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Abstract

Microfinance has played a key role in including the poor in financial markets. This paper uses
microfinance data to approximate financial inclusion in the poorer segments of the population
and proposes a quantile regression approach to study the development of microfinance markets.
Our approach accounts for the dynamic and heterogeneous impacts that key drivers may have
across different stages of market development. It also allows us to go beyond correlations and
gets us closer to identifying causal relationships. Our key findings indicate that: i) Microfinance
markets are more responsive to the needs of the bottom of the pyramid than to potential growth
opportunities. ii) Enabling institutions that provide credit information become increasingly im-
portant with higher market complexity. iii) Formal financial development is a complement of
microfinance development. iv) Technologies can help to overcome market entry barriers, and to
enable a higher inclusion in markets with a high degree of complexity. Our results could help
policymakers and investors better understand and influence financial inclusion at the bottom of
the pyramid across different stages of market development.
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1 Introduction

Despite the trillions of dollars managed by the financial industry worldwide, half the world still
remains unbanked (Chaia et al, 2009). This lack of financial inclusion disproportionately affects
the poorer and more vulnerable segments of the population (Demirgiic-Kunt and Klapper, 2012).
Nevertheless, we still do not have the necessary data to understand which are the causal drivers
of financial inclusion at the bottom of the pyramid. In order to address this failure, this paper
uses microfinance data of different countries across the world in the last decade. We use this data'
to identify the causal drivers that policymakers and investors should target in order to increase
financial inclusion at the bottom of the pyramid. We provide a quantile regression approach that
gives appropriate insights across different stages of market development, and reduces potential en-

dogeneity concerns.

We build on Krauss et al. (2012) methodology to create an indicator of microfinance market
penetration in the working age population below the national poverty line, considering the infor-
mation reported by microfinance institutions (MFIs) to the Microfinance Information Exchange
(MIX)? in 109 countries between 2003 and 2012. This kind of financial inclusion information is
currently not widely available. This lack of data is particularly acute at the poorer segments of
the population. As of today, only two comparable datasets offer relevant information, but they are
limited to only a subset of countries and years: The World Bank Global Findex survey provides
demand-side data by income quantiles only for 20113, and the IMF Financial Access Survey pro-

vides supply-side information for households and SMEs only for some country-years*.

This lack of adequate panel data makes it difficult to understand what are the causal drivers of

1Our dataset is available in our Online Data Appendix. Please refer to:

http://www.cmf.uzh.ch/penetrationdata.html.

2Qriginal, underlying data provided by Microfinance Information eXchange, Inc. (MIX). The MIX is a web
platform to which microfinance institutions can report their financial and performance information to gain visibility

and attract investors.

3The 2014 survey results will be published in April 2015. We consider the 2011 results to validate our data, as it

is described in our Data Appendix. We will also consider the 2014 Findex results once they become available.

4Country-specific surveys have also been undertaken by institutions such as Finscope, FinMark and the Bill and
Melinda Gates Foundation (Financial Inclusion Tracker Surveys and Financial Inclusion Insight Surveys), but they

are not comparable across different countries.



financial inclusion at the bottom of the pyramid. Indeed, focusing only on a particular year does
not allow controlling for unobservables that may change over time. Similarly, focusing only on a
subset of countries does not allow controlling for unobservables that may change across different
countries. A panel dataset like ours helps to better identify which are the causal drivers of financial
inclusion. The quantile regression approach that we use allows us to examine how these drivers

become less or more important across different stages of market development.

Due to the lack of comparable cross-country panel data, most of the existing studies on the
determinants of financial inclusion (Demirgii¢-Kunt and Klapper, 2013; Allen et al., 2012; Beck
and Brown, 2011; Chaia et al., 2009; Honohan, 2008; Beck et al., 2007) use simple cross-sectional
specifications with which it is difficult to address potential endogeneity concerns. There have been
a few panel dataset studies for a subset of countries and years (Honohan and King, 2009) that have
merged country surveys across different years. However, they have found difficulties in comparing

information across countries, which has limited their scope and external validity.

There are only a few studies using microfinance data to explore the determinants of financial
inclusion at the bottom of the pyramid. For example, Vanroose and D’Espallier (2009) examine the
determinants of microfinance development using a random effects model across different countries
between 1997 and 2006. Ahlin et al. (2011) examine the determinants of microfinance performance
with an OLS approach, using macroeconomic indicators for 74 countries between 1996 and 2007.
Hermes and Meesters (2011) do a similar study focusing on the macroeconomic determinants of
MFIs’ cost-efficiency. Javoy and Rozas (2013) predict microfinance penetration rates with an OLS
approach using Finder and UNDP Human Development Indicators for 2011. They identify satu-
rated markets comparing actual values with the predictions from their estimation using only this
year. We contribute to this last stream of the literature by using Krauss et al. (2012) panel dataset
on microfinance market penetration® and proposing several methodological strategies to disentan-
gle causal relationships from correlations. This allows us to produce more precise estimators than

those from previous studies.

SWe provide a description of this index of microfinance market penetration in our methodology and data sections.
In our Data Appendix, we also examine how the relevant MIX information that we use to calculate our MF' Penetration
Rate compares with the available and comparable information from the World Bank Finder and the IMF FAS
datasets.



In particular, we propose a quantile regression approach with country and year fixed effects
that accounts for the dynamic and heterogeneous impacts that key drivers may have across dif-
ferent stages of market development, while reducing potential endogeneity biases. The detailed
insights provided in this paper are specific for different stages of microfinance market development.
Thus, they can guide policymarkers and investors on how to best prioritize their efforts in a par-
ticular context, making the most effective and efficient impact on financial inclusion at the bottom

of the pyramid.

Our robust specification is also able to address potential endogeneity concerns. This is very im-
portant to guarantee that policymakers and investors’ efforts are focused on the key causal drivers
of microfinance market development, and not only on those factors that may have a high correlation
but play no causal role. In addition, by shedding light on the dynamics of microfinance market
development, our results can help microfinance funders and investors to identify and forecast which

microfinance markets constitute the best investment opportunities.

Our key findings indicate that: i) Microfinance markets are more responsive to the needs of the
bottom of the pyramid than to potential growth opportunities. ii) Enabling institutions provid-
ing credit information become increasingly important with higher market complexity. iii) Formal
financial development is a complement of microfinance development. iv) Technologies can help to
overcome market entry barriers, and also to enable a higher inclusion in markets with a high degree

of complexity.

2 Methodology

2.1 Definition of MF Penetration Index

In order to examine the drivers of microfinance market development, this paper considers the
indicator of microfinance market penetration proposed by Krauss et al. (2012). This indicator is

based on MIX data and on World Development Indicators (WDI). The index is defined as follows:

MFI Borrowers; ;
Working age population below the national poverty line, ,

MF Penetration Rate;; = (1)



where MFI Borrowers;; is the total number of active borrowers reported by all MFIs® in country
i for year ¢, and Working age population below the national poverty line, ; is the share of the adult
(age 15 and over) population of country i in year ¢ below the national poverty line according to
WDI data’.

Even if the MIX data is available since 1995, in order to calculate the MF Penetration Index
developed by Krauss et al. (2012), we consider only the data for the period between 2003 and 2012.
We start in 2003 because around this year MIX became a consolidated and representative informa-
tion platform. We stop in 2012 because this year is the last most complete and consolidated period.
Indeed, MFIs take time to report their figures and this information needs to be standardized by the
MIX, which needs further time. In addition, by including the global financial crisis in our sample,
we are able to assess the robustness of our results to global shocks that may affect microfinance

market development.

Table 1 ranks countries according to their MF Penetration Index for 2012. It also includes the
index compound average growth rate (CAGR) for the last 5 years when available, and the index
average for the same period. Figure 1 maps our MF Penetration Indexr for 2012. An interactive
version of this map is available in our Online Data Appendix®. We will discuss our MF Penetration

Index in more detail in the next section.

SThere are 4 countries that do not have data on the number of microfinance borrowers for any of the years in
the MIX sample, i.e. Belarus, Grenada, Slovakia, and Vanuatu. Thus, for these countries we cannot calculate our

microfinance penetration index.

"For those years in which WDI indicators are not available, the last available observation and the observed annual
growth rate are used as a proxy. If the annual growth rate cannot be calculated, then the last and next available
observation are used. There are some countries that have no poverty headcount ratio at the national poverty line,
but have it at the 2 USD PPP a day poverty line instead. These include Argentina, Belize, Guyana, Saint Lucia,
Suriname, and Trinidad and Tobago. In order to preserve these countries in our sample, we use the 2 USD PPP
poverty line in these particular cases. There are five countries that have no poverty headcount ratio information,
i.e. Grenada, Myanmar, Samoa, Tonga and Vanuatu. Thus, for these countries we cannot calculate our microfinance

penetration index.

8Please refer to: http://www.cmf.uzh.ch/penetrationdata.html. Table 1 and Figure 1 exclude the outliers that we
have identified in our detailed Online Data Appendix, and are discussed in our Data section.



2.2 Potential Explanatory Variables

We use the following specification to describe microfinance market development across different

countries in the world during the last decade (2003-2012):

MF Penetration Rate;; = XB1+ o+ 6+ €y (2)

ziy = { Income;, Enabling Institutions; ;, Formal Financial Development, ,,

Macroeconomic Environment;;, Geography and Technology, ;, Knowledge, ;}

3)

We consider Krauss et al. (2012) index for microfinance market penetration as our dependent
variable, MF Penetration Rate;; (MFPR) for country ¢ and year ¢. Our vector of explanatory
variables X includes relevant Income indicators, such as GDP per capita and GDP growth, which
we expect to be important drivers of the decision of microfinance institutions (MFIs) to enter a
particular market or increase their presence in them. For example, we could expect MFIs to enter
and penetrate markets with low GDP per capita but high GDP growth. We also consider the im-
pact that inequality indicators may have on microfinance market development, expecting a positive
relationship between inequality and microfinance market penetration, unless inequality creates too

many barriers to market development.

We examine the influence that key FEnabling Institutions have in the development of micro-
finance. In particular, we study the role of legal rights that ease credit transactions, and the
prevalence of credit bureaus and public registries. We expect that a better quality of credit infor-

mation would help the microfinance market development process.

We are also interested in understanding if Formal Financial Development can be a complement
of or a substitute for microfinance development. In order to address this question, we explore
different indicators of financial depth, including the penetration of commercial bank branches and
ATMs, which reflect the existing supply of formal financial services. We also consider how the
characteristics of the formal financial market may affect microfinance market development. In
particular, we include indicators of concentration, competition, and marginal returns of formal fi-

nancial institutions.

We also consider more general indicators of financial depth, such as the share of domestic credit

provided by the financial sector. An interesting variable for the target population of microfinance



is the GDP share of received remittances, which can influence the demand that the poor have for

microfinance services. We also include this indicator in our matrix of explanatory variables.

We study how Macroeconomic Environment indicators may influence microfinance market de-
velopment. In particular, we examine the role of inflation, employment, informality, interest rate

(deposit, lending and real), exchange rate, and net aid inflows.

Moreover, we include indicators of Geography and Technology that may influence MFIs’ ability
to enter and develop in a given market. In particular, we consider population density, prevalence

of rural population, mobile phone penetration, and internet access.

Likewise, the Knowledge in a given economy is also considered, controlling for schooling years
and completion rates in primary, lower secondary and secondary school, across men and women.

We also consider the importance of literacy rates.

2.3 Fixed effects

All these variables allow us to model the development of microfinance markets in a very complete
way. However, the biggest advantage of our study with respect to previous studies, is not the
amount of variables included in the model, but the fact that these variables can be tracked for a
long period of time and across different countries. Indeed, by using a panel dataset on microfinance
market penetration, we are able to perform fixed effects that control for omitted characteristics,
thus limiting potential endogeneity issues. This allows us to go beyond correlation and brings us
closer to identifying causal relationships, which can help policymakers and investors to better un-

derstand and influence the dynamics of microfinance market development.

We exploit our panel dataset to achieve this goal in several ways. First, we include country and
year fixed effects. Country fixed effects control for time-invariant and country-specific characteris-
tics, such as country-specific cultural values that may evolve over time but do not tend to change
very quickly. Thus, introducing country fixed-effects reduces the importance of the error term «; in
equation (2), and limits the potential correlation between our explanatory variables and this error

term cov(X, ;). In addition, we cluster the standard errors of our estimations at the country level.

Second, we use year fixed effects to control for country-invariant and year-specific events, such

as the global financial crisis. Year fixed effects allow us to reduce the error term ¢; in equation (2),



and limit the potential correlation between our explanatory variables and this error term cov (X, d;).

We also introduce a variable for the Crisis years, specifically for 2008 to 2010.

2.4 Non-Normality of MF Penetration Rate

It is important to consider that MFE Penetration Rate, our dependent variable, has a zero-inflated
distribution. Indeed, many countries in our sample have had no microfinance penetration for all or
several of the years under consideration. Even if most of the low and middle-income countries tend
to have some microfinance presence, there are cases where no MFIs have entered a specific country
at all. In addition, in some low and middle-income countries, MFIs are present only for some years

in the sample, for instance, when microfinance has entered a particular market relatively late.

Our study aims precisely at identifying which are the key factors that could explain this. In
particular, we are interested in understanding the differences between the determinants of market
entry and market penetration, and in providing useful insights to policymakers and microfinance
investors in each particular case. Therefore, is very important for us to understand the key factors

explaining the many zeros in our variable of interest.

Many of these zeros correspond to countries where microfinance markets will never develop,
such as high-income countries, where MFIs have never been present, and most likely will never go.
However, even if we take the high-income countries out of our sample, we are still left with a large
amount of zeros. Indeed, our dependent variable does not have a normal distribution, as can be
seen in Figure 2°. This can be problematic if an OLS model is used in the regression analysis.
If errors are not normal, their expected value is not zero, which biases the expected value of 3,

according to the OLS estimation.

We contribute to the existing literature by addressing this problem with other estimation tech-
niques. In particular, we address this problem by proposing two estimation strategies. The first
one uses a two-stage sample selection approach, as proposed by Heckman (1979). The second one
takes a quantile regression approach with fixed effects, using the penalising procedure proposed by

Koenker (2004).

9We will discuss this in more detail in the summary statistics session.



2.5 Heckman Selection Approach

The Heckman selection approach allows us to disentangle the determinants of market entry from
those of market penetration, and also reduces the potential bias introduced by the non-normality
of our dependent variable. In addition, when we estimate our selection model, we first consider the
full sample of countries, and second we exclude high-income countries from it. By examining only
the countries where microfinance is more likely to develop in the future, we reduce the variation of

our explanatory variables and focus only on the relevant variation driving MF Penetration Rate.

Our selection approach is described in equations (4) and (5), which imply that we observe a
positive microfinance penetration rate in our database, M FPR;; > 0, only for those country-
years that have the necessary characteristics for microfinance to be present in that particular
context, M F PR}, > 0. The probability of a given country-year having any microfinance presence
is modelled as in the right hand side of equation (5). If we did not control for this, our OLS
estimates for equation (4) would be biased, since we would need to consider also E[u;; | X,7; ] in

equation (6) in order to correctly estimate /31 in equation (4).

MFPRi,t = X,B] + Uyt (4)
MFPR, >0 if X it >0

MFPR;, = o> 0 Af Xt e (5)
0 if XBzs+ mip <0

E[MFPR; ¢ | X,nit] = XB1+ Eluis | X,ni4] (6)

In the first stage of our Heckman selection model, we estimate a selection equation in which
the probability of microfinance entering in a given country-year is given by a Probit model. Since
most of the countries with zero observations are upper-middle-income and high-income countries,

10 we use the World Bank Income Classification as the exclusion

with the exception of 11 cases
restriction in this selection equation. Indeed, we argue that while the income classification of a

country can influence the decision of a MFI to enter a country or of its investors/donors to finance

107 ow-income countries: Eritrea, North Korea and Somalia. Lower-middle-income countries: Micronesia, Solomon

Islands, Kiribati, Djibouti, Lesotho, Sao Tome and Principe, Mauritania, and Cape Verde.



such market entry, income classification should not influence the degree of market penetration once

market entry has taken place.

After we estimate this first stage, we calculate a relevant Mills Ratio that we include in the
second stage. This second stage estimates an OLS model to explain the determinants of microfi-
nance penetration in a given country-year. The Mills Ratio allows controlling for the probability of
microfinance being present in that country-year in the second stage of the estimation. This analysis
is particularly useful for examining the differences between the determinants of market entry and

market penetration, thus leading to more precise insights for each particular case.

When we take the full sample into account, this approach helps us to differentiate between cases
like Switzerland and Somalia, both with no microfinance penetration, but because of obviously dif-
ferent reasons. When we exclude high income countries from the sample, this approach can more
precisely differentiate between cases like Somalia, with no microfinance, and Ethiopia, with some
microfinance penetration, which are more interesting both from a policy perspective and from the

perspective of microfinance investors.

2.6 Quantile Regression Approach

An alternative to deal with the non-normality of our dependent variable is to consider a quantile
regression model. Quantile regressions make no distributional assumption about the error in the
model. Therefore, the non-normality of our dependent variable is not problematic for the estima-

tion of 5y across different quantiles in the distribution of MF Penetration Rate.

The quantile approach is also very useful to understand the heterogeneous effects of our vari-
ables of interest across different stages of microfinance market development. It examines how our
explanatory variables predict different segments of the MF Penetration Rate distribution. This
analysis is particularly relevant for investors evaluating which are the main barriers or potentials
of different markets in different development stages, and forecasting which development path mar-
kets are more likely to follow. It is also interesting for policymakers to understand which issues

to prioritize depending on the level of microfinance market development in their particular countries.

We can introduce fixed effects in the quantile regression approach using the penalising proce-
dure proposed by Koenker (2004). This allows us to control the error term «; in equation (1). We

also include year fixed effects in our estimations, helping us to reduce the importance of d;. The

10



estimations behave very similarly when we use year fixed effects or when we replace them with
a dummy variable for the years of the financial Crisis in our sample (2008-2010)*!. The Crisis
dummy allows us to preserve the degrees of freedom of our estimations, which are considerably
reduced when year fixed effects are used. In addition, the Crisis dummy allows us to assess the

impact of external global shocks to microfinance market development.

2.7 Potential Endogeneity Concerns

Including country and year fixed effects reduces potential endogeneity problems arising from omitted
variables. We also examine if, after performing these fixed effects, there still might be endogeneity
caused by simultaneity or reverse causation between MF Penetration Rate and our explanatory
variables. In our particular case, these concerns may be relevant for the Enabling Institutions and

the Formal Financial Development indicators in the right-hand side of our main equation.

Indeed, we expect that the presence of Fnabling Institutions will help MFIs entering a partic-
ular market; but it could also be possible to imagine that countries that already have a high MF
Penetration Rate may develop lobbies to increase the quality of relevant Enabling Institutions for
the industry. This would mean that cov(Enabling Institutions,u) > 0 and Enablmg/;stmions would
be biased upwards. Thus, we would be likely to overestimate the effect that Enabling Institutions

have on microfinance market development.

However, this is likely to happen only in those countries with a very high microfinance pen-
etration where MFIs are key players in the overall financial market. These countries constitute
a very small group. By estimating the impact of Enabling Institutions in an heterogeneous way
for countries in different stages of microfinance market development, our quantile approach miti-
gates this potential endogeneity concern. This approach is able to distinguish between the group
of countries where there might be a potential endogeneity issue (in the highest percentiles of the
distribution) and the rest of the countries. In particular, the quantile regression approach fits the
observations not with respect to the mean of MF Penetration Rate, as OLS would do, but with
respect to different moments of its distribution. Thus, the effect that Fnabling Institutions have

across different percentiles will be estimated differently across the distribution, and this limits po-

1'We discuss this in more detail in our robustness checks section.
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tential endogeneity concerns only to the highest percentiles of the distribution.

Similarly, while we expect the level of Formal Financial Development to act as a complement
or a substitute of microfinance market development, it could also be the case that countries that
already have a high MF Penetration Rate may crowd-in our crowd-out formal financial institu-
tions. This would mean that cov(Formal Financial Development,w) > 0 in the case of crowding-in
or cov(Formal Financial Development,u) < 0 in the case of crowding-out. However, this is likely
to happen only in those countries where the microfinance industry has a very predominant role in
the overall financial market, which again constitutes a small group. Just as we explained before, the
quantile approach is also effective in mitigating the potential endogeneity of the Formal Financial

Development variables.

It is very hard to argue that similar simultaneity concerns hold for our remaining right-hand side
variables. Indeed, they are all macroeconomic or structural factors that cannot be easily influenced
by microfinance development in the short and medium term, as widely documented in the extensive
literature on the impacts of microfinance (Banerjee et al., 2015; Cull et al., 2014; Banerjee, 2013a;
Bauchet et al., 2011).

3 Data

3.1 Existing Financial Inclusion Data

As we have discussed above, cross-country financial inclusion panel data is still not widely available,
in particular for the poorer segments of the population. Currently, only two comparable datasets
offer relevant information: The IMF Financial Access Survey (FAS) provides cross-country supply-
side data but it is available only for some country-years'?. On the other hand, the Gates Foundation,
the World Bank, and Gallup World Poll produce the Financial Inclusion Database (Global Findex)

that includes cross-country demand-side data, available for 148 countries in 2011 (Demirguc-Kunt

12FAS data is fed with information coming from financial regulatory entities of 189 jurisdictions across the world
between 2004 and 2012. This dataset provides indicators of geographical outreach and use of financial services. The
data is disaggregated by type of financial institution, including deposit-taking and non-deposit-taking MFIs; and
by type of customer, including households and SMEs. Nevertheless, FAS is an unbalanced panel and some of the
statistics are not available for all the covered country-years. Moreover, FAS financial inclusion indicators are provided

at the country level and it is not possible to disentangle how they vary across the income distribution.

12



and Klapper, 2012)'3. While FAS includes microfinance-specific indicators for an unbalanced panel

of 15 countries between 2004 and 2012, Findex does not'*.

Findex is a demand-side dataset that measures financial inclusion by asking potential clients of
financial service providers whether they use certain products or not. On the other hand, FAS is a
supply-side dataset that measures financial inclusion based on the reports that different financial
institutions give to their financial supervisors. Since they use different information sources, demand

and supply-driven datasets lead to different financial inclusion figures.

We expect supply-side data to imply higher figures of financial inclusion than demand-side data
in countries with higher financial complexity. Financial complexity can be defined in this case by
high incidence of multiple borrowing, high incidence of cross-borrowing across different institutions,
and by the presence of foreign borrowing. When these phenomena occur, households will have sev-
eral accounts that will be recorded in FAS but not in Findex. Thus, FAS supply-driven indicators

of financial inclusion will be higher than Findexr demand-driven indicators.

We expect countries with higher income levels to have higher financial complexity. We show
evidence supporting this claim in our Data Appendix. Moreover, we also expect that countries
with a high share of unregulated institutions will have lower supply-based financial inclusion indi-
cators when compared to the demand-based ones. For example, in a country with a high amount
of unregulated institutions, FAS information may be under-representative of the overall financial

inclusion landscape.

13 Qlobal Findex data is the result of a comprehensive set of household surveys performed in 164 countries across
the world in 2011 (the 2014 data will be released in April 2015). The country-level version of the dataset includes
information on the use of financial services of adults at the country level, such as the ratio of adults with an account
or a loan at a formal financial institution. The household-level version of the dataset includes information on the
quantile of the country income distribution attributable to each particular household, as well as on gender, age and

education of the adult responding the survey. The data is not disaggregated by type of financial institution.

Y Pindex excluded from their public data release the answers to a question asking households whether they had
borrowed or saved in a MFI in the last 12 months. According to Findez, the survey results indicated that households
cannot always clearly distinguish if the provider of their formal account is a bank, a MFI, a credit union or a

cooperative.
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3.2 Comparison of MF Penetration Indexr with Existing Financial Inclusion
Data

We use microfinance data on the total number of borrowers from MIX and combine it with WDI
indicators on the share of the population below the national poverty line, as per Krauss et al.
(2012), to build our MF Penetration Rate. In our detailed Data Appendix we propose a battery
of tests to check the quality of the MIX data used to build our MF Penetration Rate. We use the
best comparable FAS and Findex indicators. Despite these datasets’ weaknesses, they are the best
available sources of information that we can use to check the reliability of MIX data, and thus to
assess how useful the panel dataset developed by Krauss et al. (2012) is to understand the drivers

of microfinance market penetration.

Comparing relevant financial inclusion indicators from the supply-side FAS dataset and the

t1° allows us to assess the complexity of the overall financial market in

demand-side Findexr datase
a given country. Similarly, we examine the complexity of the microfinance segment of the financial
market by comparing the supply-driven microfinance penetration implied by MIX data with the

6

demand-driven microfinance penetration implied by Findez'9. We describe these calculations in

our Data Appendix section.

Based on these comparisons, we can classify countries into four groups. We include a list of
these country groups in our Data Appendix. In the first group, countries present high financial
complexity both in the overall financial market and in the microfinance market segment. For these
countries, we argue that if the MIX indicator of the national share of microfinance borrowers is
higher than the relevant proxy from Findez, it may not be due to data issues, but rather to multiple

borrowing, which may also be present in the overall financial market.

The second group includes countries in which both the microfinance market segment and the
overall financial market show a low level of complexity. In these cases, we argue that if the MIX
indicator of the national share of microfinance borrowers is lower than the relevant proxy from
Findex, it may not be due to data issues, but rather to the low complexity of the overall financial

market. In particular, there might be under-reporting of microfinance institutions, or a high share

15We do this in our Data Appendix, in particular in Figure 16.

16WWe do this in our Data Appendix, in particular in Figure 15.
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of unregulated institutions, which is likely to also be present in the overall financial market.

Countries in the third group have a higher complexity in the microfinance segment than in the
overall financial market. As can be seen in our Data Appendix, most of these countries, especially
Bolivia and Kenya, are clear leaders in the development of financial services at the bottom of the
pyramid and are lower middle-income and low-income countries. It is thus plausible that in these

cases complexity is higher in the microfinance segment than in the overall financial market.

Countries in the fourth group have a higher complexity in the overall financial system than in
the microfinance segment. This is plausible for countries with high income levels, as these countries
can have complex overall financial systems that also may serve the needs of the bottom of the
pyramid, and thus crowd-out specialized microfinance market players. In such countries, overall fi-

nancial development is a substitute for and not a complement to microfinance market development.

However, this is more difficult to understand in countries with low income levels. Indeed, even
if these countries have high overall financial market complexity, their low income levels suggest that
a high proportion of the poor population may still lack access to financial services. Thus, it seems
less clear why microfinance market development is low in these cases. This paper aims precisely at

understanding these anomalies better.

All these countries are plotted in our Online Data Appendix!”. There it is easy to see graph-
ically in which cases there are important outliers in MIX data. As it is explained in our Data
Appendix, we have identified the following country-years as outliers: Nigeria 2009, Burkina Faso
2011, Mali 2012, Comoros 2011, Ethiopia 2010, Kosovo 2011 and 2012, Congo Republic 2009 and
2010, Guinea 2011 and Thailand. We will discuss the robustness of our results when considering

these observations in and out of the sample, in the robustness checks section.

We also consider in this section if our results are robust when controlling for the groups that
we have just defined. Indeed, while Groups 1 and 2 suggest that overall financial complexity is a
complement of microfinance market development; Groups 3 and 4 suggest that it can be a substi-
tute for it. The determinants for microfinance development may be thus structurally different for

different country-groups, and this is something that we examine in more detail in the robustness

1"Please refer to: http://www.cmf.uzh.ch/penetrationdata.html.
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checks section.

3.3 Sources of Explanatory Variables

We include different indicators for the main variables of interest and use those that have the highest
explanatory power and present less missing values for the countries under consideration. Table 2
summarizes a detailed description of each of the variables that we use in our specifications. This
Table also includes the main summary statistics of all the variables that we examine. As can be
seen in the Table, some of the variables that are discussed here would have diminished considerably
our observations, thus reducing our degrees of freedom and compromising the precision of our es-

timations. For this reason, we focus on those variables that have the highest number of observations.

For example, as Income indicators, we use WDI data on GDP per capita (constant 2005 USD)
and GDP growth (annual %). We also consider using poverty gap'® indicators, such as Poverty
gap at 2 USD a day (PPP) (%) and Poverty gap at national poverty line (%). We also consider
using the Gini Index of inequality and several other measures of the share of income in different
percentiles of the population. However, many countries have missing observations for these vari-
ables, which makes us focus only on GDP growth and GDP pc as our main Income indicators. We
do not include any poverty incidence indicator since our dependent variable already includes one

in its denominator.

In order to describe the relevant Enabling Institutions for microfinance development, we use
Doing Business data on credit information. In particular, we use information on the Getting Credit
ranking of the Doing Business report, which is composed of the following variables: Strength of
Legal Rights Index (0-10)'°, Depth of Credit Information Index (0-6)*°, Public Registry Coverage

18The poverty gap is the mean shortfall from the poverty line. The higher it is, the higher poverty depth is.

19This indicator measures up to what extent collateral and bankruptcy laws protect the rights of borrowers and
lenders.

20T his indicator measures the coverage, scope and accessibility of credit information available through credit bureaus
or credit registries. Omne point is assigned for each of the following features: 1) Data on firms and individuals
is distributed. 2) Positive and negative credit information is distributed. 3) Data from utility and retailers is
distributed. 4) Data for at least 2 years is distributed. 5) Data on loans below 1% of income per capita is distributed.

6) Borrowers have the right to access their data.
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(% of adults), and Private Bureau Coverage (% of adults)*'. Tt would have been ideal to differen-
tiate if these institutions specifically hold creditworthiness data of MFTI clients in some particular
countries, but we could not find comparable information for the country-years in our sample. It
would also be important to include comparable indicators on the quality of countries’ microfinance

regulatory framework, but this data is not available for most of the country-years in our sample.

Formal Financial Development is described using WDI data on commercial Bank Branches
(per 100,000 adults), automated teller machines ATM (per 100,000 adults), Domestic Credit pro-
vided by the financial sector (% of GDP), and personal received Remittances (% of GDP). We also
include relevant variables from the Global Financial Development Database (GFDD) that could
describe in more detail the specific characteristics of the formal financial market across different
countries. In particular, we consider the Boone indicator of Competition, which is based on the

t22. We also include the degree of bank Concentration, which

profit-efficiency of the banking marke
measures the assets of the three largest commercial banks as a share of total commercial banking
assets. In addition, we examine the banks’ Net interest margin, which represents banks’ net interest
revenue as a share of their total earning assets, and banks’ Non Rate Income, which measures the

income generated by non-interest related activities as a percentage of total income?®.

The Macroeconomic environment is measured using WDI data on consumer prices Inflation
(annual %), ILO estimates on Employment to population ratio (%, ages 15-24 over total), official
exchange rate FX (LCU per USD, period average), and Net official development assistance and
official aid received (constant 2011 USD). The growth of these variables with respect to the previ-
ous year is included in the estimations. We also examine the impact that Interest Rate (lending,
deposit and real, %) has on microfinance market development. In addition, we consider including
Doing Business and UNDP Human Development indicators of the relevance of Informality, but

find few available observations also in this case.

21Both types of organisations, public registries and private bureaus, collect information on the creditworthiness of
borrowers and facilitate the exchange of credit information among lenders. The former is managed by the public

sector and the latter is managed by the private sector.

22The GFDD Boone indicator of competition is calculated as the elasticity of profits to marginal costs, using a
regression of the log of profits (measure by return on assets) on the log of marginal costs. The more negative the

indicator, the higher the degree of competition, because the effect of reallocation to more efficient banks is stronger.

23Non-interest income includes net gains on trading and derivatives, net gains on other securities, net fees and

commissions and other operating income
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Geography and Technology includes measures of geographical isolation provided by WDI such
as Population Density (people per sq. km of land area, hundreds) and Rural Population (% of total
population). It also includes measures of technological innovation, such as WDI data on Mobile

Phones subscriptions (per 100 people) and Internet Users (per 100 people).

Knowledge is described using WDI data on Primary Years and Secondary Years of schooling;
Primary completion rate for the total population (% of relevant group) and of the female popula-
tion, Primary Female; and Lower Secondary completion rate for the total population (% of relevant
group) and of the female population, Lower Secondary Female. We also examine including relevant

Literacy information, but find again too many missing values.

4 Summary Statistics

4.1 Relevant Sample of MF Penetration Rate

We take a sample of 214 countries recognised by the World Bank and follow them for 10 years
(2003-2012). MIX data is available for 120 countries®* and we observe no microfinance penetration
for the remaining 94 countries that are not in the MIX sample?®. Out of the 120 countries in the
MIX sample, 7 do not have the necessary information to calculate the MF Penetration Rate’®. At
this stage, we consider all the observations and do not disregard any of the outliers identified in our
previous section. However, we take out Montenegro 2008 from our sample, because it has a MF
Penetration Rate that is more than two standard deviations away from the mean, which leaves us

with 2069 country-years.

24 As of 2012, 32 are low-income countries (26.7%), 40 lower-middle-income countries (33.3%), 40 upper-middle-
income countries (33.3%), 7 high income countries (5.8%), and 1 country with no income classification (0.9%), i.e.
South Sudan.

250Qut of the 94 countries with no MIX data, as of 2012, 3 are low-income countries (3.2%), 8 lower-middle-income
countries (8.5%), 15 upper-middle-income countries (16%), 65 high income countries (69.1%), and 3 countries with

no income classification (3.1%).

26Besides 4 countries that do not have data on the number of microfinance borrowers for any of the years in the
MIX sample (Belarus, Grenada, Slovakia, and Vanuatu), there are 3 countries that have such information but no

poverty headcount (national or 2USD PPP) data: Myanmar, Tonga and Samoa.
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Out of the countries with MIX data, 32 of them show no microfinance penetration during some
of the years under examination, resulting in 132 zeros of our dependent variable. In total, out of our
2069 observations, 1072 are zeros, representing 52% of the observations. If we exclude high-income
country-years from our sample, it is reduced to 1390 observations, out of which 423 are zeros,
representing 30% of the observations. This zero-inflated distribution of our variable of interest MF
Penetration Rate can be seen in Figure 2 for all the countries in the basic model sample?” and
for all countries except those classified as high-income economies. This Figure also includes the

percentiles of our dependent variable for these two samples.

As can be seen in the Figure, in the first sample, MF Penetration Index starts to be positive
only in the 40th percentile. In the second sample, it is positive already in the 20th percentile.
The median in all countries in the basic model sample is 0.69%, while this increases to 2.96% when
high-income countries are excluded. The 90th percentile in the first sample has an average of 21.8%,

while that in the second sample has an average of 31.74%.

4.2 Recent Trends of MF Penetration Rate

Figure 1 plots a map of the MF Penetration Rate index as of 2012, together with its growth rate
between 2007 and 2012%%. We exclude outlier countries identified in the previous section. Table
1 shows the statistics used in this map, including also the average for the MF Penetration Rate
between 2007 and 2012.

Azerbaijan, Cambodia, Paraguay, Peru, Vietnam, Mongolia, Bangladesh, Bhutan, Bosnia and
Herzegovina, and Jordan are the 10 countries with the highest penetration rates in 2012, ranging
between 47.7% and 126%. Most of these countries (7 out of 10) are also among those with the
10 highest averages of MF Penetration Rate between 2007 and 2012, which are Bosnia and Herze-
govina, Bangladesh, Vietnam, Sri Lanka, Mongolia, Morocco, Azerbaijan, Peru, Cambodia and

Armenia.

2TThis refers to the sample in the basic model, which we will describe in the results section. We choose to focus on

this sample because it is the most relevant for the quantile regressions that we will present in what follows.

28An interactive version of this map is available at our Online Data Appendix. Please refer to:

http://www.cmf.uzh.ch/penetrationdata.html.
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Countries in both of these two lists have had a very high and stable microfinance market pen-
etration in the last years. Interestingly, only one of these countries, Azerbaijan, is among those
with the 10 highest growth rates in the period between 2007-2012, which are Ivory Coast, Turkey,
China, Burundi, Iraq, Azerbaijan, Kazakhstan, Brazil, Argentina and Tunisia. This indicates that
most of the countries with the highest microfinance penetration have reached a saturation level of
penetration beyond which there are limited growth opportunities. The dynamics of microfinance
market penetration across these different groups of countries are likely do be structurally different,
and this is precisely what we will be able to examine in the next section with our Heckman and

quantile regression approaches.

4.3 Explanatory Variables

Table 2 includes the descriptions and summary statistics of the variables that we consider in these
specifications. These summary statistics are presented for the sample in which our MF Penetra-
tion Index is available between 2003 and 2012. As possible to see in Table 2, while our index is
available for 2069 country years, all the variables of interest are available for a lower number of
observations. This limits the sample that we can use for our estimation and reduces our degrees
of freedom. Therefore, we select the variables with the most available observations and the best

possible explanatory power for our basic model.

5 Results

In our basic model, we consider GDP growth and GDP per capita (USD thousands) as our In-
come variables. FEnabling Institutions are captured with the Depth of Credit Information Index
(DBdepthcreditinfo), which takes values from 0 to 6. Relevant barriers related to Geography and
Technology are captured using Population Density, which represents hundreds of people per squared
kilometer (PopDenHun). We use Bank Branches (per 100,000 adults) to capture Formal Financial
Development. We also consider ILO estimates on Employment (EmplILO) to population ratio (%,
ages 15-24 over total) as an important Macroeconomic Environment characteristic. Knowledge is

represented by Primary Years of schooling.

20



5.1 Results of the Heckman Selection Approach

Table 3 presents our Heckman model using these variables. The first two columns consider all
countries, while the last two columns exclude high-income countries. Columns 2 and 4 focus on
the selection equation, showing the marginal effects resulting from the Probit model that estimates
the probability of microfinance being present in a given country-year. Columns 1 and 3 take the
resulting Mills ratio and estimate an OLS model on the determinants of microfinance market pen-
etration. The results for market entry and market penetration are very similar for both samples,
suggesting that the reduction of observations induced by excluding high-income countries does not

bias our results.

We can see that having a higher income Classification (classif) by the World Bank reduces the
probability to have microfinance in a given country-year, which is as expected. Also as expected,
GDP growth increases the probability of microfinance market entry, while a higher GDP per capita
reduces it, as well as does the level of education measured by Primary Years of schooling. The
direction of the effect of these three variables is the same in the market entry phase and in the
microfinance market penetration phase. However, the negative effect of GDP per capita is stronger

in the market penetration phase.

In the Heckman specification in Table 3 , it is also possible to see that a higher Depth of Credit
Information Index (0-6) increases both market entry and market penetration, but is more impor-
tant during the penetration phase. Formal Financial Development measured with Bank Branches
matters only in the penetration phase, suggesting that the complementarity between the formal
financial system and the microfinance industry really develops as MFIs increase their presence in

a particular market, and not before they enter it.

On the other hand, the Employment level has a positive and significant effect on the decision
to enter a market. This shows that the level of employment in a given country is a good indicator
of the potential clients that a MFI may have in that context. Indeed, even if MFIs mostly provide
consumer loans and do not have a strong influence in the loans that SMEs need to increase their
business, the level of employment is also an indicator of the level of credit-worthiness that poten-
tial borrowers may have, as it indicates how many available income sources are present in a given

economy.
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5.2 Results of the Quantile Regression Approach

While the Heckman specification is useful as a preliminary analysis, there might be important
sources of bias in it, since we are not able to consistently include fixed effects due to the Probit per-
formed in the first stage. We overcome this problem in our quantile regression approach. Indeed, in
this approach we are able to introduce country fixed effects. We also include a dummy variable for
the Crisis years between 2008 and 2010. This variable, as we discuss in the robustness checks sec-
tion, performs similarly to conducting an estimation with year fixed effects, and helps us to preserve
our degrees of freedom. With our quantile approach, we are also able to examine the heteroge-

neous effects of our explanatory variables across different stages of microfinance market penetration.

We start by considering all the countries in the sample in Table 4. We then exclude high-income
countries and report the results in Table 5. In the first sample, MF Penetration Index starts being
positive only in the 40th percentile, while in the second sample this happens already in the 20th
percentile. The first sample includes high income countries where microfinance markets will never
develop, thus they may introduce noise in the specification. Indeed, as we had argued before, in
the lowest quantiles we will have countries such as Switzerland and Somalia, which are clearly very

difficult to fit in any single meaningful regression.

We test the robustness of our results in the reduced sample by comparing the shape of the coef-
ficient plots reported after each of the corresponding tables. These plots include the beta coefficient
for each of the variables under consideration across different percentiles and the corresponding 95%
confidence intervals. This comparison suggests that excluding high-income countries does not bias
the results, as we already saw in the Heckman approach. Population Density is the only variable

that behaves differently in the two samples, however it is insignificant in both.

5.2.1 Income

The first row of the Heckman estimation with high-income countries in Table 4 shows that GDP
growth has a positive and significant effect across the entire distribution, which increases consider-
ably in the 90th percentile. GDP per capita, on the other hand, has a negative and significant effect
across all the distribution that gets stronger as MF Penetration Rate is higher. It is interesting to
note that the coefficient of GDP per capita is always more significant and larger than that of GDP
growth. This suggests that rather than responding to economic opportunities reflected in high GDP

growth, microfinance markets develop the most where there are unmet needs, which are reflected
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in lower GDP per capita levels.

The effect of GDP per capita is stronger in countries with stronger microfinance market develop-
ment. This heterogeneous effect across different stages of microfinance market development shows
that as markets develop, MFIs may already have the tools that allow them to respond strongly to
unmet needs, when compared with less developed markets, where more barriers to reach the poor
may be in place. A similar interpretation is valid for the coefficients of Primary Years of schooling

across different percentiles, however these are not significant.

In the sample without high-income economies, more interesting results emerge, as can be seen
in Table 5. Indeed, once we focus on the countries where microfinance markets should and are
more likely to develop, we take out noise in the specification coming from countries where MFIs
will never go. Interestingly, in this specification in Table 5, GDP growth becomes insignificant.
Once high-income economies with relatively low growth rates are taken out of the sample, the high
growth rates of developing countries are no longer perceived in the estimation as a differentiating
factor of countries where microfinance has a high penetration. These findings compare with those of
Ahlin et al. (2011), who do not find significant effects of real GDP growth on a MFI-level measure

of borrower growth.

On the contrary, the coefficients of GDP per capita become much larger with respect to the ones
achieved using the full sample. Once the noise introduced by high-income countries is cancelled
out, this variable becomes more important in explaining the variation of microfinance market pene-
tration across different countries. In particular, while in the 10th percentile a reduction of GDP per
capita of 1,000 USD increases MF Penetration Rate by 0.5 percentage points, in the 90th percentile

it increases MF' Penetration Rate by 1.2 percentage points.

5.2.2 Enabling Institutions

Our main measure of Enabling Institutions, i.e. Depth of Credit Information (DBdepthcreditinfo),
has a positive and increasing effect as microfinance markets develop. This suggests that Enabling
Institutions are increasingly more important as microfinance market penetration increases. This
may be due to increasing complexity of microfinance services, which may require better support
from the existing range of Enabling Institutions. This is in line with the findings of Assefa et al.
(2013) suggesting that credit information sharing among lenders could have a positive effect on

microfinance.
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Similar to our Income indicators, Depth of Credit Information is not significant in the full sam-
ple and it becomes significant once high-income countries are excluded. In particular, Depth of
Credit Information is significant in Table 5 in the 10th, 20th and 30th percentiles, and in the 70th,
80th and 90th percentiles, i.e. the extremes of the distribution. This is an interesting finding as
it confirms the intuition that better enabling Institutions are important both for MFIs choosing
markets to enter, and for MFIs expanding in already penetrated markets, where there might be a
higher financial complexity in the microfinance subsegment, for example due to multiple borrowing,

cross-borrowing and risk of over-indebtedness.

The change in the magnitude of this effect across different levels of microfinance market de-
velopment suggests also that enabling Enabling Institutions are key to help MFIs deal with the
increasing complexity of the market. Indeed, according to our basic sample results in Table 5,
an increase in the Doing Business Credit Information Depth index (0-6) of one unit increases MF
Penetration Rate by 0.2 to 0.3 percentage points in the lowest percentiles where MF' penetration
Rate is between 0.0% and 0.54%; and by 0.7 to 1.1 percentage points in the highest percentiles
where MF penetration Rate is between 8.65% and 31.74%.

These findings are complemented with those from Table 6, which considers additional measures
to capture the effect of Enabling Institutions in the quantile approach. It is possible to see that
the strength of Legal Rights Index (DBlegalrights), with values from 0 to 10, the Private Bureau
(DBprivatebureau) coverage (% of adults), and the Public Registry (DBpublicregistry) coverage (%

of adults) have a positive and increasing effect as microfinance markets develop.

Interestingly, Legal Rights and Public Registry are only significant in the highest levels of the
MF Penetration Rate distribution, while the overall index of Depth of Credit Information (DB-
depthcreditinfo) is only significant in the lowest levels of the distribution. As we explained in the
description of our variables, this index encompasses several indicators on the quality of the credit
information institutions available in a given country. The importance of such an overall indicator
at the lowest percentiles of MF Penetration Rate suggests that when MFIs decide to enter a market

they care mostly about generic indicators of the country’s Fnabling Institutions.
On the other hand, the importance of Legal Rights and Public Registry at higher percentiles

of MF Penetration Rate suggests that MFIs become more concerned with specific institutional

settings as markets become more complex, as we have discussed above. It is possible to argue that
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Public Registries are more important than Private Bureaus at these stages of market development
because with these public institutions, MFIs can more easily make sure that it is possible to enforce
credit information sharing. Indeed, this may not be possible in the case of private credit informa-
tion agencies. This suggests that in more complex markets, MFIs should have access to all relevant

credit information.

It is also very interesting to note that the coefficient of Credit Information Depth in the second
stage of the Heckman approach was much higher than any of the coefficients that we estimate in
our quantile regression. Indeed, according to the Heckman results of Table 3, an increase in the
Doing Business Credit Information Depth index (0-6) of one unit increases the probability of having
microfinance in the first place by 24-26%, and our MF Penetration Rate by 3.6 to 3.8 percentage
points. This last figure compares to a quantile estimation of 1.1 percentage points in the 90th

percentile of the distribution, and lower figures in the other percentiles.

This confirms the hypothesis that as MF Penetration Rate increases, MFIs are in a better posi-
tion to lobby and achieve a better regulatory environment. As we have explained before, this implies
that cov(Enabling Institutions,u) > 0. This implies that an OLS estimation of E’nabling/;stitutions
would be biased upwards, overestimating the effect that Enabling Institutions have on microfinance

market development.

Thus, previous studies using this technique may have over-estimated this effect. We are able to
address this issue in our quantile regression approach. Indeed, the fact that the highest quantile
coefficient for Credit Information Depth is lower than the OLS one from the Heckman procedure
suggests that this potential upward bias is reduced in the quantile regression approach. This is
achieved because this approach considers the heterogeneity of the effect across different stages of

microfinance market development.

5.2.3 Formal Financial Development

We also had endogeneity concerns regarding cov(Formal Financial Development, u) > 0. However,
the difference between the Heckman and the quantile coefficients for Bank Branches (per 100,000
adults) is not as dramatic in this case. Indeed, according to the Heckman results reported in Table
3, an increase of Bank Branches by 10 units, which corresponds to half of a standard deviation,
increases MF Penetration Indexr by 2.8 percentage points. The quantile results in Table 5 show

an effect between 1.7 to 3.1 percentage points, depending on the level of microfinance market de-
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velopment. The small difference between these two estimators shows that the potential concern of
reverse causation due to microfinance markets crowding-in or out formal financial markets does not

seem to have empirical support.

Similar to Income and Enabling Institutions indicators, our Formal Financial Development in-
dicator is also not significant in the full sample, but becomes significant once high-income countries
are taken out. The positive sign of Bank Branches across all quantiles of the distribution in Ta-
ble 5 suggests a strong complementarity between the formal market and the microfinance market.
This indicates that MFTs find it easier to penetrate markets where there is already some financial
infrastructure available. Formal providers do not constitute a direct competition to MFIs, typically
because their target markets are different. This is confirmed when we examine other indicators of

Formal Financial Development in Tables 7 and 8.

Table 7 includes characteristics that may shape the Formal Financial Development in a given
country year, such as the GFDD Boone indicator of Competition (bcompetition), the degree of
bank Concentration, bank’s Net interest margin (netinterestmg), and banks’ Non Rate Income
(nonrincome). We find that none of these variables play an important role in microfinance market
development, confirming the hypothesis that formal providers are not direct competitors of MF1Is.

The only exception is the Non Rate Income, which is weakly significant and negative.

In Table 8, besides considering the effect that more commercial Bank Branches (per 100,000
adults) may have on MF Penetration Rate, we also consider the effect that automated teller ma-
chines ATM (per 100,000 adults) may have. Both effects are positive and increasing in the highest
quantiles, but only that of Bank Branches is significant. Indeed, in developing economies, the
amount of transactions that can be done at ATMs tends to be lower than the amount of trans-

actions that are usually performed in physical offices, often due to bureaucracy or security concerns.

Another important indicator of Formal Financial Development is the Domestic Credit provided
by the financial sector (% of GDP). This variable is positive and significant only at the highest
levels of microfinance penetration. Indeed, this variable relates to the macroeconomic financial
complexity of a country, and can be more important in those countries where the microfinance
segment is more complex. This variable was also studied in Hermes et al. (2009), finding a positive

influence on microfinance efficency.

Finally, we consider received Remittances (% of GDP) as an indicator of Formal Financial
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Development. Remittances are very important in developing countries and affect the need for mi-
crofinance services that the poor have, as they directly impact their available income. Interestingly,
we find that there is a positive and significant effect at the lowest levels of microfinance market
penetration, and a negative and insignificant one at higher levels of microfinance market penetra-

tion.

The positive and significant effect when microfinance penetration is low suggests that Remit-
tances are a complement and not a substitute of microfinance markets when they are starting to
develop. It is possible to think that at lower stages of microfinance market development, Remit-
tances act in the same way as more formal sources of finance would do in higher stages of market
development. Both sources of financial resources, i.e. Remittances as an informal source, and other
more formal sources from the financial markets, such as Bank Branches and ATMs, as we saw
before, act as complements for microfinance. The first one is important when microfinance markets

are starting to develop. The second one is relevant once they mature.

5.2.4 Geography and Technology

Barriers relating to Geography and Technology are considered in more detail in Table 9. The share
of Rural Population has a positive and significant effect only for those country-years with a MF
Penetration Index close to the median of the distribution. This suggests that in countries in which
penetration is not very low or very high, having a higher rural population helps microfinance mar-
ket development, implying that only at this stage of market development, MFIs may find it easier

to reach rural clients.

Mobile Phones subscriptions (per 100 people) and Internet Users (per 100 people) have a posi-
tive and increasing effect on microfinance penetration across different stages of market development.
In particular, both these variables are significant in the 70th, 80th and 90th percentiles of the dis-
tribution. This suggests that in more developed markets, information technologies may play a more

important role than in less developed markets.

It is very interesting to see that Mobile Phones subscriptions also have a significant effect in the
20th and 30th percentile. This relates nicely with the developments in e-money solutions that use
different mobile technologies to increase financial inclusion at the bottom of the pyramid. It suggest
that these technologies can be important enablers in the early stages of market development, as

they can help MFIs overcome potential geographical constraints and transaction costs that may
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limit their ability to reach the poor with affordable services.

5.2.5 Macroeconomic Environment

Our main measure of Macroeconomic Environment, i.e. Employment, has high explanatory power
at market entry and in the lowest percentiles of MF Penetration Rate. This means that this indi-
cator is important at the market entry stages, as we expected. Indeed, this indicator reflects the

available income and creditworthiness of potential microfinance clients.

We also explore if alternative Macroeconomic Environment indicators have an important role.
In particular, in Table 10, we consider the growth of the CPI Inflation with respect of the previous
year (GlInflation). We expect this variable to capture which markets are more unstable than others,
and thus to negatively affect microfinance penetration. However, we find no significant coefficients

across any of the percentiles of MF Penetration Rate.

Another important Macroeconomic Environment indicator is the exchange rate F.X. We include
the growth of this variable with respect to the previous year (GFX). FX is defined as local cur-
rency units (LCU) per USD. Thus, an increase in GFX would indicate a depreciation. We would
expect that MFIs operating in countries with depreciating currencies would find it harder to fund
their operations, as MFIs’ debt is generally denominated in hard currencies. However, we find no

statistically significant relationship in this case.

We examine the role of Net official development assistance and official aid received (constant
2011, USD) on microfinance market development. We consider the growth of these net inflows
with respect to the previous year (GOdaAid). We would expect this variable to play a more
important role at the market entry stage, as some MFIs could finance their initial operations in
under-developed markets using aid. However, we also find in this case no statistically significant

relationship.

We also examined if the level of these variables, i.e. Inflation, FX, and Net official development
assistance and official aid received, could play a significant role, but found no such empirical evi-
dence. Also, the variance of these variables for the last 5 years was found to be insignificant. This
suggests that besides macroeconomic factors that may influence the ability that MFIs have to find
funding to their operations, other factors, such as the ones we discussed above, play a more impor-

tant role. This is somewhat in line with the results of Vanroos and D’Espallier (2009), althought
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they find a significant effect of inflation on MFIs’ outreach.

We also examine the role of different Interest Rates on microfinance market development. In
particular, in Table 11, we considered the role of the lending rate (LendingRate), deposit rate
(DepositRate), and real rate (RealRate). Interestingly, we find no significant relationship between
microfinance market development and any of these Interest Rates. This suggests a decoupling of

microfinance prices from those of the overall financial market.

Our dummy variable for the global financial Crisis is the only macroeconomic indicator that
has a significant effect. Indeed, this variable presents a positive and significant effect. This effect
is more important at market entry, in the lowest percentiles of MF Penetration Rate. This offers
support to some studies suggesting that during the global financial Crisis microfinance was an in-
teresting diversification opportunity for investors (Krauss and Walter, 2008) and as MFIs become
more commercialized they are more affected by global financial markets (Wagner and Winkler,
2013). Interestingly, this effect is the strongest in the least penetrated markets because these are
the most decoupled from the global financial markets, and thus the ones offering the highest diver-

sification potential.

5.2.6 Knowledge

In our baseline specification, our main Knowledge indicator is the average Primary Years of school-
ing of the overall population. When the whole sample is considered this variable is insignificant.
It becomes significant when we exclude high-income countries and reduce the noise of the speci-
fication. In particular, a higher average of Primary Years in a given country year has a negative
impact on microfinance market development. Such negative impact gets stronger as microfinance
markets develop. Similar to GDPpc, a low average Primary Years is related to important devel-
opment needs, and our results indicate that MFIs tend to enter those markets where these needs
are more important, and are better placed to respond to those needs in markets that already have

some microfinance market structure in place.

We consider different measures of Knowledge in Table 12 to explore this in more detail. We
include Secondary Years of schooling, Primary completion rate for the total population (% of rele-
vant group) and of the female population Primary Female, as well as Lower Secondary completion
rate for the total population (% of relevant group) and of the female population Lower Secondary

Female. However, when we consider all these variables, the effect that we captured before is blurred.
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This may be because MFIs need some human capital in order to reach the poor, but also tend to
go where human capital is the lowest and there are higher development needs. Our results suggest

that it is hard to disentangle these two effects from each other.

6 Robustness Checks

6.1 Lags

In order to address potential endogeneity concerns even further, we propose to consider the lagged
values of our measures of Enabling Institutions and Formal Financial Development. In particular,
we consider a one year lag for Depth of Credit Information (IDBdepthcreditinfo) and Bank Branches
(IBankBranches). Table 13 shows the Heckman results, and Table 18 shows the quantile results.
The Heckman results are very similar to the ones without lagged values presented in Table 3. The
quantile results are also very similar to the ones without lagged values presented in Table 5. This

confirms the robustness of our results.

6.2 Country Groups

In the sections above, we discussed that the complementarity or substitutability between micro-
finance and formal financial inclusion could depend on the similarities or differences between the
complexity of the microfinance market segment and the complexity of the overal financial market.
In particular, we argued that in group 1 and 2 countries, where complexity in the microfinance seg-
ment is similar to the overall financial market complexity, it is more likely to find a complementary
relationship between microfinance development and formal financial inclusion. On the contrary, in

group 3 and 4 countries, a substitution effect may be more plausible.

We examine this issue further by including dummies for group 2 (low complexity in the microfi-
nance segment and in the overall market) , group3 (high complexity in the microfinance segment and
low in the overall market) and group 4 (low complexity in the microfinance segment and high in the
overall market), as well as their interactions with Bank Branches (BankBranches2, BankBranches3,
and BankBranches/). We exclude group 1, which represents countries with high complexity both

in the microfinance segment and in the overall market, in order to avoid multicollinearity issues.

The Heckman results are presented in Table 14. The results of column (2) and (4) suggest that

the marginal effect of increasing the number of Bank Branches at the market entry stage is still
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not significant, as we have found in Table 3, where no interactions are included. The results of
column (1) and (3) suggest that the marginal effect of increasing the number of Bank Branches
at the market penetration stage is positive and significant, indicating complementarity, as we have
found in Table 3, where no interactions are included. This confirms the robustness of our result

indicating a complementarity between microfinance and the formal financial market.

Interestingly, the marginal effect of increasing the number of Bank Branches at the market
penetration stage increases when countries belong to group 2, as BankBranches2 is significant and
positive. These countries, with low complexity both in the microfinance segment and the overall
market, could be countries where many institutions are un-regulated and where financial markets
overall are not very well developed. Our Heckman results indicate that MFIs find important syner-
gies and collaborations with formal financial institutions in those countries in particular. However,
this result is no longer significant in the quantile approach with group interactions presented in
Table 18.

It is also interesting to see that in our Heckman approach of Table 14, BankBranches4 has a
negative sign. This is also true in some of the percentiles of the quantile approach in Table 18.
This indicates that in these countries, with low complexity in the microfinance segment and high
complexity in the overall market, there might be a slight substitution effect between microfinance
and formal financial inclusion, as we had anticipated. This would indicate that in these countries,
MFTIs would find it harder to create synergies with the formal financial sector. It also suggests that
there might be a threshold level of microfinance market development after which it is easier for
MFTIs to create synergies with formal institutions. However, this effect is not significant and thus

cannot be considered as a strong determinant of MF Penetration Rate.

6.3 Outliers

We also consider if our results would change when we disregard the outliers that we identified when
comparing MIX data with Findexr and FAS, as described in our Data Appendix. The results are
shown in Table 15 for the Heckman Model and in Table 20 for the quantile approach. Our results

are robust in both cases.
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6.4 Replacing Missing Values Using Other MIX Data

There is an important amount of missing observations in the MIX dataset in the number of active
borrowers that MFIs report, i.e. MFI Borrowers; ;; for MFI j in country ¢ and year t. Between
1995 and 2013, 10% of MFIs did not report any information on their number of active borrowers.
Nevertheless, this information can be constructed using other available MIX data. In particular,
for the institutions that do not report their number of active borrowers but report their gross loan
portfolio, we can consider the country average of MFIs’ average loan balance and calculate the

following proxy:
Gross Loan Portfolio

MFI Borrowers Proxy 1;,;, = Average Loan Balancje;: (7)
Replacing missing observations in the original dataset with proxy 1 reduces the number of institu-
tions with no information on their number of active borrowers from 10% to 3%. Moreover, for the
institutions that do not report their gross loan portfolio, we can consider the country average of

both the MFIs’ gross loan portfolio and their average loan balance to calculate the following proxy:

Gross Loan Portfolio, ,

(8)

MFI Borrowers Proxy 2;;, = Average Loan Balance, ;

Replacing missing observations in the original dataset with proxies 1 and 2 reduces the number of

institutions with no information on their number of active borrowers from 10% to 0.5%.

We use MFI Borrowers Proxy 1 and MFI Borrowers Proxy 2 and re-run our results in Tables
16 and 17 for the Heckman approach, and in Tables 21 and 22 for the quantile approach. Also in

this case, our results are robust.

6.5 Year Fixed Effects and Crisis Dummy

As we have argued, performing fixed year effects or using a dummy for the years of the global
financial Crisis in our sample performs very similarly. Table 23 shows a simple OLS estimation
in which this can be seen. Column (2) shows the results with year fixed effects, while column (3)
shows the results when using the Crisis dummy instead. All the coefficients behave very similarly,
and in the third column we preserve the degrees of freedom in our estimation. Thus we use our

Crisis dummy in our analysis.
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7 Conclusions

Half the world is still unbanked. This lack of financial inclusion affects disproportionately the bot-
tom of the pyramid. Until now, the data to understand how to include the poorer segments of the
population in financial markets has been lacking. We use microfinance data to provide this infor-
mation. In particular, we consider the methodology proposed by Krauss et al. (2012) to calculate
an index of microfinance market penetration MF Penetration Rate, considering the total number
of microfinance borrowers as a share of working age population below the national poverty line.
We provide this index for 109 countries around the world during the last decade in an Online Data
Appendix??, together with a detailed comparison with the best proxies from the currently available
Findexr and FAS datasets.

We use a quantile regression approach with fixed effects to understand the dynamics of our MF
Penetration Rate. This methodology has several advantages: 1) It accounts for the dynamic and
heterogeneous impacts that key drivers of microfinance market penetration have across different
stages of market development. 2) It correctly acknowledges the non-normality of our variable of
interest and helps us better understand the outliers in the sample. 3) It allows us to address poten-
tial endogeneity concerns. By using our panel dataset on microfinance market penetration and the
quantile regression methodology, we are able to contribute to the literature with a more precise and
robust understanding on the key drivers and dynamics of microfinance penetration across different

stages of market development.

Our findings indicate that microfinance institutions (MFIs) are more responsive to the needs of
the bottom of the pyramid, reflected in lower GDP per capita and lower Primary Years of school-
ing, than to potential growth opportunities reflected in higher GDP growth. The ability that MFIs
have to respond to these needs is higher once microfinance markets are more mature, and a relevant
market infrastructure is already in place. However, the overall level of Employment in the econ-

omy is a criterion that MFIs consider both at market entry and at higher market penetration stages.

Our results also indicate that at market entry, overall indicators of credit information quality are
very important. At higher levels of microfinance market development, a more refined institutional

setting must be in place to help MFIs deal with increasing levels of complexity, which could be due

29Please refer to: http://www.cmf.uzh.ch/penetrationdata.html.
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to multiple and cross-borrowing and could imply a risk of over-indebtedneess. Interestingly, while
Public Registry coverage is significant at high levels of microfinance market development, Private
Bureau coverage is not. With the public institutions, MFIs may find more chances to enforce credit

information sharing, which may not be possible in the case of the private credit information agencies.

We also find that financial development, both informal and formal, is a complement of and
not a substitute for microfinance development. At market entry and the lower levels of market
penetration, received Remittances (% of GDP) act as a complement for microfinance development.
At higher levels of market development, Bank Branches (per 100,000 adults) play the same role.
Our results indicate that MFIs find important synergies and collaborations with other financial
institutions particularly in countries with low complexity both in the microfinance segment and
the overall market. These could be countries where many institutions are un-regulated and where
financial markets overall are not very well developed. On the contrary, in countries with low com-
plexity in the microfinance segment and high complexity in the overall financial market, there is
a statistically insignificant substitution effect between microfinance and formal financial inclusion.
This suggests that there might be a threshold level of microfinance market development after which

it is easier for MFIs to create synergies with other financial institutions.

We consider indicators of the competition and concentration in the formal financial sector and
find no statistically significant relationship with microfinance market development. Similarly, fac-
tors such as inflation, FX, and aid inflows are not important determinants of microfinance market
development. We also consider different interest rates (deposit, lending and real) of the formal
financial sector and find no significant relationship. This suggests a decoupling of the microfinance
market prices from the overal financial market prices, and constitutes an interesting research avenue
for further studies. Indeed, it would be important to detemine to what extent microfinance prices
respond to costs, value added services and risks, or if they are more driven by market power. It
would also be important to better understand how exactly microfinance prices have managed to

decouple from the overall financial system prices.

We also find that technologies can help to overcome market entry barriers, in particular, Mobile
Phones subscriptions. This suggests that e-money solutions can be important enablers in the early
stages of market development, as they can help MFIs overcome potential geographical constraints
and transaction costs that may limit their ability to reach the poor with affordable services. At
higher levels of market development, Mobile Phones subscriptions and Internet Users are also im-

portant. This suggests that technologies enable MFIs to have a more timely relationship with their

34



customers, which may be crucial as markets mature and become more complex.

The detailed insights provided in this paper are specific for different stages of microfinance
market development and can better guide policymarkers and investors to prioritize their efforts
in a particular context to increase financial inclusion at the bottom of the pyramid. Our robust
specification is able to address potential endogeneity concerns. This is very important to guarantee
that these efforts are focused on the key causal drivers of microfinance market development, and
not only on those factors that may have a high correlation but play no causal role. Our findings
are also important for other industries reaching the poor with products, services and opportunities
in commercially viable ways. Using the rich and widely available microfinance data, our results can
guide industries for which less comparable information is available. In particular, our findings can
shed light on which are the most important barriers to scale-up other inclusive innovations, and

how they evolve across different stages of market development.
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8 MF Penetration Rate

Table 1: MF Penetration Index, 2012

MF Penetration Index

Ranking  Country 2012 CAGR b5y  Average 5y
1 Azerbaijan 126.6 41.6 52.6
2 Cambodia 81.4 31.0 49.0
3 Paraguay 74.5 28.1 27.2
4 Peru 73.6 17.0 49.6
5 Vietnam 71.0 7.5 59.1
6 Mongolia 64.3 4.8 55.0
7 Bangladesh 62.1 -0.4 63.4
8 Bhutan 56.1 16.8
9 Bosnia and Herzegovina 49.8 -8.1 71.4
10 Jordan 47.7 18.1 304
11 Georgia 47.1 17.5 25.7
12 Bolivia 39.3 11.4 28.8
13 Ecuador 35.8 13.7 23.7
14 Armenia 35.5 12.9 35.2
15 Morocco 34.8 -14.1 54.2
16 Montenegro 34.8 -23.3
17 Kyrgyzstan 29.4 13.0 26.3
18 Kazakhstan 28.0 39.9 8.5
19 Colombia 23.7 10.7 17.9
20 Brazil 19.1 39.0 7.2
21 Ethiopia 18.1 9.4 9.4
22 Tunisia 18.0 35.8 9.5
23 Philippines 17.9 6.4 18.0
24 Nicaragua 17.4 -12.1 26.5
25 Albania 16.6 -4.6 30.5
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MF Penetration Index

Ranking  Country 2012 CAGR 5y  Average 5y
26 Sri Lanka 15.8 -14.9 57.3
27 Nepal 15.8 4.2 17.1
28 India 15.5 33.6 8.8
29 Benin 15.2 16.3 10.1
30 Mexico 14.8 5.2 13.6
31 Chile 14.7 -5.9 14.7
32 Dominican Republic 11.8 14.6 10.7
33 Kenya 11.2 2.8 11.9
34 Jamaica 10.7 3.9
35 Pakistan 10.3 7.6 8.8
36 Guatemala 9.5 6.2 7.5
37 El Salvador 9.0 -9.7 12.5
38 Tajikistan 8.6 13.9 5.5
39 Argentina 7.8 36.0 6.2
40 Suriname 7.8 2.2
41 Senegal 7.1 -0.6 8.3
42 Honduras 6.1 -6.0 7.2
43 East Timor 5.8 0.6 5.4
44 Lebanon 5.7 20.1 4.1
45 Togo 5.0 1.9 5.1
46 Trinidad and Tobago 4.8 23.7 1.2
47 Ghana 4.7 -11.0 8.1
48 Uganda 4.7 -3.2 8.0
49 Turkey 4.6 147.2 1.5
50 Guyana 4.5 1.9
51 Egypt 4.5 -9.5 8.4
52 Saint Lucia 4.4 0.0
53 Malawi 4.0 19.2 3.4
54 Tanzania 3.9 -0.5 4.6
55 Palestine 3.3 -2.1 6.3
56 Namibia 3.3 35.6 0.4
57 Macedonia 3.2 -214 9.5
58 Rwanda 2.9 14.9 2.2
59 Burundi 2.9 52.4 1.1
60 Laos 2.9 0.6
61 Guinea 2.9 -3.4 2.4
62 Nigeria 2.6 17.8 2.8
63 Cameroon 2.5 -0.8 3.8
64 Panama 2.5 4.3 3.0
65 Serbia 2.5 -26.4 8.8
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MF Penetration Index

Ranking  Country 2012 CAGR by  Average 5y
66 Burkina Faso 2.5 -8.7 4.8
67 Haiti 24 -3.8 3.1
68 Afghanistan 2.2 -23.1 5.8
69 Costa Rica 2.1 -1.7 3.1
70 Indonesia 2.1 18.1 5.4
71 Ivory Coast 1.9 202.9 1.0
72 Moldova 1.7 -9.2 34
73 Liberia 1.6 14
74 Fiji 1.4 0.3
75 Sierra Leone 1.3 -14.7 2.2
76 Russia 1.3 2.2 1.0
77 Iraq 1.2 52.4 1.2
78 China, People’s Republic of 1.2 74.8 2.1
79 Zambia 1.1 22.0 0.5
80 Madagascar 1.0 14.8 0.9
81 Uzbekistan 0.9 -12.0 2.5
82 Syria 0.7 10.6 0.4
83 Congo, Democratic Republic of the 0.6 18.1 0.4
84 Yemen 0.6 1.5 0.9
85 Chad 0.5 -1.6 0.6
86 Congo, Republic of the 0.5 2.6
87 South Sudan 0.5 2.5 0.4
88 Romania 0.5 -21.6 1.5
89 Poland 0.5 5.7 0.3
90 Mozambique 0.4 -17.5 1.0
91 Niger 0.4 -30.2 1.8
92 Zimbabwe 0.4 0.1
93 Bulgaria 0.3 -46.4 4.5
94 Gambia, The 0.2 2.6 2.4
95 Papua New Guinea 0.1 -29.1 0.5
96 South Africa 0.1 -61.9 6.5
97 Ukraine 0.0 -50.8 1.3
98 Angola 0.0 -100.0 0.3
99 Belize 0.0 8.1
100 Swaziland 0.0 -100.0 1.5
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9 Summary Statistics

Figure 2: MFI Penetration Rate - Basic Model Sample
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Table 2: Description of the variables and Summary Statistics

Description of the variables

Share of microfinance borrowers, % of the working age population

MF Penetration Rate . . MIX and WDI
(age 154) under the national poverty line

Income

GDPgrowth GDP growth (annual %) WDI

GDPpcTh GDP per capita (constant 2005 USD, thousands) WDI

classif Income Classification World Bank

Enabling Institutions

DBdepthcreditinfo Depth of Credit Information Index (0-6) Doing Business
DBlegalrights Strength of Legal Rights Index (0-10) Doing Business
DBprivatebureau Private Bureau Coverage (% of adults) Doing Business
DBpublicregistry Public Registry Coverage (% of adults) Doing Business
Geography and Technology
PopDenHun Population Density (people per sq. km of land area, hundreds) WDI
RurPop Rural Population (% of total population) WDI
MobilePhones Mobile Phones subscriptions (per 100 people) WDI
InternetUsers Internet Users (per 100 people) WDI
Formal Financial Development
BankBranches Bank Branches (per 100,000 adults) WDI
ATM ATM (per 100,000 adults) WDI
RemitReceivedGDP Personal Received Remittances (% of GDP) WDI
DomCreditByFin Domestic Credit provided by the financial sector (% of GDP) WDI
Formal Financial Market Characteristics
netinterestmg Banks’ Net interest margin GFDD
nonrincome Banks’ Non Rate Income GFDD
concentration Degree of bank Concentration GFDD
bcompetition Boone indicator of Competition GFDD
Macroeconomic Environment
EmplIL.O Employment to population ratio (%, ages 15-24 over total, ILO) WDI
GInflation Growth of consumer prices Inflation (annual %) WDI
GFX Growth of official exchange rate FX (LCU per US$, period average) WDI

. Growth of Net official development assistance and official aid received
GOdaAid WDI

(constant 2011 US$)

Interest Rates
DepositRate Deposit Interest Rate (%) WDI
LendingRate Lending Interest Rate (%) WDI
RealRate Real Interest Rate (%) WDI
Knowledge
PrimaryYears Primary Years of education WDI
Primary Primary completion rate, total (% of relevant age group) WDI
PrimaryFemale Primary completion rate, female (% of relevant age group) WDI
LowerSecondary Lower Secondary completion rate, total (% of relevant age group) WDI
LowerSecondaryFemale  Lower Secondary completion rate, female (% of relevant age group) WDI
Secondary Years Secondary Years of education WDI
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Summary Statistics

N Mean Sd P10 P25 P50 P75 P90 Min Max
MF Penetration Index 2’069 4.9 12.5 0.0 0.0 0.0 3.6 14.7 0.0 131.1
Income
GDPgrowth 1’882 4.3 5.9 -1.0 1.9 4.2 6.7 9.1 -62.1 104.5
GDPpcTh 1’868 11.6 18.4 0.4 0.9 3.4 14.2 36.5 0.1 158.8
classif 2’006 2.6 1.1 1.0 2.0 3.0 4.0 4.0 1.0 4.0
Inequality
Gini 353 42.2 9.1 30.9 34.8 41.1 49.0 55.2 24.2 67.4
IncShSecond20 351 10 2 7 8 10 12 13 4 15
IncShThird20 351 14.5 2.1 11.5 13.1 14.8 16.1 17.0 7.1 18.7
IncShFourth20 351 21.1 1.5 19.0 20.3 21.4 22.2 22.5 12.7 23.4
IncShHigh20 352 48.6 7.4 39.5 42.8 47.2 53.8 59.4 33.7 72.2
IncShHigh10 352 33.1 7.1 24.9 27.7 31.8 38.0 43.3 19.5 60.2
IncShLow10 352 2.3 1.0 0.8 14 2.4 3.2 3.6 0.3 4.4
IncShLow20 352 5.8 2.1 2.8 3.9 6.0 7.7 8.6 1.5 9.9
Institutions
DBdepthcreditinfo 1’365 2.9 2.2 0.0 0.0 3.0 5.0 6.0 0.0 6.0
DBlegalrights 1’365 5.3 2.5 3.0 3.0 5.0 7.0 9.0 0.0 10.0
DBprivatebureau 1’365 20.2 32.0 0.0 0.0 0.0 32.9 78.7 0.0 100
DBpublicregistry 1’365 5.6 12.8 0.0 0.0 0.0 3.1 20.5 0.0 100.0
Geography and Technology
PopDenHun 2’059 3.9 18.6 0.1 0.3 0.8 2.0 4.2 0.0 198.9
RurPop 2’029 42.7 24.2 8.7 23.2 42.3 62.7 77.3 0.0 91.1
MobilePhones 1’948 68.1 46.6 6.3 25.8 67.0 102.8 126.4 0.0 289.8
InternetUsers 1’924 28.1 26.6 1.1 4.6 19.7 47.7 70.0 0.0 96.2
Formal Financial Development
BankBranches 1’469 18.7 19.6 1.9 4.6 13.0 24.5 40.4 0.1 126.1
ATM 1’343 39.6 43.6 1.1 5.4 27.4 56.7 99.5 0.0 282.5
RemitReceived GDP 1’534 4.5 7.0 0.1 0.4 1.7 5.3 13.9 0.0 57.5
DomCreditByFin 1’691 62.9 60.8 8.1 19.9 46.2 90.6 146.3 -114.7 349.0
Formal Financial Market Characteristics
netinterestmg 1’529 4.8 3.0 1.4 2.6 4.3 6.4 8.8 0.0 20.5
nonrincome 1’548 39.2 14.6 22.8 29.1 37.7 47.7 58.9 0.0 95.7
concentration 1’331 71.5 19.3 45.0 56.6 72.1 87.7 98.0 21.8 100.0
bcompetition 1’385 0.0 0.3 -0.1 -0.1 -0.1 0.0 0.0 -2.2 5.7
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Summary Statistics

N Mean Sd P10 P25 P50 P75 P90 Min Max

Macroeconomic Environment

EmplIL.O 1’709 40.0 15.0 21.2 28.4 39.1 50.9 59.8 11.4 78.8
InformalCompet 143 57.7 17.8 33.1 45.9 60.3 70.4 78.1 10.7 90.1
FormalFirms 127 87.9 13.0 74.0 82.6 91.3 97.3 98.6 17.9 100.0
InformalYears 127 0.9 1.8 0.0 0.2 0.5 1.0 2.0 0.0 17.2
InformalConstr 152 33.1 15.9 12.2 22.0 31.1 41.3 55.0 0.0 76.0
Glnflation 1’671 0.2 12.9 -0.8 -0.4 0.0 0.5 1.4 -390.2 208.5
GFX 1’686 415.8 16903.5 -0.1 0.0 0.0 0.0 0.1 -0.3 694043.6
GOdaAid 1’423 0.2 2.8 -0.4 -0.2 0.0 0.2 0.6 -34.2 72.8
Interest Rates

DepositRate 1’470 5.6 5.4 1.3 2.9 4.1 7.5 11.1 0.0 103.2
LendingRate 1’370 14.6 23.9 5.5 7.8 11.5 16.6 22.6 0.5 579.0
RealRate 1’357 7.3 24.1 -2.7 1.7 5.1 9.7 15.4 -41.9 572.9
Knowledge

PrimaryYears 1’984 5.7 0.9 4.0 5.0 6.0 6.0 7.0 3.0 8.0
Primary 1’234 87.9 19.9 57.1 79.8 94.8 100.1 104.5 21.3 189.1
PrimaryFemale 1’203 86.9 22.0 51.7 78.2 95.1 100.5 105.1 17.4 187.5
LowerSecondary 1’100 78.5 38.9 20.6 51.3 82.1 107.2 125.4 2.8 203.0
LowerSecondaryFemale 1’068 78.6 40.2 16.9 48.4 83.3 107.6 125.0 2.1 205.7
Secondary Years 1’939 6.3 0.9 5.0 6.0 6.0 7.0 7.0 4.0 9.0
LiteFemMale 316 94.7 12.2 75.1 95.7 100.0 100.5 101.5 43.6 124.1
LiteYoung 316 89.4 16.9 65.1 87.1 97.8 99.0 99.7 23.5 100.0
LiteAdult 316 81.9 19.9 50.6 73.7 90.6 95.4 98.7 15.5 100.0
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10 Results

Table 3: Heckman Model - Basic Model

(1) @) 3) )
VARIABLES index1 select index1 select
classif -0.356*** -0.391%**
(0.131) (0.148)
GDPgrowth 0.296* 0.041%%* 0.284 0.042%***
(0.178) (0.012) (0.198) (0.013)
GDPpcTh -3.825%*F  _(.160%F*  -3.832%**  _(.173***
(0.699) (0.026) (0.799) (0.038)
DBdepthcreditinfo 3.671HF* 0.240%** 3.7T3HH* 0.262***
(0.609) (0.033) (0.705) (0.036)
PopDenHun 1.527%%* -0.057* 1.477*%* -0.079**
(0.478) (0.031) (0.526) (0.032)
BankBranches 0.277%%* -0.001 0.268*** -0.003
(0.064) (0.006) (0.071) (0.006)
EmplILO 0.084 0.011%* 0.089 0.009%*
(0.056) (0.005) (0.065) (0.005)
PrimaryYears SATTE**E _0.424%FF 5 416%FF _(0.543%**
(1.184) (0.074) (1.470) (0.084)
lambda 20.306*** 21.982%** 0
(5.851) (7.529) 0
Constant 22.377HF*  3.491%F*  25.523%** 4 360***
(5.793) (0.503) (6.765) (0.570)
Observations 1,164 1,164 846 846
Censored obs 449 449 144 144
Uncensored obs 715 715 702 702

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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11 Robustness Checks

Table 13: Heckman Model - Basic Model - With Lags

(1) @) 3) )
VARIABLES index1 select index1 select
classif -0.377F** -0.450***
(0.139) (0.161)
GDPgrowth 0.467** 0.041*** 0.519* 0.044***
(0.236) (0.013) (0.308) (0.014)
GDPpcTh -4.318%**  _Q.157*F**  _4.355%F** (. 142%**

(0.906) (0.028) (1.145) (0.044)
IDBdepthcreditinfo 4.326%F* 0.230%** 4.621%%* 0.248***
(0.779) (0.036) (1.041) (0.039)

PopDenHun 1.307** -0.066** 1.209 -0.090%**
(0.616) (0.033) (0.787)  (0.034)
IBankBranches 0.216** 0.001 0.191* -0.003
(0.085) (0.006) (0.110)  (0.007)
EmplILO 0.092 0.009* 0.120 0.007
(0.072) (0.005) (0.099) (0.005)
PrimaryYears -5.592%**  _(0.423%F*  _6.956%*F*F  _(0.555***
(1.538) (0.080) (2.278) (0.093)
lambda 24.454%%* 30.768%**
(7.500) (11.689)
Constant 26.385*** 3.648%** 31.155%*%* 4.622%**

(7.649) (0.549)  (10.427)  (0.634)

Observations 1,164 1,164 846 846
Censored obs 449 449 144 144
Uncensored obs 715 715 702 702

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 14: Heckman Model - Basic Model - With Country Group Interactions

M) 2) ) @)
VARIABLES index1 select index1 select
classif -0.404*** -0.4471%**
(0.135) (0.155)
GDPgrowth 0.177 0.045%** 0.148 0.045%**
(0.169) (0.013) (0.170) (0.014)
GDPpcTh -3.369%**  _0.153%*F* 3. 278%F*k (. 171***
(0.652) (0.026) (0.665) (0.039)
DBdepthcreditinfo 3.290%** 0.245%** 3.283*** 0.270***
(0.555) (0.034) (0.568) (0.037)
PopDenHun 1.598%*** -0.043 1.570*** -0.063*
(0.443) (0.032) (0.448) (0.033)
BankBranches 0.2777%%* 0.001 0.272%%%* -0.002
(0.061) (0.006) (0.062) (0.007)
BankBranches?2 2.205* 18.595 2.194* 24.361
(1.238) (0.000) (1.239) (0.000)
BankBranches3 0.456 -0.013 0.451 -0.014
(0.299) (0.036) (0.299) (0.037)
BankBranches4 -0.272 -0.012 -0.258 0.014
(0.222) (0.026) (0.230) (0.040)
EmplILO 0.081 0.012** 0.078 0.010*
(0.053) (0.005) (0.055) (0.005)
Primary Years S4.422%FF _(0.464%FF  _4.836***  -0.595%**
(1.113) (0.076) (1.229) (0.087)
group2 -7.915 143.951 -7.808 187.394
(6.208) (0.000) (6.226) (0.000)
group3 2.579 0.282 2.825 0.278
(3.945) (0.414) (3.948) (0.418)
group4 3.394 1.180** 2.871 0.928
(4.470) (0.510) (4.495) (0.575)
lambda 17.121%%* 17.222%**
(5.442) (5.968)
Constant 21.812%*%*  3.616%**  24.446*** 4 579***

(5.353) (0.511) (5.721) (0.585)

Observations 1,164 1,164 846 846
Censored obs 449 449 144 144
Uncensored obs 715 715 702 702

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 15: Heckman Model - Basic Model - Without Outliers

) @) 3) (4)
VARIABLES index1 select index1 select
classif -0.354%** -0.419%**
(0.125) (0.142)
GDPgrowth 0.306 0.038%** 0.294 0.038%**
(0.193) (0.012) (0.220) (0.013)
GDPpcTh -3.949%** (0. 150%F*  _3.950***  -(.153***
(0.778) (0.024) (0.921) (0.037)
DBdepthcreditinfo 3.743%%* 0.211%%* 3.846*** 0.228***
(0.649) (0.032) (0.778) (0.034)
PopDenHun 1.518%** -0.054* 1.456%* -0.076**
(0.506) (0.030) (0.569) (0.031)
BankBranches 0.290%** 0.003 0.284*** 0.002
(0.068) (0.006) (0.076) (0.006)
EmplILO 0.074 0.006 0.077 0.003
(0.058) (0.004) (0.068) (0.005)
PrimaryYears -4.970%*FF  .0.396%FF  _5.704%***  (.499%**
(1.310) (0.071) (1.717) (0.079)
lambda 21.551%%* 23.739%** 0
(6.670) (9.125) 0
Constant 22.947H%* 3.418%** 26.432%** 4.237HF*
(6.241) (0.487) (7.575) (0.548)
Observations 1,164 1,164 846 846
Censored obs 464 464 159 159
Uncensored obs 700 700 687 687

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 16: Heckman Model - Basic Model - With Proxyl

) @) ) @)
VARIABLES index1 select index1 select
classif -0.352%** -0.387***
(0.131) (0.148)
GDPgrowth 0.209 0.042%** 0.127 0.042***
(0.367) (0.012) (0.372) (0.013)
GDPpcTh -3.841%* -0.160*** -3.322%* -0.173***
(1.573) (0.026) (1.599) (0.038)
DBdepthcreditinfo 3.889%** 0.238%** 3.58T*** 0.259***
(1.293) (0.033) (1.353) (0.036)
PopDenHun 1.768* -0.058* 1.794%* -0.080**
(0.983) (0.031) (0.994) (0.032)
BankBranches 0.455%** -0.000 0.456*** -0.003
(0.127) (0.006) (0.128) (0.006)
EmplILO -0.153 0.011** -0.175 0.009*
(0.116) (0.005) (0.122) (0.005)
Primary Years -5.315%*F  -0.426%** -5.103* -0.546%**
(2.497) (0.074) (2.822) (0.084)
lambda 15.265 10.646
(13.883) (15.811)
Constant 38.089%**  3.498%**  30.123%F* 4 369%**
(11.709) (0.503) (12.553) (0.570)
Observations 1,165 1,165 847 847
Censored obs 449 449 144 144
Uncensored obs 716 716 703 703

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 17: Heckman Model - Basic Model - With Proxy2

) @) ) @)
VARIABLES index1 select index1 select
classif -0.352%** -0.387***
(0.131) (0.148)
GDPgrowth 0.235 0.042%** 0.152 0.042***
(0.371) (0.012) (0.376) (0.013)
GDPpcTh -3.951%F  -0.160%**  -3.430%*  -0.173***
(1.589) (0.026) (1.616) (0.038)
DBdepthcreditinfo 3.985%** 0.238%** 3.67TH** 0.259***
(1.307) (0.033) (1.368) (0.036)
PopDenHun 1.795% -0.058* 1.818%* -0.080**
(0.995) (0.031) (1.005) (0.032)
BankBranches 0.455%** -0.000 0.456*** -0.003
(0.128) (0.006) (0.129) (0.006)
EmplILO -0.155 0.011** -0.178 0.009*
(0.118) (0.005) (0.124) (0.005)
Primary Years S5.ATAFE 0.426%FF -5.259%* -0.546%**
(2.525) (0.074) (2.853) (0.084)
lambda 15.779 11.023
(14.029) (15.982)
Constant 38.998%** 3. 498%F*F  40.103**F*F  4.369***
(11.844)  (0.503)  (12.694)  (0.570)
Observations 1,165 1,165 847 847
Censored obs 449 449 144 144
Uncensored obs 716 716 703 703

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 23: Year Fixed Effects and Crisis Dummy

0 ) )
GDPgrowth 0.211%* 0.319%** 0.258%**
(0.095) (0.102) (0.097)
GDPpcTh -0.354%** -0.341%** -0.3517%**
(0.035) (0.035) (0.035)
DBdepthcreditinfo 1.305%** 1.202%%* 1.306%**
(0.216) (0.217) (0.215)
PopDenHun 0.038 0.034 0.037
(0.054) (0.054) (0.054)
BankBranches 0.104*** 0.103%** 0.1047%**
(0.028) (0.028) (0.028)
EmplILO 0.104%** 0.103*** 0.103***
(0.030) (0.030) (0.030)
PrimaryYears -3.029%*** -3 117 -3.035%**
(0.508) (0.506) (0.507)
crisis 1.985%**
(0.881)
Constant 17.436%** 14.494%** 16.514%**
(3.093) (3.281) (3.114)
Observations 1,164 1,164 1,164
R-squared 0.149 0.163 0.153
Year FE No Yes No

Standard errors in parentheses
R p<0.01, ** p<0.05, * p<0.1
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12 Data Appendix

In this Data Appendix we propose a battery of tests to check the quality of the MIX data used to
build our MF Penetration Rate. We start by comparing MIX, which is a supply-side database with
FAS, which also corresponds to the supply side. Using MIX active borrowers data at the country
level and WDI population statistics, it is possible to calculate an indicator of MFI borrowers by
1,000 adults (age 15 and older) based on MIX data’. This figure can be compared with the same
statistic reported by the IMF in FAS. Even if this last figure is available only for 15 countries be-
tween 2004 and 2012, comparing it with the MIX indicator is a good exercise to assess the quality
of this last dataset. As can be seen in Figure 14, most countries are very close to the 45 degree

line, indicating that MIX and FAS estimates are very close.

Findex provides information for 164 countries across the world. However, it is not possible
to make a direct comparison of MIX and Finder data. Indeed, while MIX provides supply-side
data, Findex provides demand-side data. Moreover, MIX provides information only of MFIs, while
Findex provides aggregated data that corresponds to the services provided by formal financial in-
stitutions, including but not limited to MFIs. In order to solve this problem, we proceed as follows:
Using MIX and WDI, we create an indicator of the share of adults (age 15 and over)3! that had

32 We consider the national share of adults with a formal

borrowed from a MFT in a given year
loan reported by Findez®3. We multiply this last figure by the market share of microfinance at the

country level. We calculate this national microfinance market share using FAS data on the number

39We do not focus here on the poor population as we do in our MF Penetration Rate because we want this data to

be comparable also to FAS indicators on microfinance penetration, which cannot be disaggregated by income level.

31We do not focus here on the poor population as we do in our MF Penetration Rate because we want this data to

be comparable also to FAS indicators on microfinance penetration, which cannot be disaggregated by income level.

32There are 4 countries that do not have data on the number of microfinance borrowers for any of the years in the
MIX sample: Belarus, Grenada, Slovakia, and Vanuatu. Other countries have no MIX data for 2011, which is the
year in which Findez data is available: Croatia, Gabon, Guinea-Bissau, Hungary, Malaysia, Namibia and Zimbabwe.
For these countries, the last available observation and the observed annual growth rate are used as a proxy. If the

annual growth rate cannot be calculated, then the last and next available observation are used.

330ut of the 120 countries in the MIX sample, 16 have no Findex data. In order to approximate feasible values for
Findex national shares of formal borrowers, we estimate a simple linear regression of this variable on countries” GDP
per capita with country and year fixed effects, using WDI data. Myanmar and South Sudan do not have readily

available WDI data on GDP per capita, thus this approximation is not possible for these two countries.
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of microfinance borrower accounts over the total number of borrower accounts>.

Once all of this information is taken into consideration, a closer comparison of MIX and Findex
data is possible in Figure 15. As can be seen in the figure, in many countries, the MIX share of MFI
borrowers is higher than the best proxy that we have for the Findex share of MFI borrowers (these
countries are above the 45 degree line in Figure 15). In order to understand if these discrepancies
are due to data failures or to country characteristics, it is useful to reproduce the picture that Fig-
ure 15 gives on the microfinance market segment for the overall financial market. We achieve this
by using FAS data to calculate the total amount of formal borrower accounts for a given country
year®®, and divide this number using WDI population data. The resulting numbers are plotted in
Figure 16 together with the Findex share of formal borrowers. While Figure 15 depicts only the

microfinance market segment, Figure 16 considers all the financial market.

According to their position in Figures 15 and 16, different countries can be classified into four
groups, as we have explained in our paper. Tables 24 and 25 list countries in Group 1 and 2. The

first column shows the ratio of the MIX indicator of the national share of microfinance borrowers

over the corresponding Findex proxy, i.e. #ﬁgro}(y. The second column shows the ratio of the
FAS indicator of the share of formal borrowers over the corresponding Findex figure, i.e. Fﬁiﬁx'

The third column shows the ratio between column 1 and 2. Higher values indicate that according
to the figures there is more complexity in the microfinance market segment than in the overall

financial market, suggesting that there might be more multiple borrowing in the former than in the

34The FAS indicator of the national microfinance share of the market is only available for 15 countries. Two of
these countries do not have this information for 2011, which is the year for which Findez information is available:
Benin has data only until 2009, which we use also for 2011. Zambia has only information for 2012, which we take
also for 2011. For the remaining countries, we use the predicted values from a linear regression of this parameter on
countries’” GDP per capita with country and year fixed effects, using WDI data. In the cases where such prediction
yields national microfinance market shares higher than 1 or lower than 0, the average of the corresponding World
Bank country income classification is used. In the cases where this is not available, the average of the corresponding

region is used.

35We replace missing values for countries with some FAS information, but not for 2011 and not for the years in
which MIX information is present, the last available observation and the observed annual growth rate are used as a
proxy. If the annual growth rate cannot be calculated, then the last and next available observation are used.. Out
of the 120 countries in MIX sample, 36 have no FAS data for any year. In order to approximate feasible values for
FAS national shares of formal borrowers in these cases, we estimate a simple linear regressions of this variable on
countries’” GDP per capita with country and year fixed effects, using WDI data. Since South Sudan does not have

GDP per capita information, this procedure is not possible in this particular case.
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latter. The last column shows the kurtosis of the MIX data under consideration. Figures higher

than 3, indicate that MIX data presents fat tails®6.

All the countries in Groups 1 and 2 have a more similar behaviour in the microfinance market
segment than in the overall financial market. However, in some countries the complexity in the
microfinance market is much higher than in the overall financial market, showing a very high value
in column 3. In particular, according to the figures in Table 24, the microfinance market is at least
10 times more complex than the overall financial markets for Brazil, Kyrgyzstan, Burkina Faso,

Chad, Senegal, Benin, Pakistan, Mali and Comoros.

Moreover, some countries present MIX data with high kurtosis. This is the case of Moldova,
Nigeria, and Sudan. We plot MIX and comparable Findex and FAS data in our Online Data

37 Graphically it is easy to see those countries where MIX data presents unusual be-

Appendix
haviour. In particular, Nigeria in 2009 has a very strong spike that could be considered as an
outlier. The same is true for Burkina Faso in 2011. In the case of Mali, on the other hand, there is
a sharp decrease in 2012 that could be considered as an outlier. Comoros, on the other hand has
only information for 2011, which is not enough to judge its quality, so it could also be considered

as an outlier. All the other countries in this group show a relatively stable behaviour of MIX data3®.

The remaining countries can be classified in Groups 3 and 4. These countries are listed in
Tables 26 and 27. Most of the countries in Table 26 have a microfinance market complexity that
is 10 times higher than the overall financial market, according to our measure in column 3. These

countries, especially Bolivia and Kenya, are clear leaders in the development of financial services

36The normal distribution has a kurtosis value of 3.
37Please refer to http://www.cmf.uzh.ch/penetrationdata.html.

3®Brazil shows a very high % ratio in Table X. Indeed, while the MIX indicator of the national share
of microfinance borrowers for 2011 is of 1.51%, the corresponding Findex proxy is close to 0%. We find such a low
figure because the FAS microfinance share of the market is close to 0%. According to MIX data only 29% of MFIs
were regulated in Brazil in 2011, which means that most of the MFIs in the country report to FAS. Moreover, it
is evident from the Brazilian plot in Figure X that FAS figure of formal borrowers, which for 2011 is close to 70%,
reflects the upper-end Brazilian fast-growing financial market, which is not necessarily reflected into good financial
inclusion indicators for the overall population. The share of formal financial borrowers according to Findex is of 6%,
which means that the MIX figure of 1% microfinance borrowers is credible. Moreover, MIX data presents a very

stable trend over all available years
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at the bottom of the pyramid and are lower middle-income and low-income countries. Thus, it is
feasible that complexity is higher in the microfinance than in the overall financial market. All these
countries are plotted in our Online Data Appendix. Graphically it is easy to see that there are
important outliers of MIX data for Ethiopia in 2010 and 2011. Kosovo, on the other hand, shows
a sharp decrease in 2011 and 2012, following the microfinance crisis in this country. All the other
countries present a rather smooth behaviour of MIX data, even in the cases of Guinea-Bissau and

Zimbabwe, which have a high kurtosis value.

In Group 4 countries, the complexity of the overall financial system is higher than that of the
microfinance segment. This could be plausible for countries with high income levels, as these coun-
tries can have complex overall financial systems that serve also the needs of the bottom of the
pyramid and thus crowd-out microfinance market development. In our Online Data Appendix we
plot countries in Group 4 in the upper-middle and high-income classifications as of 2011. MIX data
presents no clear outliers. However, some cases need to be considered in further detail. For exam-
ple, Thailand shows very low MIX figures because two mayor players are government organisations
that do not report to the MIX. Thus, in this particular case the MIX indicator is inaccurate, and

should be considered as an outlier.

We also consider in our Online Data Appendix countries in Group 4 that are classified by the
World Bank as being low and lower-middle-income countries as of 2011. Visually it is possible to
identify outliers in MIX data for Congo Republic 2009 and 2010, and Guinea 2011. All the other

countries present a stable behaviour of the data.
In synthesis, we consider as outliers the following country-years: Nigeria 2009, Burkina Faso

2011, Mali 2012, Comoros 2011, Ethiopia 2010, Kosovo 2011 and 2012, Congo Republic 2009 and
2010, Guinea 2011 and Thailand. Please refer to our Online Data Appendix for further details.
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Figure 13: Findex (demand-side) and FAS (supply-side) share of formal borrowers,

countries by income classification, 2011
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Figure 14: MFI borrowers per 1000 adults: MIX and FAS, all country-years
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Figure 15: National share of microfinance borrowers: Findex proxy (demand) and MIX
(supply), 2011

®BGD
& ® VNG
®PER
eBOL
n
— 7] ® KHM ® ARM
®oKGZ ©OVNM
x
S -~ @ PRY
®ECU @BIH

®DOM
n
S -
25 : Hp o
eswz
i @NKD!
o pii %J@QAGOH» svr? FJl oBGR * SRS 1A
T T T T T
0 .02 .04 .06 .08 A
Findex

Figure 16: National share of formal borrowers: Findex (demand) and FAS (supply),
2011
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Table 24: Countries in Group 1

Microfinance Overall financial Ratio MIX
market segment market Kurtosis

Country MIX/Findex proxy FAS/Findex Col 1/Col 2
Bangladesh 4.2 4.1 1.0 1.6
Benin 65.8 4.4 15.0 2.1
Bhutan®** 2.4 1.9 1.3 1.8
Bosnia and Herzegovina 1.5 3.2 0.5 1.9
Brazil 4965.2 11.6 428.0 2.1
Burkina Faso** 119.4 4.6 26.1 2.6
Burundi 9.1 3.5 2.6 2.9
Cameroon™* 2.6 3.5 0.7 2.1
Central African Rep.** 23.7 15.5 1.5 1.8
Chile 2.4 5.5 0.4 2.6
Colombia 1.1 24 0.4 1.4
Comoros 13.8 1.3 10.6 0.0
Ecuador 1.8 8.2 0.2 1.5
Egypt 2.8 2.4 1.1 1.7
El Salvador** 2.4 5.8 0.4 1.7
The Gambia*** 16.0 2.1 7.5 14
Georgia 3.4 5.0 0.7 1.8
Guatemala 1.2 1.2 1.0 1.7
Honduras** 3.2 2.5 1.3 1.5
India** 4.0 2.1 1.9 2.3
Jamaica** 1.8 2.5 0.7 2.2
Jordan™* 34 4.9 0.7 2.0
Kyrgyzstan 37.3 1.4 26.2 1.9
Lebanon 1.3 3.2 0.4 2.2
Madagascar 14 1.3 1.0 2.1
Mali** 46.2 3.9 11.9 2.5
Mexico 9.5 3.1 3.0 1.6
Moldova 1.0 1.1 0.9 1.5
Montenegro 2.4 2.9 0.8 3.9
Morocco** 2.3 4.8 0.5 2.0
Nicaragua** 8.1 2.2 3.7 1.7
Niger** 3.1 10.4 0.3 2.0
Nigeria 5.8 14 4.2 10.0
Pakistan 23.1 1.8 13.0 1.6
Palestine 6.6 6.0 1.1 2.0
Paraguay 3.7 1.4 2.6 2.8
Peru 9.3 5.6 1.7 1.6
Philippines** 3.3 1.6 2.0 1.5
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Samoa* 2.3 14.7 0.2 1.8
Senegal 23.3 1.5 15.5 1.9
Sri Lanka** 1.2 1.0 1.1 2.1
Sudan** 2.7 8.7 0.3 4.8
Tajikistan 1.5 1.9 0.8 1.7
Togo** 34 3.7 0.9 1.6
Tonga*** 2.3 2.5 0.9 2.3
Tunisia 1.5 6.3 0.2 2.1
Uzbekistan 4.0 2.9 14 1.6
* No Findex data available, predicted values reported
** No FAS data available, predicted values reported
*** No Findex or FAS data available, predicted values reported
Table 25: Countries in Group 2
Microfinance Overall financial . MIX
Ratio .
market segment market Kurtosis

Country MIX/Findex proxy FAS/Findex Col 1/Col 2

Afghanistan 0.4 0.1 3.6 1.5
Azerbaijan 0.8 0.7 1.2 1.4
Chad 0.9 0.0 18.5 24
Laos** 0.6 0.8 0.8 2.5
Malawi 0.9 0.2 4.3 2.2
Mozambique 0.3 0.5 0.6 2.0
Rwanda 0.9 0.9 1.0 1.5
Sierra Leone 0.9 0.2 4.8 2.2
South Africa 0.0 0.0 7.2 4.4
Swaziland 0.4 0.9 0.4 3.1
Syria 0.0 0.6 0.0 2.5
Uganda 0.8 0.2 3.4 2.2
Ukraine 0.0 0.1 0.2 1.9
Zambia 0.3 0.4 0.9 2.5

* No Findex data available, predicted values reported

** No FAS data available, predicted values reported

*** No Findex or FAS data available, predicted values reported
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Table 26: Countries in Group 3

Microfinance Overall financial Ratio MIX
market segment market Kurtosis

Country MIX/Findex proxy FAS/Findex Col 1/Col 2
Armenia 2.9 0.3 10.1 1.5
Bolivia 7.9 0.9 8.4 1.6
Cambodia** 21.4 0.8 28.3 1.9
Congo, Dem. Rep. 1.2 0.1 11.8 2.3
East Timor* 7.7 0.9 8.8 1.9
Ethiopia* 1.2 0.9 14 1.7
Ghana 7.9 0.7 12.1 1.5
Guinea-Bissau* 4.0 0.2 26.0 3.6
Haiti 30.4 0.0 1219.5 2.2
Ivory Coast™ 1.0 0.1 15.6 2.2
Kenya 18.5 0.9 20.9 1.6
Kosovo 25.7 0.1 513.9 1.7
Mongolia** 4.9 0.7 7.0 1.4
Nepal 2.0 0.3 6.4 1.6
Tanzania 23.7 0.6 36.9 1.8
Vietnam™** 8.7 1.0 9.0 1.7
Zimbabwe 8.3 0.5 16.8 3.4

* No Findex data available, predicted values reported
** No FAS data available, predicted values reported
*** No Findex or FAS data available, predicted values reported

75



Table 27: Countries in Group 4

Microfinance Overall financial Ratio MIX
market segment market Kurtosis

Country MIX/Findex proxy FAS/Findex Col 2/Col 1
Albania 0.5 2.2 4.2 1.8
Angola** 0.0 2.7 57.5 4.6
Argentina 0.2 6.0 28.8 1.4
Belize* 0.4 2.5 6.2 2.0
Bulgaria™* 0.0 3.5 252.5 1.8
China 0.0 4.2 221.9 5.1
Congo Rep** 0.3 6.8 26.7 3.9
Costa Rica 0.1 6.1 97.8 1.8
Croatia 0.0 6.0 4654.8 1.4
Dominican Republic 0.6 2.2 3.4 2.5
Fiji*** 0.1 2.7 28.5 1.5
Gabon 0.1 1.3 15.1 1.5
Guinea™* 0.2 5.6 30.1 2.7
Guyana*** 0.7 1.9 2.6 1.5
Hungary 0.0 17.7 21306.6 2.0
Indonesia 0.2 4.7 26.9 1.7
Iraq** 0.1 2.5 20.5 1.6
Kazakhstan** 0.1 2.2 23.3 1.8
Liberia** 0.9 2.1 2.4 1.9
Macedonia 0.2 6.6 36.9 1.6
Malaysia 0.1 4.4 32.8 1.7
Namibia* 0.2 1.8 10.1 2.9
Panama 0.1 2.6 19.2 1.9
Papua New Guinea*** 0.2 2.1 12.1 2.3
Poland 0.0 2.2 70.3 1.8
Romania 0.0 4.1 99.2 1.6
Russia** 0.0 4.5 256.0 24
Saint Lucia*** 0.2 3.1 0.1 0.0
Serbia 0.1 3.8 44.4 1.5
Suriname* 0.3 5.2 19.0 1.5
Thailand 0.0 2.6 2025.5 4.5
Trinidad and Tobago** 0.5 7.0 14.5 2.3
Turkey 0.2 20.8 121.1 1.6
Uruguay 0.1 4.0 71.5 1.1
Venezuela 0.2 13.8 92.1 2.0
Yemen 0.9 1.2 14 2.8

* No Findex data available, predicted values reported
** No FAS data available, predicted values reported

*** No Findex or FAS data avz%iéable, predicted values reported



	Introduction
	Methodology
	Definition of MF Penetration Index
	Potential Explanatory Variables
	Fixed effects
	Non-Normality of MF Penetration Rate
	Heckman Selection Approach
	Quantile Regression Approach
	Potential Endogeneity Concerns

	Data
	Existing Financial Inclusion Data
	Comparison of MF Penetration Index with Existing Financial Inclusion Data
	Sources of Explanatory Variables

	Summary Statistics
	Relevant Sample of MF Penetration Rate
	Recent Trends of MF Penetration Rate
	Explanatory Variables

	Results
	Results of the Heckman Selection Approach
	Results of the Quantile Regression Approach
	Income
	Enabling Institutions
	Formal Financial Development
	Geography and Technology
	Macroeconomic Environment
	Knowledge


	Robustness Checks
	Lags
	Country Groups
	Outliers
	Replacing Missing Values Using Other MIX Data
	Year Fixed Effects and Crisis Dummy

	Conclusions
	MF Penetration Rate
	Summary Statistics
	Results
	Robustness Checks
	Data Appendix

