25.00% 25.00% 50.00%

Other 8,493 1.51% 4,852 1.00% 12.22% 37.44% 50.34%
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Eastern Europe and Central Asia 97,629 17.41% 68,247 14.03% 48.21% 4.76% 47.02%

Kosovo 11,999 2.14% 8,038 1.65% 50.00% 0.00% 50.00%

Bosnia and Herzegovina 9,486 1.69% 7,759 1.59% 41.67% 0.00% 58.33%

Azerbaijan 9,193 1.64% 7,364 1.51% 35.71% 7.14% 57.14%

Serbia 11,522 2.06% 7,219 1.48% 100.00% 0.00% 0.00%

Bulgaria 8,091 1.44% 6,394 1.31% 40.00% 5.00% 55.00%

Mongolia 9,828 1.75% 5,536 1.14% 50.00% 0.00% 50.00%

Other 37,511 6.69% 25,936 5.33% 56.43% 3.57% 40.00%

Africa 46,145 8.23% 27,664 5.69% 5.26% 13.16% 81.58%

Kenya 16,714 2.98% 10,982 2.26% 0.00% 20.00% 80.00%

Senegal 5,261 0.94% 2,926 0.60% 0.00% 12.50% 87.50%

Cameroon 4,185 0.75% 2,140 0.44% 0.00% 0.00% 100.00%

Ethiopia 2,945 0.53% 2,126 0.44% 0.00% 33.33% 66.67%

Other 17,040 3.04% 9,489 1.95% 12.92% 13.30% 73.78%

Middle East and North Africa 16,402 2.93% 11,504 2.36% 17.02% 8.51% 74.47%

Morocco 7,566 1.35% 5,885 1.21% 0.00% 0.00% 100.00%

Egypt 3,586 0.64% 2,169 0.45% 15.38% 15.38% 69.23%

Other 5,251 0.94% 3,451 0.71% 20.83% 8.33% 70.83%

Total 560,686 100.00% 486,542 100.00% 29.39% 13.32% 57.29%

*Note: Bank Rakyat Indonesia (BRI), the country's largest provider, only reports its microfinance division's GLP to the MIX.  

Indonesia's substantialy lower market share of assets is due entirely to this missing data from BRI. 
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Table 2    
Significant comparisons by lending methodology*    
Number of Observations    
 Individual, 608    
 Solidarity, 269    
 Mixed, 856    
 Statistics "-1 

StrdDev 
Average "+ 1 

StDev  
Average loan size/ GNI per capita (%)    
 Individual -39.8% 76.5% 192.7%
 Solidarity -107.1% 38.3% 183.7%
 Mixed -50.2% 55.3% 160.8%
Urban Borrowers (%)    
 Individual 44.0% 61.2% 78.3%
 Solidarity 20.2% 39.7% 59.2%
 Mixed 29.1% 50.0% 70.9%
Percentage of loans dedicated to Microenterprise    
 Individual 44.6% 74.4% 104.1%
 Solidarity 80.3% 94.2% 108.2%
 Mixed 68.6% 88.9% 109.3%
Percentage Female    
 Individual 37.2% 62.9% 88.6%
 Solidarity 62.1% 85.1% 108.1%
 Mixed 45.2% 69.6% 94.0%
Yield on gross portfolio (real)     
 Individual 9.99% 22.03% 34.08%
 Solidarity 4.62% 23.28% 41.95%
 Mixed 11.32% 27.03% 42.73%
Operational self sufficiency    
 Individual 66% 116% 166%
 Solidarity 68% 110% 152%
 Mixed 76% 109% 141%
Return on assets     
 Individual -5.69% 1.20% 8.09%
 Solidarity -14.49% -1.23% 12.04%
 Mixed -10.04% -0.26% 9.52%
 Cost per borrower    
 Individual -153.52 334.66 822.84
 Solidarity -69.15 79.47 228.10
 Mixed -77.68 180.16 438.00
 Borrowers per staff member    
 Individual 28 101 174
 Solidarity 52 178 303
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 Mixed 17 131 245
 Operating Expense / Average Gross Loan Portfolio ratio    
 Individual 3.54% 18.60% 33.67%
 Solidarity -2.69% 28.73% 60.15%
 Mixed 6.36% 27.89% 49.42%
 Personnel Expense / Average Gross Loan Portfolio ratio    
 Individual 1.87% 9.83% 17.80%
 Solidarity -3.13% 16.67% 36.48%
 Mixed 2.99% 15.62% 28.26%
 Deposits to loan ratio     
 Individual -7.19% 47.55% 102.30%
 Solidarity -17.73% 27.39% 72.50%
 Mixed -21.91% 31.75% 85.42%
*Source: Author's analysis of 1,080 MFIs reporting to the MIX in 2008 
2009.   The skewness of the distribution leads to the negative values in 
some indicators.  Every difference between the averages of indicators is 
significant at the 95% level.  

    

 
Outreach 
 
Geographic distribution 

According to the 2011 State of Microcredit Summit Campaign Report (MCSC), 
3,589 verified MFIs have officially reached 190,135,080 clients in 2009.  The 
Microfinance Information Exchange (MIX) directory has 1,902 institutions listed in its 
global directory.  Of those in the directory, the MIX collected financial statements for 
1,124 in 2009, accounting for. In table 2 of Appendix A, we present the distribution of 
the 1,902 MIX-listed MFIs by organizational type and by country for the financial year of 
2009.  

Using the same data we compute the distribution of MFI assets by region in Table 
1 of Appendix A. The last three columns of the table present a by-country distribution of 
the percentage of lenders that exhibited individual lending, group lending, or a mixture of 
both.    The table shows that microcredit loans in our sample are concentrated in East 
Asia and the Pacific and Latin America.  Indonesia alone represents 12.18% of the global 
market, followed by Peru, India, Columbia, and Bangladesh.   Across all six major 
regions, the 57% of MFIs were offering a mixture of both group loans and individual 
loans.  Latin America, Eastern Europe, and the Middle East have a greater percentage of 
individual loans on average, while Africa, South Asia, and East Asia and the pacific tend 
to focus more on group loans.  In our global sample of MFIs, total loans represent 87 per 
cent of total assets.   

Measured by number of borrowers, as seen in Figure 3 in appendix A, microcredit 
is dominated by Asia, which accounts for approximately 7 out of every 10 borrowers in 
our sample.  Much of this dominance is a function of Asia’s higher population.  When 
measured on a per capita basis, South Asia still has over twice as much microcredit as 
every other region, except Latin America.  Both Latin America and South Asia share 
relatively large penetration rates of 2.3% and 2.8% respectively, as seen in figure4. 
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However, Latin America and the Caribbean still held 40% of the loan portfolios, as seen 
in figure 5.  

 
Organizational Distribution 
 
 Some observers think of microfinance as being dominated by non-governmental 
organizations(NGOs), but these MFIs account for less than a third of total borrowers in 
our global sample.   The vast majority of the clients in our global sample are served by 
Non-bank financial institutions and banks (both private and state), as can be seen in 
figure 1 below. Less than 5 percent of clients are served by formal rural banks or formal 
credit unions. 
 
 
Figure 1 Distribution of microfinance clients by institutional type 

 
Figure 2 illustrates the distribution of MFI assets (in USD) by organizational type 

for 2008 and 2009. It shows that the relative size of assets owned by banks grew 
significantly from 15 per cent to 48 per cent in 2009.  During the same period, Rural 
Banks lost asset share in the MIX sample, shrinking from 6 per cent to 1 per cent. The 
asset share of non-governmental organizations (NGOs) dropped significantly over this 
period from 40 per cent to 13 percent in 2009. Whereas, the asset share of non-banking 
financial institutions (NBFIs) and   Credit Unions/ Coopertaives remained relatively 
unchanged with a 4 per cent decrease and 3 per cent increase respectively.   
 
 
 
Figure 2. 
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Source: Author’s analysis of MIX data 
 
 
 
Growth & Penetration 
 
According to Gonzalez and Rosenberg (2006), the number of clients at year end grew an 
average of 12 per cent per year over the period from 1998 to 2004, with no year reaching 
less than 8 per cent growth year on year. Over our two year period, this market growth 
was closer to 2.2 per cent5.   The apparent slowing of microcredit growth in this two year 
period should not be taken to suggest that the market in the developing and transitioning 
world is reaching saturation.  Penetration rates, as measured by percentage of total 
population who have microloans in our sample are still very low, ranging from 0.3 per 
cent in Eastern Europe and Central Asia up to 2.5 percent in South Asia6  There are still 
millions of potential clients not being served. That said, regional averages may mask a 
wider variation among individual countries, ranging from almost zero percent of the 
population with microloans in Russia to 18 per cent in Bangladesh where some fear that 
the market may be moving to a point of saturation.   We actually observe the highest 
percentages in Mongolia, Bangladesh, Armenia, Kosovo, and Vietnam, as seen in Figure 
3 below.    
 
 
Figure 3 

                                                        
5 Let it be noted that data on the total number of active borrowers over 2 years was 
limited to 876 institutions from our original 1,400 reporting for 2009   
6 Potential micro‐borrowers would represent a more meaningful denominator for 
the penetration rate than  total population, however, total population is used 
instead because data for the percentage of the poorest population is inconsistently 
applied in too many countries of our sample.  
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Concentration 
 
 Microfinance, like many other industries, tends to be concentrated in our sample. 
The median share of the largest MFI in a  country is 44 per cent of the entire country 
market.  The median share is 83 per cent for the top three MFIs, and 96 per cent for the 
top five, as seen in figure 4 below.  A similar concentration is seen when observing the 
worldwide market, where 7 per cent of the MFIs in our sample account for 75 per cent of 
the borrowers, as seen in figure 5.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4 
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Figure 5 
 

 
 
 
 
 
 
 
 
 
 
 
Figure 6 
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Figure 7 

 
 
 
 
 
 
 
Figure 8 
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Regional Analysis          
 Distibution of microfinance institutions by country (Based on all MFIs that have    
 submitted financial data to the MIX in 2009)       

Region and Country Instituional type 

    Bank CU/Coop NBFI NGO 
Rural 
Bank Other 

Non-
Profit Profit Total Number 

Africa          
 Angola 1  1     2 2 
 Benin  6 1 12   18 1 19 
 Burkina Faso  6 2 3   9 2 11 
 Burundi  3 2 1   4 2 6 
 Cameroon  11 9 3   14 9 23 
 Central African Republic 1     1  1 
 Chad  1 1 1   2 1 3 
 Congo, Dem. Rep.  2 15 5 4  1 20 6 27 
 Congo, Rep.  2 1 1   3 1 4 
 Ivory Coast  12 1    12 1 13 
 Ethiopia   22    3 19 22 
 Gabon   2     2 2 
 Gambia, The   2     2 2 
 Ghana 2  8 17 20  18 29 47 
 Guinea 1 3 3 1   4 4 8 
 Guinea-Bissau  4     4  4 
 Kenya 4 2 12 11   15 14 29 
 Liberia    2   2  2 
 Madagascar 1 8 4   1 8 5 14 
 Malawi 1 1 2 5   7 2 9 
 Mali  10 1 8   18 1 19 
 Mozambique 3  1 6   6 4 10 
 Namibia    2   2  2 
 Niger  6 1    6 1 7 
 Nigeria 9  6 5   5 15 20 
 Rwanda  2 5    3 4 7 
 Senegal  19 1 1   20 1 21 
 Sierra Leone 2  2 5 2  5 6 11 
 South Africa 2  2 10   10 4 14 
 Swaziland   1 1   1 1 2 
 Tanzania 2  3 7 1  9 4 13 
 Togo  8  6   14  14 
 Uganda 2 9 11 5  1 14 13 28 
 Zambia   4 3   3 4 7 
 Zimbabwe   2 1  1 1 2 4 
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 Subtotal  32 129 118 121 23 4 261 162 427 
East Asia and the Pacific          
 Cambodia 1  14 2    17 17 
 China 4  6 12   10 12 22 
 East Timor   1 2   2 1 3 
 Indonesia 2 7  7 43  21 38 59 
 Laos 1  2   1  3 4 
 Malaysia    1   1  1 
 Myanmar (Burma)    1   1  1 
 Papua New Guinea   1  1   2 2 
 Philippines 4 11  30 65  43 67 110 
 Samoa    1   1  1 
 Thailand   1 3   3 1 4 
 Tonga    1    1 1 
 Vanuatu 1       1 1 
 Vietnam 1  1 16  2 19  20 

 Subtotal  14 18 26 76 109 3 101 143 246 
Eastern Europe and Central Asia         
 Albania 1 1 4 1   3 4 7 
 Armenia 4  7 2   3 10 13 
 Azerbaijan 6 3 17    11 15 26 
 Bosnia and Herzegovina 2  13    11 4 15 
 Bulgaria 1 20 3    22 2 24 
 Croatia  2     2  2 
 Georgia 2  12 2   7 9 16 
 Hungary   1     1 1 
 Kazakhstan   32 1   2 31 33 
 Kosovo 1  4 7   9 3 12 
 Kyrgyzstan 3 20 16 1   25 15 40 
 Macedonia 1 2  1   3 1 4 
 Moldova 1  4     5 5 
 Mongolia 2 1 4    2 5 7 
 Montenegro 1  2     3 3 
 Poland   2 1   2 1 3 
 Romania 1  5 1   2 5 7 
 Russia 2 82 10 7   94 7 101 
 Serbia 2  1 1   1 3 4 
 Slovakia    1   1  1 
 Tajikistan 4  36 2  1 18 25 43 
 Turkey    2   2  2 
 Ukraine 1 1 1    2 1 3 
 Uzbekistan 1 7 16 7   14 17 31 

 Subtotal  36 139 190 37   1 236 167 403 
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Latin America and The Caribbean         
 Argentina 1  5 9   9 6 15 
 Bolivia 3 2 6 15   18 8 26 
 Brazil 3 2 6 32   35 8 43 
 Chile 2 1 1 2   3 3 6 
 Colombia 4 6 3 19   25 7 32 
 Costa Rica  1 1 13   14 1 15 
 Dominican Republic 2   5   5 2 7 
 Ecuador 3 33 1 16   49 4 53 
 El Salvador 1 3 6 9   12 7 19 
 Grenada   1     1 1 
 Guatemala 1   22   22 1 23 
 Guyana    1   1  1 
 Haiti  1 3 4   4 4 8 
 Honduras 2  10 7   10 9 19 
 Jamaica   1     1 1 
 Mexico 2 3 33 12   15 35 50 
 Nicaragua 2 6 2 22   28 4 32 
 Panama  1 2 1   2 2 4 
 Paraguay 2 1 2 2   3 4 7 
 Peru 1 10 34 19  1 43 22 65 
 Saint Lucia   1     1 1 
 Trinidad and Tobago   1 1   1 1 2 
 Uruguay  1 1    1 1 2 
 Venezuela 2       2 2 

 Subtotal  31 71 120 211   1 300 134 434 
Middle East and North Africa         
 Bahrain    1   1  1 
 Egypt 1   15   15 1 16 
 Iraq    6   6  6 
 Israel    1   1  1 
 Jordan   5 1  2 8  8 
 Lebanon   1 2   2 1 3 
 Morocco    10   10  10 
 Palestine 1  2 4  1 6 2 8 
 Sudan   2 2   2 2 4 
 Syria    2  1 3  3 
 Tunisia    1   1  1 
 Yemen 2  1 5   6 2 8 

 Subtotal  4   11 50   4 61 8 69 
South Asia          
 Afghanistan 1 1 8 5   14 1 15 
 Bangladesh 1 1 1 70   70 3 73 
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 India 3 14 53 76 1 1 88 60 148 
 Nepal 2 11 7 12 6  22 16 38 
 Pakistan 2  8 20   19 11 30 
 Sri Lanka  1 10 8   9 10 19 

 Subtotal  9 28 87 191 7 1 222 101 323 

Grand Total 126 385 552 686 139 14 1181 715 1902 
 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


