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Abstract 

The objective of this paper is to evaluate the credit risk of a non-profit, socially-minded 

Uruguayan microfinance institution (MFI), using a sample of 1,357 microcredits  

disbursed to micro and small entrepreneurships in the period July, 2012 – December, 

2016 and paid up until February, 2017. Logistic regressions are applied to find the 

determinants of the probability of non-repayment risk, using five alternative definitions 

of delinquency. Considering a microcredit in default if it generates arrears of 30 days or 

more on the payment of at least one installment, our findings show that the number and 

amount of installments, the year that the loan was granted, the number of installments 

previously paid, the age and the fact of being a woman entrepreneur reduce the borrowers’ 

likelihood of default. Conversely, the amount of the microcredit, the variation of salaries, 

employment and electricity’ rates and the percentage of subsidies on the total economic 



support have a positive effect on default. These results are mostly in line with the related 

literature and consistent across the different delinquency definitions considered. This 

study should be helpful to maximize the MFI’s efficiency in the process of allocating 

microcredits between vulnerable entrepreneurships, incorporating the information of 

significant variables. 
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1. INTRODUCTION 

Microfinance institutions (MFIs) offer training, advice, and financial resources 

(microloans), among other services, for the development of small enterprises, improving 

the quality of life in populations with low incomes (Bumacov et al., 2014; Yunus, 2007). 

In particular, microloans can be defined as small sums of money granted to entrepreneurs 

for the purpose of financing small-scale activities, where the principal source of debt 

repayment is the income generated by such activities.  

MFIs are tools frequently used by non-governmental organizations (NGOs), foundations, 

international donors or governments to provide financing in their fight against poverty, 

generating growth and wealth in a society (Augsburg et al., 2012; Murdoch, 2000). These 

types of institutions have experienced a significant boom in Latin America in recent years, 

contributing to a reduction in the levels of poverty in those countries that use microcredits 

more intensely (Perossa & Marinaro, 2014).  

Nonetheless, Latin American MFIs have also experienced a notable increase in the default 

rate of microcredits and the existence of over-indebtedness in a recent period (Perossa & 

Gigler, 2015). Moreover, an important economic crisis and an increase in the competition 

level in the microfinance market has also been reported. As a result, MFIs have increased 

its interest in improving the credit risk management as a key resource to survive (Van 

Gool et al., 2012).  

MFIs usually grant microloans using a credit assessment model based on subjective 

information, as a consequence of the more direct linkage between the credit officer and 

the entrepreneur. Therefore, it is necessary to improve it using risk management tools that 

contribute to a better knowledge of repayment behavior and default rates (Van Gool et 

al., 2012).  



The objective of this paper is to evaluate the credit risk of a Uruguayan MFI using a 

sample of 1,357 microcredits granted to micro and small firms during the period July, 

2012 - December, 2016 and paid up until February, 2017. The methodological strategy 

consists of the estimation of logistic regressions, which are techniques of great root in 

previous research.  

This paper makes three contributions to the literature. First, it analyzes the credit risk 

related to microcredits, which is a line of research that is not as well developed as in 

traditional banks, although they are very important financial instruments in some 

economies such as Latin America (Lara et al., 2014).  

A second contribution relates to the unpublished database, corresponding to the portfolio 

of microcredits granted by a non-profit MFI, socially-minded (Morduch, 2000), 

belonging to the government sector. Thus, it is an MFI model on which, to the best of our 

knowledge, previous studies have not been surveyed.  

A third contribution relates to the market and period of analysis because it considers the 

new regulatory context initiated in 2014 in the Uruguayan credit market. The new 

legislative framework has determined that not only do MFIs provide financing to micro 

and small firms but banking institutions can also lend to them, leading to a potential 

downsizing of the credit market for the former companies. Thus, this has provided an 

opportunity for MFIs to increase efficiency in their management, improving their 

assessment process of granting and managing loans to micro and small firms. 

The remainder of this paper is organized as follows. Section 2 presents the theoretical 

framework on the analysis of non-repayment risk in MFIs. Section 3 provides an 

overview of the empirical data analysis for a Uruguayan MFI, presenting the sample and 

predictors employed, the methodology used and the results obtained for five delinquency 



definitions. Finally, Section 4 discuss the conclusions offered by the results and analyzes 

future lines of research. 

2. THEORETICAL FRAMEWORK 

Credit risk refers to the possibility of changes in the credit rating of the borrower as a 

result of the probability of incurring in losses due to non-payment, in a timely manner, of 

his credit obligations (Lara et al., 2014). Credit risk assessment is the process by which a 

financial institution evaluates the creditworthiness of the potential loan and estimates the 

likelihood of default by the client. According to the previous literature, this may present 

different approaches. Ibtissem and Bouri (2013) identify: i) the structural approach, which 

considers the modeling of underlying financial dynamics including the evolution of 

interest rates and borrower characteristics; ii) the statistical approach –that includes credit 

scoring models- and which considers the characteristics of the borrower, financial and 

non-financial variables, in relation to past repayment performance; iii) the expert 

judgment approach, where the ability to repay is estimated exclusively by credit experts 

and, therefore, is based on their judgments and subjective assessments. Credit scoring 

refers to a methodology that predict credit risk using the performance of past loans which 

are similar to current loans (Schreiner, 2000). Lara et al. (2010) state that credit scoring 

consists of classifying individuals applying for credit to potentially good or bad clients 

(paying or not) to the lender in relation to certain quantitative and measurable information 

as well as qualitative data. In sum, Schreiner (2000) indicates that credit scoring can 

improve estimates of credit risk in developing countries and not only in rich countries, 

but it should not replace loan officers. 

There is a wide variety of statistical techniques that are part of the credit scoring 

methodology. Hand et al. (1997) perform an exhaustive analysis of the different 

techniques used in previous research, identifying multiple discriminant analysis and 



linear regression as the most popular techniques. Other credit scoring techniques are 

logistic regression, probit analysis, expert systems and neural networks.  

The models of credit scoring applied in the field of microfinance are a line of research of 

scarce development in the previous literature (Lara et al., 2014). However, credit scoring 

has been identified as a very powerful risk management tool to improve the efficiency of 

MFIs, generating competitive advantages over traditional banks (Beledo et al., 2007). In 

particular, Chakravarty and Nath (2012) find that credit scoring approach has a role to 

play in developing countries but its impact may not be as powerful as in rich and 

developed countries. Likewise, conducting a survey and receiving 595 answers from 405 

MFIs located in 88 developing countries, Bumacov et al. (2014) show that credit scoring 

contributes to financial inclusion, increases the number of borrowers and generates a 

higher growth in the number of loans. Moreover, credit scoring expands the productivity 

of loan officers in MFIs. 

Viganó (1993) is identified as the first empirical study that applies credit scoring in credit 

risk assessment in MFIs. Her research analyzed 100 microcredits granted by an MFI to 

small businesses in the rural sector of Burkina Faso. Applying a multiple discriminant 

analysis, her results highlighted the importance of including qualitative information in 

credit scoring models because it represented symptoms that should be combined with 

other indicators of repayment probability.  

Later, Sharma & Zeller (1997) studied repayment rates in nationalized commercial banks 

and among 128 groups of borrowers belonging to three nongovernmental organizations 

in the rural sector in Bangladesh. Using a tobit model and a sample of 868 microcredits, 

their results showed that the repayment rates of group-based MFIs are superior to those 

of nationalized commercial banks. Focusing on the effects of intragroup pooling of risky 

assets, Zeller (1998) also used a tobit model to study the determinants of loan repayment 



rates. His sample consisted of 146 groups from six different group-lending programs in 

Madagascar. Findings indicated that groups of borrowers with higher levels of social 

cohesion showed a better repayment rate. In relation also to the African continent but 

using a probit model, Reinke (1998) studied a MFI from South Africa in a scheme that 

didn’t involve community participation. This author highlighted that an efficient 

institutional design that identified a framework of incentives to borrowers was important 

for a MFI to improve repayment rates. Developing a scoring model in a MFI from Mali, 

Diallo (2006) showed the importance of long term relationship, interest rate, transaction 

costs and credit rationing to predict loan default. 

Focusing on Latin America, Schreiner (2003) found that credit scoring contributed to 

identify borrowers who were at risk of drop-out1 when analyzing a Bolivian MFI in 1996. 

Later, Schreiner (2004) created a scorecard to predict the probability of a loan having 

arrears of 15 days or more in that Bolivian MFI. In this paper, Schreiner showed that 

credit scoring did give more knowledge of repayment risk but this should not replace the 

qualitative knowledge of credit officers. In fact, Dellien and Schreiner (2005) studied the 

process of introducing credit scoring techniques in a MFI situated in Colombia and 

Dominican Republic, finding that these techniques contributed to increasing the size of 

loan portfolio and reducing arrears.  

Credit scoring and credit officers are of relevance in risk management in a MFI but 

Vogelgesang (2003) highlighted that competition related to credit market should also be 

considered. According to Vogelgesang (2003), competition was good for the lenders if 

they had a good credit information system, operated under a clear and stable regulation, 

and could adapt their growth strategies to increasingly saturated markets. Likewise, Van 

Gool et al. (2012) also indicated that if MFIs wanted to survive in environment 

                                                           
1 Drop-out in microfinance occurs when a good client repays his or her current loan but does not get a 

new one (Schreiner, 2004) 



characterized by growing competition, over-borrowing and economic crises, they should 

develop powerful risk management techniques.  

Recently, Serrano-Cinca et al. (2016) focused on studying the social and environmental 

impact of microcredit in Latin America. They found that the social purpose preponderated 

within the members of board while credit officers preferred financial objectives in relation 

to microcredits.  

 



3. EMPIRICAL ANALYSIS 

3.1. Variables and methodology 

The database under study consists of 1,357 microcredits granted and disbursed by the Program of 

Strengthening of Productive Entrepreneurships (PFEP) of the Ministry of Social Development (MIDES) 

between July, 2012 to December, 2016 and which were canceled until February, 2017. The PFEP provides 

training, economic and technical support to entrepreneurships under conditions of socio-economic 

vulnerability. According to the characteristics of the entrepreneurs and their productive projects, the MIDES’ 

technical team may also grant up to two types of subsidies to entrepreneurships. Access to the original 

database and compilation of microcredit payment information needed to build the variables in which the 

paper is held, which also required the consultation of public databases (see Table 1) in Uruguay, was 

conducted between 2016 and 2017, with the collaboration of MIDES and República Microfinanzas S.A. 

(RMSA), which is in charge of managing credit collections and processing information of PFEP since 2012. 

Focusing on the measurement of credit risk, this paper uses the default criterion adopted by the loan provider 

(MIDES), which assumes that a loan is delinquent if it registers delays in payment of at least 30 days after 

the maturity of the corresponding installment. According to the characteristics of the database, this research 

defined four alternative delinquency definitions, which are included in Table 1. 

As stated in Ibtissem & Bouri (2013) this paper follows a statistical approach regarding the potential 

determinants of credit risk. Table 1 also identifies the proposed 17 explanatory variables –and the expected 

sign between each one and the probability of default–, grouped into four blocks according to their nature: 

1) Characteristics of microcredit 

2) Characteristics relating to the payment history of the entrepreneur 

3) Characteristics of the entrepreneur and his line of business 

4) Macroeconomic variables 



Table 1. Description of variables 

Name Definition Expected 

sign 

Dependent variables   

[install+30dy] Microcredit that registers the payment of at least one 

installment with a delay of 30 days or more 

--- 

[average+30dy] Microcredit with an average of delay per installment 

of 30 days or more 

--- 

[average+0] Microcredit with a positive average of delay per 

installment  

--- 

[half_or_less] Microcredit with 50% of the installments paid or less --- 

[1st_install_or_nothing] Microcredit with only the first installment paid or 

less 

--- 

Input variables   

Characteristics of microcredit   

[year_loan]  Year of disbursement of the microcredit (-) 

[amount_loan] Amount of microcredit granted in Uruguayan pesos (+) 

[amount_install] Value of the monthly microcredit installment in 

Uruguayan pesos 

(+) 

[q_install] Number of monthly microcredit installments per loan (-) 

[perc_subs_1] Percentage representing the first subsidy on the total 

amount of monetary support 

(-) 

[perc_subs_2] Percentage representing the second subsidy on the 

total amount of monetary support 

(-) 

Characteristics relating to the 

payment history of the entrepreneur 

  

[paid_install] Total paid installments of the previous microcredit (-) 

Characteristics of the entrepreneur 

and his line of business 

  

[entrepreneur_type] Type of referent of the entrepreneurship (1 = Man, 2 

= Woman) 

(+) 

[age_loan] Age of borrower when granting microcredit (-) 

[sect_act] Sector of activity to which the entrepreneurship 

belongs (1 = Primary sector, 2 = Industry, 3 = Trade, 

4 = Services) 

+/- 

[region] Geographic region of the entrepreneurship (1 = 

North, 2 = North Coast, 3 = West Coast, 4 = South, 5 

= East, 6 = Center) 

+/- 

Macroeconomic variables   

[variation_m_cpi] Monthly rate of change of the Consumer Price Index 

(CPI) during the life of the loan. Source: National 

Institute of Statistics 

(+) 

[variation_m_employment] Monthly rate of change of employment during the 

life of the loan. Source: National Institute of Statistics 

(+) 

[variation_m_interestrate] Monthly rate of change of the interest rate during the 

life of the loan. Source: Central Bank of Uruguay 

(+) 

[variation_m_water] Monthly rate of change of water rate during the life 

of the loan. Source: National Institute of Statistics 

(+) 

[variation_m_electricity] Monthly rate of change of electricity rate during the 

life of the loan. Source: National Institute of Statistics 

(+) 

[variation_m_salaries] Monthly rate of change of salaries during the life of 

the loan. Source: National Institute of Statistics 

(+) 

Source: Authors’ analysis.  

Note: All the variables described in the table significantly describe microcredits’ probability of default in logit models. 

 



The model has been developed considering the whole sample, as the objective is to analyze the determinants 

of non-payment. To check if this model has over-adjustment problems, the sample was divided into two 

subsamples, one of estimation of the score and the other of validation or testing.  This process of score 

development in a subsample and test in another subsample was done ten times. The criterion of division into 

subsamples was random, not temporary. In this regard, the temporal criterion for dividing the sample is not 

always the best, since it demands that certain assumptions (for one example, the balance of the sample) that 

in this case were not fulfilled.  

Logit models were applied in order to find the determinants of the probability of default under each of the 

five delinquency definitions considered. To estimate these models, input variables were selected based on 

previous studies and seeking to avoid multicollinearity problems. 

3.2. Descriptive analysis 

From what is stated in Table 2, this section describes the basic descriptive statistics of each dependent 

variable and the explanatory ones. 

Table 2 shows the descriptive analysis of input variables between defaulters and non-defaulters, by each type 

of delinquency definition applied. The amount of microcredit granted to the entrepreneur (in thousands) is 

established in all cases in Uruguayan pesos, recording only the value of the loan granted to the entrepreneur 

and subject to cancellation, not including the subsidies granted. This variable observed a great volatility in 

the period 2012-2016, with a mean located in the region of 15,000 Uruguayan pesos. As regards the 

distribution of defaults according to the amount of the transaction, we found that the clients who paid their 

microcredits registered significantly higher amounts than those that observed non-compliances. Furthermore, 

the monthly amount of the microcredit installment was $ 2,088 on average.  

Additionally, the majority of microloans were granted to be repaid in 12 installments (54%), followed by 

those agreed to be cancelled in 18 installments (31%) and 15 installments (11%). On the other hand, loans 

with 12 installments were the ones that registered the highest delinquency under the first definition (78%) 



while those agreed to be repaid in 15 installments observed a higher delinquency under the second criterion 

considered (40%). 

Moreover, Table 2 shows that the percentage of the first subsidies on the total economic support were on 

average lower than the percentage that represented the second subsidies on the same amount, under the five 

delinquency definitions considered. 

A chronological and gradual reduction of delinquency among microcredits granted over the period 2012-

2016 was also registered. 

Regarding the number of total paid installments of the previous microcredit, which illustrates borrower 

performance patterns, it was observed that it was significantly associated with the distribution of the portfolio 

between payments and defaults. In other words, the largest number of installments paid was mostly 

associated with the group of microcredits timely paid, while the inverse situation was verified for 

microcredits with delinquent installments. 

Besides, the distribution between good and bad credits for the first definition of delinquency shows that if 

the entrepreneur was a man, the highest probability of default (79%) was generated, while the best payment 

behavior was observed by women, with 73% of default for that definition.  

As far as the entrepreneur's age at the time the loan is granted is concerned, it can be observed that the core 

values were in the 35-45 age range. 

In addition, regarding the distribution of delinquency by sector of activity, it is evidenced that it was mostly 

homogeneous, with the industrial sector standing out, as it had the highest percentage of non-payment (77%). 

With regard to macroeconomic variables, while employment registered a negative monthly variation, all the 

other input variables of this group experimented a positive evolution in the period 2012-2016. 

Lastly, the highest default rate corresponded to the Central region (81%), which was also the region with 

the lowest frequency of microcredit. At the other extreme was the South region, with a 70% of default.   



Table 2. Statistical description of qualitative and quantitative input variables. 

 install+30dy   half_or_less   
1st_install_or_no

thing 
  average+0   average+30dy   

 0 1 p 0 1 p 0 1 p 0 1 p 0 1 p 

sect_act   0.801   0.000   
0.02

3 
  0.705   0.332 

1 10.45% 9.88%  12.24% 5.68%  10.90% 4.05%  10.73% 9.85%  11.74% 8.98%  

2 21.79% 23.97%  25.14% 20.09%  23.31% 24.28%  20.69% 24.09%  22.70% 23.88%  

3 45.37% 42.95%  40.60% 49.34%  43.58% 43.35%  44.83% 43.25%  44.03% 43.26%  
4 22.39% 23.19%  22.02% 24.89%  22.21% 28.32%  23.75% 22.81%  21.53% 23.88%  

entrepreneur_type2 67.16% 60.18% 0.022 62.40% 60.92% 0.594 63.09% 53.76% 
0.01

8 
65.13% 61.13% 0.231 65.36% 59.81% 0.041 

region   0.064   0.170   
0.40

6 
  0.053   0.003 

North 17.61% 19.96%  17.80% 22.49%  18.83% 23.12%  15.33% 20.35%  16.05% 21.39%  
North Coast 19.70% 22.60%  21.80% 22.05%  21.88% 21.97%  18.39% 22.72%  19.96% 23.05%  

West Coast 8.66% 10.67%  9.90% 10.70%  9.97% 11.56%  9.96% 10.22%  10.37% 10.05%  

South 35.52% 27.30%  31.03% 25.98%  29.39% 28.90%  36.40% 27.65%  34.05% 26.48%  
East 12.84% 11.64%  12.57% 10.70%  12.16% 10.40%  13.41% 11.59%  13.89% 10.76%  

Center 5.67% 7.83%  6.90% 8.08%  7.77% 4.05%  6.51% 7.48%  5.68% 8.27%  

q_install 
13.681 
(4.282) 

14.05 
(2.948) 

0.143 
13.759 
(3.457) 

14.352 
(3.029) 0.001 

13.998  
(3.372) 

13.688 
(3.017) 

0.21
4 

13.762 
(4.375) 

14.005 
(3.029) 0.396 

13.751 
(3.874) 

14.084 
(2.948) 0.095 

amount_loan 
15.41 

(43.35) 

12.15 

(14.26) 
0.177 

13.84 

(30.14) 

11.22 

(6.69) 0.013 

13.31  

(26.48) 

10.53 

(6.52) 

0.00

2 

13.35 

(19.58) 

12.86 

(25.97) 0.732 

14.14 

(35.51) 

12.23 

(15.15) 0.249 

amount_install 
3.34 

(25.82) 
1.21 (8.4) 0.140 

2.22  

(18.13) 

0.78 

(0.5) 0.018 

1.88  

(15.81) 

0.8 

(0.64) 

0.02

1 

2.61 

(18.33) 

1.53 

(13.79) 0.373 

2.5 

(20.94) 

1.28 

(9.22) 0.215 

paid_install 
2.591 

(5.626) 

1.417 

(4.433) 
0.001 

2.175 

(5.378) 

0.788 

(3.113) 0.000 

1.866  

(4.983) 

0.618 

(2.827) 

0.00

0 

2.904 

(5.878) 

1.422 

(4.435) 0.000 

2.446 

(5.583) 

1.26 

(4.163) 0.000 

var_m_cpi 
1.151 

(0.574) 

1.043 

(0.408) 
0.002 

1.065 

(0.473) 

1.08 

(0.424) 0.560 

1.08  

(0.464) 

1 

(0.396) 

0.01

5 

1.172 

(0.602) 

1.046 

(0.412) 0.001 

1.108 

(0.526) 

1.047 

(0.408) 0.023 

var_m_salaries 
0.247 

(0.468) 

0.246 

(0.209) 
0.945 

0.256 

(0.333) 

0.226 

(0.198) 0.042 

0.249  

(0.3) 

0.227 

(0.255) 

0.30

4 

0.264 

(0.517) 

0.242 

(0.21) 0.490 

0.249 

(0.406) 

0.244 

(0.199) 0.779 

var_m_interestrate 
0.725 

(3.635) 
1.665 
(2.11) 

0.000 
1.417 

(2.795) 
1.465 

(2.177) 0.728 
1.445 
 (2.63) 

1.348 
(2.404) 

0.62
4 

0.567 
(3.885) 

1.639 
(2.14) 0.000 

1.045 
(3.156) 

1.668 
(2.17) 0.000 

var_m_employment 
-0.133 

(0.403) 

-0.023 

(0.195) 
0.000 

-0.047 

(0.29) 

-0.056 

(0.213) 0.505 

-0.054  

(0.271) 

-0.023 

(0.234) 

0.11

1 

-0.127 

(0.427) 

-0.032 

(0.207) 0.000 

-0.101 

(0.345) 

-0.019 

(0.198) 0.000 

var_m_electricity 
0.506 

(0.328) 

0.596 

(0.316) 
0.000 

0.584 

(0.333) 

0.553 

(0.297) 0.081 

0.577  

(0.321) 

0.55 

(0.327) 

0.29

7 

0.495 

(0.325) 

0.593 

(0.318) 0.000 

0.547 

(0.324) 

0.59 

(0.319) 0.018 

var_m_water 
0.664 

(0.325) 

0.727 

(0.264) 
0.002 

0.711 

(0.288) 

0.713 

(0.268) 0.922 

0.71  

(0.284) 

0.72 

(0.262) 

0.66

8 

0.666 

(0.325) 

0.722 

(0.269) 0.010 

0.683 

(0.308) 

0.729 

(0.263) 0.004 

perc_subs_1 
17.143 

(9.419) 

18.25 

(7.53) 
0.051 

17.459 

(8.304) 

18.991 

(7.425) 0.001 

17.842 

 (8.187) 

18.896 

(6.972) 

0.07

1 

17.433 

(8.716) 

18.106 

(7.879) 0.255 

17.112 

(8.817) 

18.499 

(7.503) 0.003 

perc_subs_2 
28.588 

(19.701) 

33.096 

(18.222) 
0.000 

31.846 

(19.338) 

32.251 

(17.373) 0.696 

31.634  

(18.951) 

34.37 

(16.67) 

0.04

9 

29.904 

(19.737) 

32.478 

(18.41) 0.056 

30.221 

(19.373) 

33.047 

(18.198) 0.008 

year_loan 
0.818 

(1.15) 

0.333 

(1.152) 
0.000 

0.326 

(1.161) 

0.701 

(1.15) 0.000 

0.449  

(1.184) 

0.474 

(1.071) 

0.78

0 

0.847 

(1.126) 

0.359 

(1.161) 0.000 

0.642 

(1.201) 

0.338 

(1.136) 0.000 

age_loan 
43.815 

(11.219) 
41.795 

(10.631) 
0.004 

43.057 
(11.087) 

40.795 
(10.091) 0.000 

42.535  
(10.902) 

40.636 
(10.039) 

0.02
2 

42.939 
(11.23) 

42.14 
(10.708) 0.298 

43.648 
(10.896) 

41.475 
(10.682) 0.000 

N 335 1022  899 458  1184 173  261 1096  511 846  

Categorical or binary variables are expressed in percentages while for continuous variables media and typical deviation are shown. If the variable is categorical, the p value corresponds to the 

chi-square test of difference of proportions. If the variable is continuous, the p value corresponds to the difference of means t-test. The variables amount_loan and amount_install are indicated in 

thousands. The variable year_loan was normalized to 2013. None of the variables shown in the Table are expressed in logarithmic terms, but amount_loan and amount_install are log-

transformed in logit regressions (Table 3).  



3.3. Results 

Table 3 shows the results of the logit regressions for each definition of default previously defined. 

Focusing on the definition of delinquency that considers microcredits with a delay of 30 or more days in the 

payment of any installment, it is determined that the following variables have a negative impact on the 

probability of default, namely, q_install, lnamount_install, paid_install, year_loan, entrepreneur_type2 and 

age_loan. On the other hand, lnamount_loan, var_m_salaries, var_m_employment, var_m_electricity, 

perc_subs_1 and perc_subs_2, are detected to positively affect the default. In general terms, these results are 

consistent across the different definitions of non- payment used in the paper, whose respective models differ 

principally according to their degree of parsimoniousness. 

 

The sign of the parameters mostly agrees with what is expected and with the available related literature. In 

particular, the greater the number of loan installments, the lower the probability of default. This result is also 

present in Van Gool et al. (2012). The payment history of the entrepreneur, measured through the number of 

paid installments of the previous microcredit, negatively affects the likelihood of default as well. Other 

authors use similar variables to convey the historical experience of the customer, finding the same 

relationship (Cubiles et al. (2013). The fact that the microcredit holder is a woman entrepreneur negatively 

affects delinquency. This result is in line with previous literature. In particular, Viganò (1993) states that 

women are better customers than men. 

Another result that is present in this paper and in the related literature is that the older the entrepreneur, the 

lower the likelihood of default. As an example, Reinke (1998) reports that young borrowers are less likely to 

repay their loans. In the case of the total amount of the transaction, the relationship with the probability of 

default is positive. This result is in line with Vogelgesang (2003). Macroeconomic variables that indicate the 

evolution of wages, employment and electricity in the loan period have a positive influence on the probability 

of default. Finally, the fact that the entrepreneur of the loan has received subsidies increases the probability 

of default, which is considered an unexpected result, since the presence of subsidies decreases the total 

amount of the economic support to be paid by the borrower. 



On the other hand, the probability of a loan generating an average delay of 30 days in the payment of its 

installments is negatively affected by the number of installments paid in the previous credit, the year in which 

it was granted, the fact that is a woman entrepreneur, the age of the entrepreneur when receiving the loan and 

the geographical location of the venture in the South and Center regions. The significance of the regions, 

finding that was not present under the first definition of default, refers to two regions with a higher proportion 

of wealth than the base region, to the north of the Uruguayan territory. However, the monthly variation in 

employment during the loan period, the percentage of the first and second subsidies in the total economic 

support granted to the entrepreneur, and the fact that the entrepreneurship belongs to industry, commerce and 

services activity sectors, positively influence the probability of default. 

Considering the five definitions of non-performing loans, the only variable that is present in all models is 

paid_install, with negative sign. 

Moreover, the fact that the microcredit holder is a woman entrepreneur negatively affects the probability of 

default and this result is present in four of the five definitions considered (with the sole exception of 

average+0). 

As commented earlier, the three macroeconomic variables identified –salaries, employment and electricity– 

affect the first definition of non-performing loans. Henceforth, the variation in employment also has a 

positive effect on average+30dy and average+0. In this sense, the results seem to indicate that the incidence 

of these variables is related to the definitions of delinquency of less severity. 

Besides, the representative variables of the activity sector affect three of the five definitions of delinquency 

considered. In particular, the probability of generating delays of more than 30 days on average is positively 

influenced in the event that the entrepreneurial activity sector belongs to industry, commerce or services. 

Identical linkage is present in those loans that paid only the first installment or nothing. As regards those 

clients who defaulted half the loan or more, they are observed to have a positive link with the trade and 

services sectors. 

Under three of the five delinquency definitions considered, the year in which the credit was granted has 

registered a negative impact on the probability of default (install+30dy, average+30dy and average+0). This 



result is considered reasonable given the reduction in the delinquency rates experienced as of 2012. However, 

in the case of half_or_less, the incidence is positive. 

With the exception of install+30dy, the geographic region where the enterprise is located is also relevant to 

explain the probability of default. In the case of average+30dy, belonging to the South and East region has 

a negative impact on the probability of non-payment, regions with high levels of wealth compared to the 

North region. The South region has the same effect in average+0 as well as the East region in half_or_less. 

Under this last definition, signs are found of a positive impact on the default’s probability if the 

entrepreneurship is located in the West Coast or South. In 1st_install_or_nothing, it is observed that 

belonging to the Central region negatively affects non-payment risk. 

 

Table 3. Logit results 

VARIABLES install+30dy average+30dy average+0 half_or_less 1st_install_or_

nothing 

      

q_install -0.040** -0.028 -0.034** 0.018 0.002 

 (0.018) (0.022) (0.017) (0.021) (0.014) 

lnamount_loan 0.004*** 0.003 0.003** -0.000 -0.000 

 (0.001) (0.002) (0.001) (0.002) (0.001) 

lnamount_install -0.004*** -0.003 -0.003** 0.000 0.000 

 (0.001) (0.002) (0.001) (0.002) (0.001) 

paid_install -0.005** -0.008*** -0.006*** -0.015*** -0.008*** 

 (0.002) (0.003) (0.002) (0.003) (0.003) 

var_m_cpi 0.090 0.080 0.070 -0.017 -0.045 

 (0.061) (0.074) (0.056) (0.068) (0.055) 

var_m_salaries 0.147** 0.088 0.013 0.018 -0.048 

 (0.063) (0.073) (0.043) (0.073) (0.073) 

var_m_interestrate -0.002 0.001 0.005 -0.003 -0.004 

 (0.007) (0.008) (0.006) (0.008) (0.005) 

var_m_employment 0.288*** 0.283*** 0.093* -0.020 0.029 

 (0.070) (0.078) (0.048) (0.085) (0.045) 

var_m_electricity 0.108** 0.052 0.055 0.012 -0.023 

 (0.049) (0.055) (0.044) (0.059) (0.039) 

var_m_water -0.081 -0.025 -0.076 0.069 0.035 

 (0.050) (0.057) (0.046) (0.058) (0.043) 

perc_subs_1 0.003** 0.005*** 0.001 0.004** 0.003** 

 (0.001) (0.002) (0.001) (0.002) (0.002) 

perc_subs_2 0.002** 0.002** 0.000 0.001 0.001** 

 (0.001) (0.001) (0.001) (0.001) (0.001) 

year_loan -0.033** -0.030** -0.045*** 0.063*** 0.003 

 (0.013) (0.015) (0.012) (0.014) (0.011) 

2.sect_act 0.057 0.093* 0.061 0.084* 0.083*** 

 (0.047) (0.051) (0.044) (0.046) (0.028) 

3.sect_act 0.068 0.114** 0.059 0.118*** 0.073*** 

 (0.046) (0.050) (0.043) (0.045) (0.026) 

4.sect_act 0.040 0.109** 0.029 0.141*** 0.101*** 

 (0.048) (0.052) (0.045) (0.048) (0.030) 

2.entrepreneur_type -0.052** -0.053** -0.013 -0.047* -0.064*** 

 (0.024) (0.027) (0.022) (0.027) (0.021) 

age_loan -0.003*** -0.005*** -0.001 -0.004*** -0.002** 

 (0.001) (0.001) (0.001) (0.001) (0.001) 

2.region -0.003 -0.041 -0.008 -0.057 -0.021 



 (0.034) (0.039) (0.031) (0.040) (0.028) 

3.region 0.018 -0.076 -0.045 -0.051 -0.013 

 (0.043) (0.050) (0.041) (0.049) (0.035) 

4.region -0.034 -0.088** -0.064** -0.061 -0.003 

 (0.034) (0.038) (0.031) (0.038) (0.028) 

5.region -0.048 -0.133*** -0.063 -0.102** -0.033 

 (0.043) (0.048) (0.039) (0.045) (0.033) 

6.region 0.020 0.000 -0.028 -0.029 -0.080** 

 (0.048) (0.054) (0.045) (0.054) (0.032) 

      

Observations 1,357 1,357 1,357 1,357 1,357 

R2 McFadden 0.0877 0.0657 0.0737 0.0682 0.0578 

Wald test 96.13*** 96.21*** 90.40*** 108.5*** 53.76*** 

Log-likelihood -691.9 -839.8 -615.4 -808.5 -487.9 

Hosmer-Lemeshow (pval) 0.352 0.374 0.299 0.457 0.351 

Linktest (pval) 0.714 0.886 0.919 0.134 0.730 

ROC 10 k-fold validation 0.692 

 (0.017) 

0.663 

 (0.0152) 

0.681  

(0.0186) 

0.670  

(0.0149) 

0.679 

 (0.0204) 

AIC 1.055 1.273 0.942 1.227 0.754 

BIC -8231.50 -7935.37 -8384.15 -7998.04 -8639.24 

Notes: Hosmer-Lemeshow is the p value of the Hosmer Lemeshow test, which analyzes the goodness of fit of the model. Linktest is the p 

value of the linktest established in Pregibon (1980) that analyzes the correct specification of the model. ROC 10k fold cross validation is the 

area under the curve, which takes into account both the sensitivity and the specificity of the model. This has been evaluated out of the sample 

in 10 randomized subgroups. AIC is the Akaike information criterion and BIC is the Bayesian information criterion. 

 

The interpretation of marginal effects is presented in Table 4. Among the variables with the greatest influence 

in the probability of non-repayment are the monthly variation in employment and the monthly variation in 

salaries. As with the factors that impose a reduction in the probability of default, the fact that the 

entrepreneurship is located in the Eastern or South region diminishes this probability by 13.3% and 8.8%, 

respectively, considering an average of arrears of 30 days or more. 

  



Table 4. Marginal effects on the probability of default. Logit models. 

 Install+30dy Average+30dy Average+0 Half_or_less 1st_install_or_

nothing 

Increase by 1 the number of installments  4%  --- 3,4%  --- --- 

Increase by 1% in lnamount_loan  0,4%  ---  0,3%   --- 

Increase by 1% in lnamount_install 0,4%  --- 0,3%  --- --- 

Increase of 1 in the paid installments of the previous 

loan 

0,5%  0,8%  0,6%  1,5%  0,8%  

Increase by 1% in var_m_salaries  14,7%  --- --- ---  

Increase by 1% in var_m_employment   28,3%   9,3%  --- --- 

Increase by 1% in var_m_electricity  10,8%  --- --- --- --- 

Increase of 1% in the percentage of subsidy 1 in total 

support 

 0,33%   0,5%  ---  0,4%   0,3%  

Increase of 1% in the percentage of subsidy 2 in total 

support 

 0,2%   0,2%  --- ---  0,1%  

Increase of 1 in the year of credit granting  3,3%   3%   4,5%   6,3%  --- 

Entrepreneurial woman  5,2%   5,3%  ---  4,7%   6,4%  

Increases in 1 year the age at which the entrepreneur's 

credit is granted  

 0,3%  

 

 0,5%  

 

---  0,4%  

 

 0,2%  

 

Industrial activity sector ---  9,3%  

 

---  8,4%  

 

 8,3%  

 

Trade activity sector ---  11,4%  

 

---  11,8%  

 

 7,3%  

 

Services activity sector 

 

---  10,9%  ---  14,1%   10,1%  

South region ---  8,8%   6,4%  --- --- 

Eastern region ---  13,3%  ---  10,2%  --- 

Central region --- --- --- ---  8%  

The table shows the ceteris paribus marginal effects of changes in the regressors affecting the features of the outcome variable.  

 

Figure 2 depicts the evolution of the sensitivity and specificity of the model according to the level of cutoff 

for logit models. For install+30dy, the cutoff that maximizes the sensitivity and specificity of the model is 

0.75, which equals the level of default cases for this delinquency definition. In the case of average+30dy and 

average+0, the optimal cutoff is slightly higher while for half_or_less and 1st_install_or_nothing the cutoff 

is significantly lower, oscillating between the range of 0,10 and 0,25. 

  



 

Figure 2. Sensitivity and specificity per delinquency definition. Logit models 

install+30dy average+30dy 

  

average+0 half_or_less 

  

1st_install_or_nothing  

 

 

  

Source: Authors’ analysis based on STATA.  

  



 

4. CONCLUSIONS 

 

The objective of this paper has been to evaluate the credit risk of a Uruguayan MFI using a sample of 1,357 

microcredits granted and disbursed to micro and small firms during the period July, 2012 - December, 2016 

and paid up until February, 2017.  A logit model was applied in order to find the determinants of the 

probability of default in each of the five delinquency definitions considered. 

Under the first definition considered, that is, of the fact that a microcredit generates arrears of 30 days or 

more on the payment of at least one installment, logit models established that the number and amount of 

installments, as well as the year that the loan was granted, the number of installments previously paid, the 

age of the entrepreneur and the fact that is a woman entrepreneur had a negative relationship with the 

probability of default. On the other hand, the amount of the loan, the variation of salaries, employment and 

electricity´ rates and the percentage of subsidies on the total economic support had an incremental effect on 

default. These results were in line with the related literature (Van Gool et al., 2012; Blanco et al., 2014; 

Cubiles et al., 2013 and Dellien & Schreiner, 2005; Viganò, 1993; Reinke, 1998; Schreiner, 1999). One 

unexpected result had to do with the positive influence of subsidies on the probability of default, which 

implies that clients who default the most are the ones who have to repay a lower amount of the total economic 

support granted in relative terms. This result was present in four of the five definitions considered and 

suggested that a better allocation of microcredits should be needed in order to increase the probability of 

repayment. 

Under the first delinquency definition, which was the most utilized in the related literature, the most 

explanatory variables were the ones related to the characteristics of the microcredit. This was also the case 

for microcredits with a positive average of arrears per installment. For those microcredits with an average of 

delay per installment of 30 days or more or those which registered 50% of the installments paid or less, it 

was found that the probability of default was mostly related to the characteristics of the entrepreneur. In 

conclusion, these results showed that slight non compliances were principally connected with the terms of 



the loan while the more severe non compliances had to do with the characteristics of the entrepreneur and 

his line of business. 

This research had implications for the management of credit risk in MFIs. In particular, this study should be 

helpful to assist the MFI to incorporate significant variables in the process of allocating microcredits among 

micro and small entrepreneurs, in order to maximize the efficiency of PFEP and increase the probability of 

repayment of microcredits, which in turn allows distributing public funds among a greater quantity of 

vulnerable entrepreneurships. 

The most important limitation of this study referred to the availability of information in the MIDES 

microcredits database, which was reduced to the quantitative and qualitative variables included in this study, 

as other variables proved to be significant in previous literature have not been systematically registered. To 

the future, the application of non-parametric methodologies, such as neural networks and survival models, is 

recommended, in order to further characterize the determinants of credit risk in this Uruguayan MFI and 

predict the probability of repayment as well as the expected percentage of recovery of microcredits granted.  
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