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Abstract. 

This study focuses on the impact of asset size on financial performance and outreach. To achieve 

this, we applied a panel quintile approach with non-additive fixed effects that helps to organize our 

microfinance sample by subgroups with similar performance level. The results reveal that an 

increase of asset size leads to an increased profitability, with a greater impact for microfinance 

institutions that have bad or low-end profitability level, than those with satisfactory level. For 

outreach, an increase of asset size positively impacts average loan and the number of active 

borrowers, and mitigated impact is observed on the percentage of female borrowers. By gathering 

microfinance institutions by their percentage of female clients, we saw that an increase in asset size 

favours microfinance institutions that already targeting the female borrowers more, compared to 

microfinance institutions featuring fewer female ones in their client portfolios. Microfinance 

institutions initially targeting fewer female borrowers will drive out female clients from their 

portfolios when they decide to increase in asset size. 
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1. Introduction 

Due to its success, the microfinance sector appears to be more attractive and interesting for both 

policy makers and new practitioners. Therefore, the increased commercial approach taken by 

microfinance institutions (MFIs) enriches the debate in the microfinance literature review, since it 

indicates that MFIs have potentially abandoned their social mission due to an increased focus on 

financial performance (Louis, Seret, and Baesens 2013). This financial performance focus leads to 

a potential mission drift in MFIs’ client portfolios (Cull, Demirgüç-Kunt, and Morduch 2010; 

Mersland and Øystein Strøm 2009; Hermes, Lensink, and Meesters 2011). A review of the banking 

literature  suggests that an increase in bank asset size positively impacts financial performance and 

efficiency (costs and profits) ( Berger, Demsetz, and Strahan 1999; Bakare 2011; Obasan and 

Arikewuyo 2012; Mogboyin, Asaolu, and Ajilore 2012). However, the larger is their assets, the 

less they tend to grant loans to small- and medium-sized firms (Berger et al., 1999). Thus, an 

increase in the number of financial products in their portfolios is often associated with a drop in 

the share of small clients. Banks that increase their asset size through a wider variety of financial 

products and services tend to benefit from increased efficiency and economies of scale and scope 

(Kishan and Opiela, 2000). They are therefore able to offer products, services and infrastructures 

that smaller banks cannot afford (Baxter, 2011).  

Although MFIs are financial institutions and perform functions akin to that of banking, the nature 

of lending, organizational type, behaviour, market structure and target market amongst other 

factors are sometimes very different from banks. Therefore, although the banking literature 

suggests a positive impact of size on performance, this hypothesis may be observed differently in 

the case of MFIs because of reasons above. Indeed, this will add to the ambiguity in the effect of 

asset size on financial performance and outreach as observed in studies related.  Some rare 

empirical studies, such as Hartarska and Nadolnyak (2008) and Cull, Demirgüç-Kunt, and 

Morduch (2007), initially analysed the impact of increasing asset size on financial performance 

and outreach. Considering both studies, the effects of an increase of asset size on financial 

performance and outreach remain highly ambiguous. Because of this ambiguous effect at the end, 

we will apply an innovative empirical approach named panel quantile regression, to improve the 

analysis of asset size effect on financial performance and outreach. The quantile approach will 

allow us to split performance into quantiles. The panel quantile regression will clearly be 
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distinguishing the level of performance for each MFIs. For instance, panel quantile regression can 

account for heterogeneity in performance given the heterogeneity in the operations, loan size and 

target of MFIs. In other words, the effect of size on performance will be conditional on the 

distribution of performance and highly sensitive to outliers. Two important expectations here is 

firstly to take out the effect of microfinance asset size by microfinance subgroups with similar 

performance level (financial performance and outreach), and secondly to see if there are some 

heterogenous effects across the quantiles. 

By dividing the sample in subgroups, to make the effect clearer, we have a previous study of 

Wijesiri, Yaron and Meoli (2017) that developed an empirical analysis on how asset size impacts 

social and financial efficiency of microfinance. To do this, they use an innovative econometric 

approach based on the bootstrap metafrontier method by two-step data envelopment analysis. Their 

findings revealed that larger MFIs tend to be more financially and socially efficient because of 

greater economies of scale. What appears clearly and precisely in their empirical analysis is the 

difference in performance results between large MFIs and small- and medium-sized MFIs in the 

microfinance sector.  

Our study was inspired by the approach of Wijesiri et al. (2007) that mind to gather MFIs by similar 

performance level will makes two substantial contributions at the level of the analytic 

methodology. First, we introduce asset size for each microfinance subgroups, like cull et al. (2007; 

2011) modelled according to our specification to determine how an increase in asset size impacts 

the financial performance and outreach of MFIs. Two empirical studies of Quayes (2012) and 

Louis, Seret and Baesens (2013) clearly divided the panel of MFIs by taking two different 

econometric approaches. The first approach, developed by Quayes (2012), divides the panel of 

MFIs into two groups, namely low- and high-dissemination MFIs. The second empirical approach 

developed by Louis, Seret, and Baesens (2013) deepens the study begun by Quayes (2012) by 

distributing MFIs using self-organizing maps (SOM). According to this technique, Louis et al. 

(2013) create two-dimensional graphic maps where similar MFIs are mapped closely and 

dissimilarly. But those previous studies of Wiejesiri et al. (2007), Quayes (2011) and Louis et al. 

(2013) less emphasized on the distribution of performance and how the size effect on performance 

is conditional on this distribution. Moreover, they less clearly analysed also the heterogeneity in 

performance given the heterogeneity in the operations, loans size and MFIs targets. 
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To overcome these limitations and improve the thoughts on the size effect on performance, our 

study also plans to split the MFIs’ performance into diverse levels, from the low end to the high 

end, as done by Quayes (2012) and Louis et al. (2013), by gathering similar MFIs in terms of 

financial performance and outreach by sub groups. To do this, we will split the sample of dependent 

variables by using quantiles. This subgroups samples will be used to test the conditional impact of 

asset size on financial performance and outreach that might vary across quantiles. The empirical 

approach used is panel quantile regression with non-additive fixed effects. This econometric 

approach easily solves the endogeneity problem occurring in the specification by including a 

within-individual variation for identification. Moreover, we maintain a non-separable disturbance 

property in the quantile panel regression with non-additive fixed effects (Powell, 2016).  

To our knowledge, a quantile regression of the panels has not been used in the microfinance 

literature to investigate the impact of asset size on financial performance and outreach, with some 

possible heterogenous effects. The main questions analysed in this study are: How does an increase 

in MFI asset size impact financial performance? By considering each level of profitability, is there 

any changes in terms of asset size impact? How an increase of asset size impacts a gendered 

outreach effect if we consider separately the behaviour of MFIs targeting a smaller number of 

female clients and the one of MFIs that target more of the female clients? Is there any mission drift 

when MFIs decide to increase in terms of asset size? Thus, to ensure the comparability of our study 

with past and future research, we retain the econometric specification proposed by cull et al. (2007; 

2010), with the profitability and outreach indicators as a dependent variable, and MFI asset size as 

the main explanatory variables. In addition, we include the same wide variety of explanatory 

variables to standardize our asset size impact analysis on the MFI profitability and outreach. 

The sample used is the panel dataset of 542 MFIs from the MIX market dataset and country-level 

data from the World Bank dataset, both collected for the 1997-2013 period. To achieve this, we 

applied a panel quintile approach with non-additive fixed effects that help to organize our 

microfinance sample by subgroups with similar performance level. The results reveal that an 

increase of asset size lead to an increase of microfinance profitability, with a greater impact for 

MFIs that have bad or low-end profitability level, than those with satisfactory level. For outreach, 

an increase of asset size positively impacts average loan and the number of active borrowers, and 

negatively impacts the percentage of female borrowers. By gathering MFIs by their percentage of 
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female clients to emphasize on a gendered outreach effect, we saw that an increase in asset size 

favours MFIs that already targeting the female clients more, compared to those who feature fewer 

female borrowers in their client portfolios. For MFIs that initially focus less on gendered outreach 

effect, an increase in asset size will drive out female clients from their portfolios.  

The rest of the paper is organized as follows. Section 2 informs the reader of the comprehensive 

and critical empirical methodologies used to investigate the impact of asset size on financial 

performance and outreach. Section 3 interprets and discusses the results and section 4 reaches to a 

conclusion. 

2.Methodology 

2.1 Data 

We use panel data for 542 MFIs from the MIX market database and country-level data from the 

World Bank, both collected for the 1997-2013 period. The process of selecting MFIs considers 

institutions with at least 10 observations during the study period to produce a more stable dataset 

on which to conduct our empirical analysis. The data are collected from 80 developing countries 

in six regions: Sub-Saharan Africa (98 MFIs), East Asia and the Pacific (50 MFIs), Eastern Europe 

and Central Asia (103 MFIs), Latin America and the Caribbean (181 MFIs), South Asia (79 MFIs) 

and the Middle East and North Africa (31 MFIs). 

As the focus of this study is MFI asset size in our sample, 51.31% are small MFIs, 12.91% are 

medium MFIs and 35.79% are large MFIs.  The dataset neatly encompasses MFI behaviour over 

time and captures the diversity of MFI growth in a market segmentation across MFI types. 

Moreover, in the dataset, 14.13% are banks, 9.71% are credit and savings cooperatives, 35.91% 

are non-bank financial institutions (NBFI), 37.04% are NGOs and 3.19% are other MFIs. Of these 

MFIs, 58.69% are non-profit institutions, and 41.30% are for-profit institutions.  

 

2.2 Panel quantile regression model with non-additive fixed effects 

 

A basic quantile analysis was developed by Koenker and Bassett (1978) and improved by Abadie 

et al. (2002) and Frölich and Melly (2010). By considering quantile regression as a complementary 

approach to panel data, one important advantage is its ability to accommodate heterogeneous 
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effects (e.g., Abrevaya 2002). The utility of quantile regression analysis is the existence of varying 

effects at different points in the conditional distribution of dependent variables for the variables of 

interest (Bitler, Gelbach, and Hoynes 2004; Powell 2016). The heterogeneous aspect highlights 

missing information in the case of mean regression techniques (Bitler, Gelbach, and Hoynes 2004). 

Hence, one significant challenge is transforming the quantile regression function from a nonlinear 

form to a smooth linear one. Kato, Galvao, and Montes-Rojas (2012) in their study identified the 

asymptotic conditions for panel quantile regression models to be applied with individual effects. 

Thus, they show that a linear quantile regression is possible and that it is possible to have individual 

and quantile specific intercepts that are consistent and asymptotically normal.  

Accordingly, the methodology used in this study combines a panel approach with a quantile 

regression approach. The end target is to analyse the impact of asset size on financial performance 

and outreach, by applying a quantile regression with panel data. 

First of all, by summarizing a part of the analysis made by Graham et al. (2015) related to panel 

quantile regression, let us consider the random unit period t, that defines the outcome vector  𝑌 =

(𝑌1, … , 𝑌𝑇)′ presented as a Tx1 outcome vector and regression vector 𝑋 = (𝑋1, … , 𝑋𝑇)′as a T x P 

regressor matrix. The conditional quantile function is: 

𝑄𝑌𝑡|𝑋(𝜏|𝑋) = 𝐹𝑌𝑡|𝑋
−1 (𝑦|𝑋)   (1) 

Let 𝑄𝑌𝑡|𝑋(𝜏|𝑋) = (𝑄𝑌1|𝑋(𝜏|𝑋); … ; 𝑄𝑌𝑇|𝑋(𝜏|𝑋))′be the T x 1 vector of period-specific conditional 

quantile functions. As introduced by (Chamberlain 1992) and further analysed by (Graham and 

Powell 2012) and (Arellano and Bonhomme 2011, 2017; Bonhomme and Arellano 2017), the 

conditional quantile function, having a semiparametric form, is defined as  

𝑄𝑌𝑡|𝑋(𝜏|𝑋) = 𝑋𝛽(𝜏; 𝑋) + 𝑤 𝛿(𝜏)   (2) 

For all 𝑋 ∈ 𝕏𝑁
𝑇 =  𝑋𝑡𝜖{1,…,𝑇} and all 𝜏𝜖 (0,1). The semiparametric form is due to the coefficients 

vector of X named  𝛽(𝜏; 𝑋) which are nonparametric functions of X. 

The linear form of panel quantile regression as defined by (Arellano and Bonhomme 2011; Canay 

2011) is 

𝑌𝑖𝑡 = 𝑋𝑖𝑡
′ 𝛽(𝑈𝑖𝑡) + 𝛼𝑖 + 𝑉𝑖𝑡   (3) 
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The focus of our empirical analysis is the heterogeneous and non-constant effect in stage two of 

the quantile, which results from analysing the individual effects. We assume a differential impact 

on microfinance performance (financial performance and outreach). To structure the quantile 

function for panel quantile regression with non-additive fixed effects, we take the same approach 

as Chernozhukov et al. (2013), but without a fixed term. The quantile function for panel data in 

this case is specified by: 

𝑄𝑌𝑖𝑡|𝑋(𝜏|𝑋) =  𝑋𝑖𝑡
′  𝛽 (𝜏, 𝑋)  (4) 

The panel quantile function specified as equation (4) has 𝜏 quantiles with 𝜏𝜖 (0,1) where �̂�(𝜏) is 

the coefficient on 𝑋𝑖𝑡
′  in the 𝜏 linear quantile regression of Y on X. For each estimation relying on 

a specific 𝜏 quantile, the associated estimand �̂�(𝜏) equals the 𝜏𝑡ℎ  unconditional quantile effect 

(UQE) of a unit change in 𝑋𝑖𝑡
′ . The UQE is the quantile analog of an average partial effect (APE) 

that represents the marginal effect of a unit change in 𝑋𝑖𝑡
′  as being heterogeneous across units and 

dependent on X. The estimation equation takes the linear form 

𝑌𝑖𝑡 = 𝑋𝑖𝑡
′ 𝛽(𝑈𝑖𝑡

∗ );   𝑤𝑖𝑡ℎ   𝑈𝑖𝑡
∗  ~ 𝑈(0,1)  𝑎𝑛𝑑 𝑈𝑖𝑡

∗ = 𝑓(𝛼𝑖 ;  𝑈𝑖𝑡)      (5) 

The specification of the impact of asset size on outreach and financial performance follows the 

(Cull and Morduch 2007) approach. Therefore, the model is specified in detail as follows: 

𝑌𝑖𝑡 =  𝑎𝑖𝑡𝛼 + 𝑏𝑖𝑡𝛽 + 𝑥𝑖𝑡𝛾 + 𝑧𝑖𝑡𝜑 + 𝑒𝑖𝑡  (6) 

 

Where 𝑌𝑖𝑡 is the indicator of financial performance or outreach of MFI i at year t;  𝑎𝑖𝑡 is a vector of 

MFI orientation that includes the indicator of outreach when financial performance is the dependent 

variable and financial performance when outreach is the dependent variable. This 𝑎𝑖𝑡 coefficient is 

important, because as the microfinance has shown the two are mutually linked.  𝑏𝑖𝑡 is the vector of 

microfinance controls; 𝑥𝑖𝑡  is the vector of microfinance structure, 𝑧𝑖𝑡 is the macro variables; and 

𝑒𝑖𝑡 the terms of errors.  

 

Firstly, the equation specification, with financial performance as the dependent variable, leads us 

to analyse the first main question of our thought process, which is: How does an increase in 

microfinance asset size impact financial performance? By considering each level of profitability, 

is there any changes in terms of asset size impact? Secondly, by specifying the equation with 
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outreach as dependent variable leads to analyse how an increase of microfinance asset size impacts 

outreach. By doing this, we will evaluate how an increase of asset size impact the client portfolio 

of MFIs. Is there a greater focus on better-off clients than poor clients, and a reduction in the 

percentage of small loans in the product portfolio? Thus, to accomplish this analysis, we estimate 

equation (6) by now considering each outreach indicator (average loans, percentage of female 

borrowers and number of active borrowers) as a dependent variable with asset size as the main 

explanatory variable. For these estimations, we also consider the level of outreach and determine 

whether, for MFIs with a low level of outreach, there is a greater impact if they decide to increase 

their asset size than for MFIs with a significant level of outreach.  

 

2.3 Panel quantile variables specification 

 

a. Dependent variables: financial performance and outreach 

 

Financial performance combines two targets: improving profit and reducing cost. To measure 

financial performance, three main indicators are generally used: return on equity (ROE); return on 

assets (ROA) and financial self-sufficiency (FSS). Recent literature on profitability agrees that 

financial self-sufficiency is the best measure of the three (Cull and Morduch 2007; Cull, Demirgüç-

Kunt, and Morduch 2010, 2011). One reason for this is that financial self-sufficiency not only gives 

information about the level of profit, it also gives information on the ability of MFIs to generate 

revenue to cover their costs (cost management target). Therefore, in our study we prefer to use FSS 

rather than the other indicators. 

Outreach (OUT) is the other main dependent variable that measures the social benefits of 

microfinance for poor clients. Outreach is measured by two indicators: depth of outreach and 

breadth of outreach. Depth of outreach is the value that society attaches to the net gain of a given 

client (Schreiner 2002). The value of the client represents its weight in a social welfare function. 

Thus, depending on the main objective of an MFI, if it decides to better target the poor, then one 

among the best depth of outreach indicator will be average size of loan (Hulme and Mosley 1996). 

The percentage of poor borrowers (Kar 2012)(Gonzalez-Vega et al. 1996) used will give us an 

additional information about gendered outreach effect.  Breadth of outreach is measured as the 

number of active borrowers (Quayes 2012). In our study, we consider three indicators for outreach: 
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the logarithm of the average loan size adjusted by GNI (lnavloan); the percentage of female 

borrowers both as a proxy of depth of outreach; and the logarithm of the number of active borrowers 

as a proxy of breadth of outreach (lnacbor). 

 

 

b. Explanatory variables  

 

The microfinance structure variables are asset size, market concentration, and financial risks. The 

size of MFIs is measured as the logarithm of asset size. To measure market concentration, we use 

the Herfindhal Index defined as the sum squares of market shares of loan portfolios for all firms in 

the industry. The market share value is based on the gross loan portfolio of each MFI. The HHI 

index is bound between 0 and 1. A highly concentrated market is characterized by values of HHI 

close to 1, whereas values close to 0 indicate a highly competitive market. We expect an increase 

in the level of competition to be associated with a falling profit. To test this relationship, we further 

include in our model the initial of HHI index and the square of HHI index to also see whether this 

inverse relationship is linear or has a nonlinear U-shape. The nonlinear shape could bring additional 

information on how MFIs integrate and react when there are changes in the market. 

The financial risks of microfinance are measured by the portfolio at risk and loan loss ratio. 

Portfolio at Risk > 30 days ratio (%) is the value of all loans outstanding for which one or more 

instalments of principal have been due for more than 30 days. This includes the entire unpaid 

principal balance, including both the past due and future instalments, but not accrued interest. It 

also includes loans that have been restructured or rescheduled. Loan Loss Rate is the gross, average 

Write-offs - Value of Loans Recovered over the Loan Portfolio. We expect an increase in financial 

risk to reduce the level of profitability. 

The microfinance characteristics variable includes the age, capital cost and leverage of 

microfinance. As defined by Mixmarket, we define MFIs’ age as new, young or mature. Indeed, in 

this study, we define two binary variables of age, with the first defines as mature taking 1 if an 

MFI is mature and 0 otherwise. The second binary variable is young with a value of 1 if an MFI is 

young and 0 otherwise. The capital cost of MFIs is measured by the yield, which features in 

Mixmarket as the real gross portfolio yield. Yield is a measure of the interest charges imposed on 

clients. The leverage ratio measured is the equity over assets. 
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The macro variable includes a set of macroeconomic control variables specific to each country, 

namely, financial development (FD), GDP per capita growth (gdppc), remittances received 

(lnremirec), aid received (lnaid) and inflation. 

 

 

2.4 Preliminary analysis: Why is it useful to use a panel quantile regression with non-

additive fixed effects for our analysis? 

We first apply an econometric analysis to investigate whether there are significant differences in 

profitability and outreach among MFIs that operate at different levels of performance, mainly by 

distinguishing the mean difference between low-end and high-end distributions. We consider that 

conditional impacts of the covariates on the dependent variable might vary across quantiles, i.e. 

that the effects may differ for MFIs with low performance (lower quantiles) and MFIs with high 

performance (upper quantiles) (Arribas, Peiró-Palomino, and Tortosa-Ausina 2017) . The sample 

is split into two sub-groups by using each microfinance performance indicator value to identify the 

low-end sample of MFI performance values and the high-end sample of MFI performance values. 

To attain these two sub-groups of quantile microfinance performance, we initially divide our 

sample into ten deciles, with the first decile (Q=0.10) gathering the lowest performance values of 

MFIs and the last decile (Q=0.90) gathering the highest performance values of MFIs. 

To test the sample difference behaviours by applying the mean equality t-test, we perform it by 

assuming a null hypothesis that there is no difference between the two-quantile distributions (mean 

(Q=0.10) = mean (Q=0.90)). The alternative hypothesis is to state a difference between the two 

sub-groups of quantiles. The mathematical difference applied to the two sub-groups during the test 

is the mean of the first quantile, which is the lowest one, minus the mean of the last quantile, 

representing the highest one. The results are presented in table 1 below. 

Table 1. Mean equality test for profitability and outreach indicators taking a quantile approach 

 Lowest quantile 

Q=0.10 

Highest quantile 

Q=0.90 

Difference 

Profitability 

FSS 0.593 

(0.008) 

1.416 

(0.002) 

-0.823*** 

(0.009) 

Outreach 

Average loan per GNI 0.055 1.142 -1.087*** 
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(0.0008) (0.008) (0.008) 

Female 0.195 

(0.004) 

0.993 

(0.0004) 

-0.798*** 

(0.003) 

Number of Active 

borrower 

854.292 

(20.562) 

100447.2 

(898.629) 

-99592.9*** 

(898.123) 

( ) : Standard errors in parentheses; * p<0.05, **p<0.01, *** p<0.001 
Source. Authors 

The results of the mean equality test highlight, for all the microfinance performance indicators 

(profitability and outreach), a significant difference in the distribution of MFIs operating with the 

lowest performance and those with the highest performance values. A rapid overview of the 

microfinance sector leads us to deduce a high market segmentation in terms of clients (borrowers 

and depositors) and a profit margin relying on financial and non-financial products and services 

offered. One consequence of this fact is some differences in profitability and outreach levels. For 

all the microfinance performance indicators, MFIs in the high-end quantile have better performance 

values than MFIs in the low-end quantile. This positive result for MFIs at the high-end of 

distribution can be explained by the age of MFIs, as argued in the microfinance literature. Cull et 

al. (2007 and 2011) show that the age of microfinance positively impacts their level of profitability 

and in a highly competitive area leads to a mission drift in client portfolios. For this reason, and 

according to the mean equality test results, it could be critical to determine whether there are some 

differences in the mean effects depending on the distribution of microfinance performance. 

The second and important reason for using panel quantile regression with non-additive fixed effects 

and maintaining the non-separable disturbance term is because it manages the endogeneity 

problem. For ordinary least squares (OLS) and quantile regression (QR), endogeneity is a common 

problem, and one way to treat this is by using instrumental variables (Chernozhukov and Hansen 

2005, 2008; Arribas, Peiró-Palomino, and Tortosa-Ausina 2017). Powell (2016) extends the panel 

quantile regression endogeneity problem by including a novel approach based on the use of within-

variation in the treatment variables. One weakness of the mean regression and panel quantile 

regression is the inclusion of fixed effects that allow an arbitrary relationship with the instrument 

variables. Moreover, the additive fixed effects assume that the parameters vary because of the time-

varying components of the disturbance term. This thus alters the interpretation of the parameters 

of interest by separating the disturbance term into different components. Combining panel quantile 

regression with non-additive fixed effects solves the problem of endogeneity and the bias towards 

parameters of interest by introducing the uses of within individual variation for identification 
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purposes. It maintains the non-separable disturbance property and allows us to obtain a consistent 

estimated coefficient, including when the size of the sample is small for T periods. 

 

3.  Results and discussion 

3.1  Descriptive statistics analysis 

 

We now present and discuss the main results of our study. Table 2 presents the descriptive statistics 

of the main quantile distributions of microfinance performance indicators, which are: financial self-

sufficiency (FSS), average loan per GNI (avloan), percentage of female borrowers (female) and 

the number of active borrowers (acbor). 

For the entire sample, when we compiled the observations to obtain the average value for each 

quantile taking the minimum and maximum values of each performance indicator, as shown in 

table 2, the result is on average equal to 545 observations. An observation of the values of 

profitability and outreach reveals a stark difference in the amounts registered between the low-, 

medium- and high-end quantiles.  

In terms of profitability, as shown in table 2, the FSS values in the low-end quantile are between -

1 and 0.811. According to the mean equality test (results in table 1 above) and the descriptive 

statistics of profitability (results in table 2), we highlight in this way the distributional pattern of 

profitability variable, which induces the heterogeneous effect that could possibly appear when 

MFIs decide to increase their asset size. We hypothesize, as stated in the banking1 and 

microfinance2 literature, that an increase in asset size will positively impact the profitability level, 

and this will be greater for MFIs facing bad or low-end profitability than for MFIs with a 

satisfactory level of profitability. For additional analysis, we also expect to obtain a significant 

impact at both the low end and the high end of each distribution indicator. 

 
1 The banking studies concerned are mainly those by (Berger, Demsetz, and Strahan 1999; Berger et al. 1998; 
DeYoung, Goldberg, and White 1999) 
2 The microfinance literature related to asset size and profitability mainly concerns the studies by (Cull and 
Morduch 2007; Wijesiri, Yaron, and Meoli 2017) 
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For outreach indicators as table 2 shows, the average loan size per GNI is lower in the low-end 

quantile with a maximum value of 0.083. In the medium quantile, the value is still low and varies 

between 0.233 and 0.33. The respective values in the high-end quantile distribution for average 

loan size show a maximum amount equal to 1.531 and a minimum value equal to 0.879. The 

percentage of female borrowers in the low-end quantile, is low with a maximum percentage of 

30.2%.  
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Table 2. Descriptive statistics of quantiles for financial performance and outreach variables 

 

Variables Lowest quantile Medium quantile Highest quantile 

 N mean min max N mean min max N mean min max 

Profitability indicators 

FSS 543 0.593 -1 0.811 542 1.113 1.089 1.137 542 1.416 1.345 1.504 

Outreach indicators 

Avloan/gni 602 0.055 0 0.083 599 0.278 0.233 0.330 601 1.142 0.879 1.531 

Female 520 0.195 0 0.302 518 0.600 0.553 0.644 1035 0.993 0.959 1 

Active 

borrowers 

607 854.292 0 1754 605 12715.88 10220 15566 606 100447.2 68827 145995 

Source. Authors



15 
 

Table 3. Descriptive statistics of explanatory variables 

Variable Obs Mean Std. Dev. Min Max 

Lnassets* 6197 16.138 1.969 0 22.54 

Par>30 5467 0.058 0.121 0 5.485 

Loanloss 5280 0.034 0.641 -0.294 40.268 

mature 8804 0.653 0.476 0 1 

young 8804 0.189 0.392 0 1 

Eq/ass 6184 0.344 0.272 -1.570 1.173 

Real yield 4319 0.240 0.160 -1.305 1.488 

hhi 8804 0.404 0.294 0 1 

lnFD* 8567 3.459 0.717 -1.561 5.278 

gdppc 8722 3.352 4.037 -34.95 50.031 

Lnremirec* 8342 20.739 1.981 9.348 24.971 

Lnaid* 8498 20.273 0.971 15.384 23.968 

lninfl*  8133 1.699 0.923 -3.207 6.964 

*: Logarithm of the variable included in the estimations 

Source. Authors 

 

In the high-end quantile, this percentage is highest. By considering the number of active borrowers, 

we also group MFIs by differentiating those with a low scale of active borrowers from those with 

a high scale of active borrowers. For outreach, the importance of segmenting the market based on 

its related indicator is to obtain a better overview of MFIs that target relatively poor clients or 

relatively better-off clients. On this basis, as the banking theory3 and microfinance theory4 argue, 

we evaluate whether it is true that an increase in asset size will increase the percentage of poor 

clients targeted, or whether this increase will lead to a mission drift in the client portfolio towards 

more or less better-off clients.  

The descriptive analysis of the other variables presented in table 3 completes the descriptive 

statistics. Table 3 gives a brief statistical description of independent variables included in our 

regressions. To make some independent variables comparable with the dependent variables, we 

applied a logarithm rule to some independent variables. The mean value of asset size value in 

 
3The banking literature mainly concerns the studies by (Berger et al. 1998; Berger, Demsetz, and Strahan 1999; 
DeYoung, Goldberg, and White 1999) 
4The microfinance literature related to asset size and profitability mainly concerns studies by (Cull and Morduch 
2007; Cull, Demirgüç-Kunt, and Morduch 2011; Wijesiri, Yaron, and Meoli 2017) 
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logarithm terms is equal to 16.138. With a maximum value equal to 22.54, an increase in MFI asset 

size could lead to a more concentrated market and less competition. Moreover, the microfinance 

market concentration analysis is improved by the Herfindhal measure. The mean value of the 

Herfindhal index is equal to 0.404 for developing countries and induces a monopolistic market 

with a moderate level of competition appearing among MFIs 

This high competition in the microfinance market appearing in our descriptive statistics on table 3 

was initially observed in previous studies by (McIntosh, De Janvry, and Sadoulet 2005; Cull, 

Demirgüç-Kunt, and Morduch 2010; Assefa, Hermes, and Meesters 2013) . 

In addition, table 4 presents the correlation coefficients between dependent variables and 

explanatory variables and the correlation coefficients of the explanatory variables. The correlation 

of the asset size with the average loan per GNI is high and significantly positive. The correlation 

of asset size with the percentage of female borrowers is negative and significant. This could lead 

us, with a regression analysis, to conclude a possible increase in asset size that would increase the 

number of active borrowers with a squeezing out of female clients and a higher percentage of 

better-off clients. 

By observing the correlation of microfinance asset size with profitability, we observe a positive 

and significant correlation with FSS. For outreach indicators, there is a positive and significant 

correlation between microfinance asset size and average loan, and between microfinance asset size 

and the number of active borrowers. Otherwise, there is a negative and significant correlation 

between microfinance asset size and the percentage of female borrowers. 
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Table 4. The Correlation Coefficient matrix  

 

( ): p value. Statistically significant at the ***1%, **5% and *10% levels 

Source. Authors 

 FSS aloan/gni female lnacbor lnassets Par>30 loanloss Eq/ass yield hhi lnFD gdppc lnremirec lnaid lninfla 

FSS 1.000               

                

aloan/gni 0.028** 

(0.044) 

1.000              

             

female -0.050*** 

(0.001) 

-0.196*** 

(0.000) 

1.000             

            

lnacbor 0.032** 

(0.022) 

-0.150*** 

(0.000) 

0.247*** 

(0.000) 

1.000            

           

lnassets 0.011 

(0.461) 

0.152*** 

(0.000) 

-0.077*** 

(0.000) 

0.780*** 

(0.000) 

1.000           

          

Par>30 -0.140*** 

(0.000) 

0.004 

(0.780) 

-0.050*** 

(0.001) 

0.003 

(0.855) 

0.024* 

(0.091) 

1.000          

         

loanloss -0.027** 

(0.049) 

-0.006 

(0.657) 

0.031** 

(0.036) 

-0.029** 

(0.036) 

-0.020 

(0.179) 

0.128*** 

(0.000) 

1.000         

        

Eq/ass 0.152*** 

(0.000) 

-0.041*** 

(0.002) 

0.015 

(0.288) 

-0.334*** 

(0.000) 

-0.416*** 

(0.000) 

-0.075*** 

(0.000) 

-0.003 

(0.816) 

1.000        

       

yield -0.006 

(0.682) 

-0.166*** 

(0.000) 

0.235*** 

(0.000) 

-0.126*** 

(0.000) 

-0.321*** 

(0.000) 

-0.039** 

(0.013) 

0.042*** 

(0.007) 

0.220*** 

(0.000) 

1.000       

      

hhi -0.050*** 

(0.000) 

0.102*** 

(0.000) 

-0.135*** 

(0.000) 

-0.216*** 

(0.000) 

-0.099*** 

(0.000) 

-0.033** 

(0.014) 

0.016 

(0.236) 

0.172*** 

(0.000) 

0.004 

(0.785) 

1.000      

     

lnFD -0.012 

(0.380) 

-0.162*** 

(0.000) 

0.184*** 

(0.000) 

0.242*** 

(0.000) 

0.013 

(0.339) 

0.016 

(0.254) 

0.001 

(0.937) 

-0.054*** 

(0.000) 

-0.154*** 

(0.000) 

-0.125*** 

(0.000) 

1.000     

    

gdppc 0.093*** 

(0.000) 

0.023* 

(0.079) 

0.005 

(0.743) 

0.029** 

(0.025) 

0.000 

(0.977) 

-0.088*** 

(0.000) 

-0.023* 

(0.091) 

0.036*** 

(0.005) 

-0.046*** 

(0.002) 

0.019* 

(0.071) 

-0.109*** 

(0.000) 

1.000    

   

lnremirec 0.036*** 

(0.009) 

-0.181*** 

(0.000) 

0.266*** 

(0.000) 

0.340*** 

(0.000) 

0.037*** 

(0.007) 

0.003 

(0.810) 

-0.053*** 

(0.000) 

-0.178*** 

(0.000) 

-0.060*** 

(0.000) 

-0.278*** 

(0.000) 

0.525*** 

(0.000) 

0.091*** 

(0.000) 

1.000   

  

lnaid -0.059*** 

(0.000) 

-0.055*** 

(0.000) 

0.199*** 

(0.000) 

0.257*** 

(0.000) 

0.219*** 

(0.000) 

0.023* 

(0.090) 

0.011 

(0.418) 

-0.027** 

(0.042) 

-0.187*** 

(0.000) 

-0.013 

(0.218) 

0.175*** 

(0.000) 

0.064*** 

(0.000) 

0.162*** 

(0.000) 

1.000  

 

lninfla -0.002 

(0.874) 

0.035*** 

(0.010) 

0.062*** 

(0.000) 

0.038*** 

(0.005) 

0.027* 

(0.052) 

-0.004 

(0.793) 

0.035** 

(0.014) 

0.000 

(0.987) 

-0.245*** 

(0.000) 

0.108*** 

(0.000) 

-0.019* 

(0.083) 

-0.009 

(0.436) 

-0.015 

(0.199) 

0.103*** 

(0.000) 

1.000 
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3.2  Estimation results 

We now analysing the empirical results from estimating the impact of asset size on financial 

performance and outreach. By applying a panel quantile regression, we first estimate a fixed-

effect panel model the results of which are then compared to the results for each quantile 

regression with non-additive fixed effects. Remember that the average effects for each quantile 

are considered as the marginal effects applied to MFIs belonging to the corresponding quantile. 

To estimate our quantile panel regression model with non-additive fixed effects, we applied a 

Chain Markov approach. 

 

a. Impact of asset size on financial performance  

 

Table 5 summarizes the fixed-effect results and the quantile regression. By focusing on the 

impact of asset size on profitability, there is a positive and significant impact for the fixed effect 

model. The same significant impact is also observed across the quantile. This result validates 

the first hypothesis of our study, if an increase of asset size of MFIs leads to improve 

profitability of MFIs. By differentiating by the level of profitability, we can underline an 

important impact of an increase of assets for MFIs that have bad or low-end profitability level 

than those with satisfactory level of profitability. The second important impact of asset size is 

for MFIs with highest level of profitability. So, at the end, the positive and significant impact 

of asset size on microfinance profitability is more real and important for two main categories 

of MFIs: one who registered a low or bad level of profitability and those who have the highest 

level of profitability.  

 

An increase of asset size lead also MFIs to be more competitive in the financial products and 

services market with some modification occurring on their profitability level. To this end, we 

also consider the impact of market competition on MFIs’ level of profitability. We assume in 

our study that there could be an inverse relationship, with a non-linear shape. Our results for 

the fixed model confirm this expected impact with a U-shape relationship. However, this U-

shape relationship is not significant. But when we distinguish MFIs with a low profitability 

level from MFIs with a high profitability level, we observe two shapes. For MFIs with a low 

level of profitability, greater competition will push them to improve their level of profitability. 

This leads us to observe, for quantiles under 0.90, a significant inverse U-shape relationship 

between profitability and competition. However, for MFIs with a high level of profitability, 
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increased competition reduces their level of profitability. Thus, the impact of competition 

depends on the level of profitability registered by MFIs.  

 

Furthermore, as the microfinance theory mentions, there is a positive relationship between 

average loan size (depth of outreach) and MFIs’ profitability. We consider that each level of 

profitability does not change the sign of outreach impact. However, it is still positive for all the 

levels of profitability of MFIs. Nevertheless, the covariates coefficient is different from one 

level of profitability to another. MFIs that have a level of profitability below the average value 

of the whole sector face a huge positive average loan impact.  

 

 

Table 5: Impact of asset size on Profitability  

 (Fixed) (Q=0.10) (Q=0.25) (Q=0.50) (Q=0.75) (Q=90) 

 FSS FSS FSS FSS FSS FSS 

lnavloan 0.0336* 0.0731*** 0.0315*** 0.0277*** 0.0234*** 0.0199*** 

 (0.0138) (0.00475) (0.00277) (0.00197) (0.00335) (0.00343) 

       

lnassets 0.0484*** 0.0347*** 0.0298*** 0.0291*** 0.0281*** 0.0312*** 

 (0.00960) (0.00167) (0.00310) (0.000718) (0.00183) (0.00138) 

       

hhi_glp -0.228 -0.0335 0.0536** 0.0751*** 0.198*** -0.195*** 

 (0.279) (0.0294) (0.0201) (0.0132) (0.0509) (0.0319) 

       

hhi² 0.134 -0.178*** -0.0865** -0.110*** -0.287*** 0.222*** 

 (0.273) (0.00888) (0.0323) (0.0165) (0.0544) (0.0352) 

       

Par>30 -0.393*** -1.236*** -0.953*** -0.721*** -0.235*** -0.287*** 

 (0.0456) (0.0285) (0.00710) (0.0169) (0.0504) (0.0573) 

       

loanloss -1.167*** -1.047*** -1.276*** -1.534*** -1.372*** -1.588*** 

 (0.108) (0.121) (0.0771) (0.0184) (0.181) (0.139) 

       

mature 0.142*** 0.256*** 0.180*** 0.126*** 0.0488*** -0.0283 

 (0.0349) (0.0298) (0.0529) (0.0171) (0.0148) (0.0232) 

       

young 0.117*** 0.148*** 0.160*** 0.108*** 0.0448** -0.0224 

 (0.0311) (0.0408) (0.0440) (0.0170) (0.0142) (0.0170) 

       

Real yield 0.456*** 0.464*** 0.294*** 0.124*** 0.189*** -0.0795*** 

 (0.0658) (0.0437) (0.0511) (0.00602) (0.0280) (0.0163) 

       

Eq/ass 0.252*** 0.223*** 0.194*** 0.378*** 0.562*** 0.705*** 

 (0.0352) (0.00981) (0.0135) (0.00587) (0.0371) (0.0137) 

       

lnFD -0.0120 0.0562*** 0.0273*** -0.00824** -0.0146* -0.0736*** 

 (0.0215) (0.00886) (0.00771) (0.00283) (0.00736) (0.00240) 

       

lngdppc -0.0387 0.108*** 0.0578*** 0.0246*** 0.0173*** 0.0263*** 

 (0.0684) (0.0134) (0.00931) (0.000838) (0.00449) (0.00749) 

       

lnremirec -0.0479** -0.00885 0.00779*** 0.0152*** 0.0217*** 0.0266*** 
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 (0.0181) (0.00808) (0.00236) (0.000749) (0.00222) (0.00223) 

       

lnaid 0.000177 0.0322* 0.000417 -0.00955*** 0.00177 0.00316 

 (0.00942) (0.0140) (0.00570) (0.00117) (0.00301) (0.00824) 

       

lninfla 0.0594*** 0.00898 0.00910** 0.00893*** 0.0312*** 0.0313*** 

 (0.00902) (0.00748) (0.00349) (0.00255) (0.00208) (0.00388) 

       

Cons 1.788***      

 (0.431)      

N 3112 3112 3112 3112 3112 3112 

Standard errors in parentheses;    * p < 0.05, ** p < 0.01, *** p < 0.001 

 

Source: Authors 

 

 

b. Asset size effects on product and client portfolios in the microfinance sector 

 

By estimating the fixed model, the expected results shown in table 6 between asset size and 

product and client portfolios indicators show a positive, significant link between asset size and 

average loans on the one hand and active borrowers on the other hand. However, an increase in 

asset size reduces the percentage of female borrowers. 

 

Table 6. Fixed regression of asset size effects on product and client portfolios 

 

 (1) (2) (3) 

 lnavloan female lnacbor 

FSS 0.101*** 0.0184* 0.0669* 

 (0.0260) (0.00758) (0.0274) 

    

lnassets 0.101*** -0.00754** 0.723*** 

 (0.00950) (0.00286) (0.00999) 

    

hhi_glp -0.760* -0.180 0.466 

 (0.344) (0.102) (0.361) 

    

hhi² 0.829* 0.219* -0.636 

 (0.322) (0.0950) (0.338) 

    

Par>30 -0.0858 -0.0199 0.0871 

 (0.0449) (0.0128) (0.0473) 

    

loanloss -0.372* -0.0947 -0.464** 

 (0.151) (0.0524) (0.159) 

    

mature -0.275*** -0.0269* 0.185*** 

 (0.0450) (0.0133) (0.0473) 

    

young -0.127** -0.0175 0.153*** 

 (0.0412) (0.0121) (0.0434) 
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Real yield -0.610*** 0.104*** 0.131 

 (0.0793) (0.0247) (0.0834) 

    

Cons -1.692*** 0.735*** 2.953*** 

 (0.115) (0.0342) (0.121) 

N 3502 3213 3503 

Standard errors in parentheses 

* p < 0.05, ** p < 0.01, *** p < 0.001 

 

Source: Authors 

 

Table 7.  Impacts of asset size on the distribution of average loans per GNI 

 

 (Fixed) (Q=0.10) (Q=0.25) (Q=0.50) (Q=0.75) (Q=0.90) 

 lnavloan lnavloan lnavloan lnavloan lnavloan lnavloan 

FSS 0.101*** 0.0858*** 0.112*** 0.159*** 0.129*** 0.413*** 

 (0.0260) (0.0109) (0.00500) (0.0260) (0.00783) (0.00962) 

       

lnassets 0.101*** 0.0820*** 0.117*** 0.161*** 0.250*** 0.275*** 

 (0.00950) (0.00181) (0.00106) (0.0194) (0.00308) (0.00137) 

       

hhi_glp -0.760* 2.186*** 3.016*** 0.410 2.517*** 3.827*** 

 (0.344) (0.0301) (0.0207) (0.262) (0.132) (0.0556) 

       

hhi² 0.829* -1.892*** -2.362*** 0.215 -1.896*** -2.876*** 

 (0.322) (0.0305) (0.0287) (0.306) (0.100) (0.0722) 

       

Par>30 -0.0858 -0.222*** 0.0210 0.0490 1.007*** 1.781*** 

 (0.0449) (0.0212) (0.0149) (0.240) (0.0319) (0.0282) 

       

loanloss -0.372* -1.411*** 0.113 0.106 0.585* -0.426*** 

 (0.151) (0.184) (0.0773) (0.261) (0.292) (0.0413) 

       

mature -0.275*** 0.00139 -0.123*** -0.267*** -0.371*** -0.453*** 

 (0.0450) (0.00668) (0.00700) (0.0375) (0.0345) (0.0140) 

       

young -0.127** 0.0310** -0.0195** -0.132 -0.110 -0.0281 

 (0.0412) (0.0116) (0.00727) (0.0683) (0.0678) (0.0303) 

       

Real yield -0.610*** -2.164*** -1.784*** -1.339*** -1.151*** -1.809*** 

 (0.0793) (0.0178) (0.0218) (0.325) (0.197) (0.0151) 

       

Cons -1.692***      

 (0.115)      

N 3502 3502 3502 3502 3502 3502 

Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 

 

Source: Authors 
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Moreover, in table 6, an increase in market concentration positively impacts average loan size 

and the percentage of female borrowers. According to the targets of each MFI in table 7, for 

average loans, we observe a positive and significant impact of asset size across quantiles. As 

we saw in the fixed model, the panel quantile analysis also confirmed the fact that an increase 

in asset size increases average loans. The asset size impact is highest for MFIs granting high 

amount of average loans. 

 

Table 8. Impacts of assets on the distribution of the percentage of female borrowers 

- 

 (Fixed) (Q=0.10) (Q=0.25) (Q=0.50) (Q=0.75) (Q=0.90) 

 female female female female female female 

FSS 0.0184* -0.0182*** -0.0401*** -0.0580*** -0.0732*** -0.00852*** 

 (0.00758) (0.000278) (0.00135) (0.00570) (0.00251) (0.000101) 

       

lnassets -0.00754** -0.00675*** -0.00228*** 0.00107* 0.0151*** 0.00162*** 

 (0.00286) (0.00012) (0.00041) (0.00046) (0.00019) (0.000032) 

       

hhi_glp -0.180 -0.663*** -0.640*** -0.675*** -0.701*** -0.164*** 

 (0.102) (0.00147) (0.00482) (0.0246) (0.0433) (0.00057) 

       

hhi² 0.219* 0.492*** 0.483*** 0.489*** 0.488*** 0.140*** 

 (0.0950) (0.00101) (0.00544) (0.022) (0.0414) (0.00059) 

       

Par>30 -0.0199 -0.304*** -0.282*** -0.204*** -0.206*** -0.00778*** 

 (0.0128) (0.000275) (0.00184) (0.00735) (0.0406) (0.000178) 

       

loanloss -0.0947 0.198*** -0.165*** -0.471*** -0.408*** -0.317*** 

 (0.0524) (0.00365) (0.00847) (0.0162) (0.0945) (0.00123) 

       

mature -0.0269* 0.0325*** -0.0176*** -0.0529*** -0.0732*** -0.0117*** 

 (0.0133) (0.000453) (0.00322) (0.00605) (0.0106) (0.000136) 

       

young -0.0175 -0.0292*** -0.0531*** -0.0751*** -0.0557*** -0.00467*** 

 (0.0121) (0.000224) (0.00258) (0.00493) (0.00531) (0.000150) 

       

Real yield 0.104*** 0.498*** 0.492*** 0.610*** 0.207*** 0.00932*** 

 (0.0247) (0.000783) (0.00231) (0.00633) (0.00205) (0.000307) 

       

Cons 0.735***      

 (0.0342)      

N 3213 3213 3213 3213 3213 3213 

Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 

 

Source: Authors 
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Table 9. Impacts of assets on the distribution of the number of active borrowers 

 

 (1) (2) (3) (4) (5) (6) 

 lnacbor lnacbor lnacbor lnacbor lnacbor lnacbor 

FSS 0.0669* -0.213*** -0.189*** -0.0858** -0.0308 0.00846 

 (0.0274) (0.0602) (0.0185) (0.0273) (0.0341) (0.0750) 

       

lnassets 0.723*** 0.712*** 0.683*** 0.744*** 0.816*** 0.896*** 

 (0.00999) (0.0196) (0.00166) (0.00730) (0.0215) (0.00823) 

       

hhi_glp 0.466 -3.454*** -3.463*** -3.448*** -2.057 -3.393*** 

 (0.361) (0.897) (0.0908) (0.212) (1.378) (0.313) 

       

hhi² -0.636 1.595 2.365*** 2.743*** 1.447 1.685*** 

 (0.338) (1.310) (0.0739) (0.227) (1.332) (0.133) 

       

par_30jr 0.0871 -1.198** -1.035*** -0.977*** 0.296* 0.654*** 

 (0.0473) (0.409) (0.192) (0.0531) (0.115) (0.159) 

       

loanloss -0.464** -0.834 -0.786*** -0.606*** -1.748* 4.402*** 

 (0.159) (1.202) (0.231) (0.162) (0.878) (0.926) 

       

mature 0.185*** 0.293 0.224*** 0.422*** 0.125*** -0.507*** 

 (0.0473) (0.179) (0.0674) (0.0540) (0.0244) (0.110) 

       

young 0.153*** -0.186 0.0649 0.257*** 0.0607 -0.473*** 

 (0.0434) (0.155) (0.0784) (0.0501) (0.0528) (0.0795) 

       

ygpr 0.131 1.296*** 2.044*** 1.154*** 0.745 0.323 

 (0.0834) (0.231) (0.0180) (0.254) (0.523) (0.532) 

       

_cons 2.953***      

 (0.121)      

N 3503 3503 3503 3503 3503 3503 
Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 

 

Source: Authors 

 

 

This leads us to conclude that when MFIs increase their asset size, they also choose to target 

better-off clients by increasing their level of average loans. For MFIs with high average loans, 

the impact of increasing asset size is higher than for the MFIs in the low quantiles. In terms of 

market concentration, according to the fixed model (table 6), there is a positive and nonlinear 
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impact on average loans. However, across the quantiles, as table 7 shows, we observe a negative 

and significant, nonlinear relationship between average loan and market concentration.  In other 

words, the more concentrated the market is at each level of average loans, the smaller the 

average loan granted. 

Considering the percentage of female borrowers, with the related results summarized in table 

8, an increase in asset size will reduce the percentage of female borrowers for MFIs that target 

women less. Conversely, for MFIs that already have a high level of percentage borrowers, an 

increase in asset size will positively impact the ratio of female borrowers in their client 

portfolios. One conclusion based on this result is that an increase in asset size favours MFIs that 

already target the female borrowers more, compared to those who feature fewer female 

borrowers in their client portfolios. They are also able to diversify their client portfolio by 

targeting better-off clients. This second conclusion is due to an increase in average loan size 

and the number of active borrowers. As table 9 shows, an increase in asset size induces an 

increase in the number of active borrowers. We also mentioned that an increase in profitability 

reduces the number of female borrowers. Across the quantile, MFIs with a high percentage of 

female borrowers must shoulder a lower negative profitability impact. Market concentration 

positively impacts the percentage of female borrowers with a significant inverse U-shape. This 

implies that an increase in market concentration leads MFIs to target more female borrowers.  

As far the number of active borrowers is concerned, an increase in MFIs’ asset size will lead to 

an increase in the number of active borrowers. This is significant and true across all quantiles 

with a fairly similar impact. Market concentration also ultimately helps MFIs to increase their 

numbers of female clients, better-off clients and active clients. Another conclusion is that 

market concentration helps MFIs to better manage the asymmetrical information problem 

concerning borrowers. As a result, they can choose among better-off clients. Because of this 

good management of asymmetrical information resulting from the impact of market 

concentration, the result is an increase in average loans over all of the portfolios. 

An additional analysis of the impact on the outreach indicators reveals that an increase in the 

interest rate leads to an increase in the average amount of loans offered. It also shows a high 

interest rate associated with an increase in the percentage of female borrowers. Similarly, a high 

financial risk is associated with a small percentage of female borrowers. So, if MFIs have a 

high PAR> 30, and high loan losses, then there will be a decrease in the percentage of women 

borrowers. On the other hand, for a low level of financial risk, we will see an increase in the 

percentage of women borrowers. An increase in financial risk reduces the number of active 

borrowers. 
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3.3 Interpretation and Discussion of Empirical Results 

 

In our study we underlined the existing literature that suggests a positive impact of size on 

performance. Mainly this positive impact is the one of banks, but for microfinance there could 

be some difference that could occur because of the nature of lending, organizational type, 

behaviour, market structure and target market amongst other factors are sometimes very 

different from banks. We mainly test this by using quantiles approach, and on Table 5 we notice 

that the positive impact of depth on performance is greatest in the lowest quantile. This may 

have implications-the impact of increasing depth is felt more if we have a low performing MFI. 

This effect reduces at a fast rate as you become more profitable. Similarly, from the 25th 

quantile to median profitability initially increases as the market becomes less contested, further 

concentration in the market however begins to reduce profit margins-hence the inverted U but 

note that for the 90th quantile the reverse effect has implications. Concentration reduces 

profitability but only up to a point beyond which it is more profitable to have a more 

concentrated market. This situation as realized is in sharp contrast to the effect of market 

structure on outreach in Table 7. 

Size has a consistent positive impact on profitability both from the mean regression and the 

quantile regressions. The effect on outreach is however different. The base regression (Table 6) 

shows that on average, an increase in size increases, loan size, and active borrowers but reduces 

women outreach. So, an increase in size has a double-sided impact on outreach-it increases it 

on the one hand (increases average loan size and active borrowers) but decreases it on the other 

hand (reduces women clients). This double-sided effect of size on outreach is further seen in 

the quantile regressions. 

On Table 7 asset size has a consistent positive impact on loans. Notice the effect increases with 

loan portfolio size (quantiles). The bigger the MFI the larger the loan amount. Effect of 

profitability on depth Table 7 appears to increase with depth of outreach. So, whilst depth has 

a higher impact on profitability only for less profitable MFIs, the reverse holds for the effect of 

profitability on depth- profitability impact on depth is higher with higher levels of depth of 

outreach. Here also the positive size impact on depth increases with depth of outreach. 

Notice the stark difference in the effect of market structure on outreach. The mean regression 

shows a U shape between market concentration and depth whilst the quantile regression shows 

the opposite-an inverted U shape. So initially, outreach increases with a more monopolistic 

market orientation but beyond a point, depth reduces with further concentration in the market. 
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The structure of the market therefore has implications for outreach. Notice that for profitability 

beyond a certain threshold higher concentration brings more profit. This is a case that sends 

hints of a mission drift challenge.  Table 8, for MFIs, which, have smaller women clientele, 

increasing size reduces their outreach to women and for those with higher women clientele, 

increasing size increases outreach to women. 

  

 

 

4.   Conclusion 

 

This study analyses furthermore the significant challenge of estimating the impact of asset size 

on both performance and outreach by applying a new methodological approach. The objective 

of this work was to test the econometric methods used, and to determine whether a group-by-

group examination results in homogeneous or heterogeneous financial performance and 

outreach effects. Moreover, considering the increasingly commercial and competitive 

behaviour of MFIs pushing them to increase their asset size, this relationship is undergoing 

changes. Therefore, this study tests whether an increase in the asset size of MFIs more or less 

increases their profitability for a lower level of outreach. We also set out to determine whether 

a mission drift takes place in client portfolios when MFIs decide to increase their asset size. In 

other words, this refers to a brief discussion about the link between asset size and products and 

client’s portfolio management and with the profitability targets. Thus, the hypothesis is to test 

whether an increase in asset size for the MFI case leads to greater profitability and less outreach. 

Furthermore, the analysis of this hypothesis induces a comparative analysis of mean effects 

versus distributional effects to additionally test if the behaviour of MFIs with less performance 

is better when there is an increase of asset size than the behaviour of those with satisfactory 

level or highest level of performance. 

The reason of using a comparative analysis of mean effects versus distributional effect is that 

most analyses relating to financial performance and outreach embrace all MFIs as one common 

entity without really distinguishing the several types of MFIs’ profitability and outreach levels 

(low-, medium- and high-end). Therefore, because of the existence of a real difference among 

MFIs’ profitability and outreach levels, we choose to put a focus on how an increase in 

microfinance assets will impact the various levels of profitability and outreach. Will the impact 
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of asset size at the low end be same as that at the high end, or will there be different and 

significant behaviours? The target of distributional effects analysis is thus to observe how asset 

size impacts the different levels of profitability and outreach. To achieve this, we used a fixed 

panel which gave mean effects and compared its coefficient result with the distributional effects 

of asset size on the profitability and outreach using a panel quantile regression with a non-

additive fixed effect.  

By performing the estimates on the global sample, the application of the quantile regression on 

the panel data leads to comparable results, i.e. a positive impact of asset size on profitability.  

This positive impact of asset size is more important for MFIs having lowest profitability level 

or highest profitability level. However, the positive impact of asset size on profitability is 

greater for MFIs having bad or low-end profitability level than those with satisfactory level of 

profitability. 

According to outreach, there is a positive impact of asset size on average loan and the number 

of active borrowers. But, with the percentage of female borrowers, there is a negative 

relationship when asset size increase. This negative impact of asset size on female borrowers is 

mitigated, when we clearly distinguished the group of MFIs with less percentage of female 

borrowers to those with high percentage of female borrowers. Moreover, an increase of asset 

size reduces the percentage of female borrowers for MFIs that target women less. Conversely 

for MFIs that already have high level of percentage borrowers, an increase in asset size 

positively impact the percentage of female borrowers. 

The impacts of an increase in asset size leads us to conclude that female clients are targeted 

more if, an only if, MFIs targeted the female more in their client portfolios from the start. For 

MFIs that initially target the female borrowers less, an increase in asset size will drive out 

female clients from their portfolios. Indeed, the percentage of female clients is measured by the 

percentage of female borrowers. As observed, when MFIs decide to increase their asset size, 

the shape of gender effects changes according to the quantiles of female borrowers considered 

(low, medium and high). For MFIs with a low percentage of female borrowers, if they decide 

to increase their asset size, they target female borrowers less. However, if initially they have a 

high percentage of female borrowers, an increase in their asset size will also induce an increase 

in female borrowers. 

So, to sum-up, an increase in assets size is more improving profitability, but less outreach in 

some specific case as for MFIs targeting fewer female borrowers. To encourage a positive 

impact on outreach, a financial consolidation could be necessary in two ways. The first way 
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could be through microfinance integration that will allow joint liability and joint risks 

improvement for MFIs. Moreover, the survey results shared for instance by Mixmarket or 

Accion reveal that female borrowers are less risky as borrowers with their percentage of 

reimbursement of loans received. So, for MFIs applying joint liability and joint risks among 

each other’s, they can easily manage also some social boundaries as culture, education and 

family charges. The second way of consolidation will be to focus more on the decision taking 

by MFIs that target fewer female borrowers in their financial plan. To be real and practical, we 

know that the types of clients chosen by MFIs is a discretionary decision due to each MFI 

committee board. Nevertheless, some structural encouragements could be implemented to 

shape wisely the decision taking by those MFIs. For example, some financial facilities featuring 

reduce the costs incurred could be shared by policy makers, if these MFIs decide to target more 

female borrowers. Policy makers could be to ease and simplify new financial products and 

services tailored for each type of clients and help to improve the channel process to clients. 

There is a necessity to better converge the use of new technology for both sides, with indeed 

MFIs as supplier and household as demand one. 
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