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Abstract

Micro�nance institutions serve a majority of female borrowers. But

do men and women bene�t from the same credit conditions ? We in-

vestigate this issue by presenting an original model and testing its

predictions on an exceptional database including 34,000 loan applica-

tions from a Brazilian micro�nance institution. The model determines

the optimal loan size �xed by a gender-biased lender, depending on the

borrower's creditworthiness and the intensity of the lender's bias. The

empirical analysis detects no gender bias in loan denial, but uncovers

disparate treatment with regard to credit conditions. In particular,

we �nd a glass-ceiling e�ect. The gender gap in loan size increases

disproportionately with respect to the borrower's project scale. The

results are insensitive to the loan o�cer's gender.
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�It is one of the injustices of the way that society is organized in Bangladesh
that extremely able women, even those from better-o� households, are unable
to realize their entrepreneurial potential because their gender acts as a barrier
to gaining access to the necessary resources. Men, even poor men, have
always had more choices in terms of accessing economic opportunities than
women from an equivalent class� Kabeer (2001, p. 83)

1 Introduction

Micro�nance institutions (MFIs) o�er tiny loans to poor entrepreneurs, among
which a majority of women who typically bene�t from smaller loans than men
(Armendáriz and Morduch, 2010). According to Daley-Harris (2009), more
than 70% of MFIs' clients were women in 2007.1 For this reason, conven-
tional wisdom tends to view micro�nance as a tool for a�rmative action.
We challenge this view by building an analytical framework and delivering
empirical evidence.

Previous papers have detected discrimination in small-business credit, but
predominantly in the US.2 Outside the US, the evidence is scarce, likely be-
cause of data unavailability. Notable exceptions include Storey (2004) who
shows that, in Trinidad and Tobago, loan applications from Afro-descendant
small-business owners are more likely to be denied than others. Besides, a
study on Italian micro�rms and self-employed individuals by Alesina et al.

1This rate reaches more than 80% for the poorest clients. Besides, Ferreira et al. (2010)
highlight Brazil's disappointing performances in poverty reduction.

2Actually, the US lending industry is subject to speci�c regulations. The US anti-
discrimination legal framework includes the Fair housing Act of 1968, the Equal Credit
Opportunity Act (ECOA) of 1974 and the Home Mortgage Disclosure Act (HMDA) of
1975. In 1989, the Congress amended the former HMDA and made it mandatory for
lenders to report the race and ethnicity of their loan applicants. Wide disparities in loan
denial rates were subsequently exhibited by the Boston Federal Reserve Bank using the
HMDA database. Based on denial rates, Munnell et al. (1996); Ross and Yinger (1999)
and Han (2004) show that ethnic minorities (African-Americans and Hispanic-Americans)
are facing larger loan rejection rates than white applicants with similar creditworthiness.
In mortgage lending, evidence shows that black applicants face the worst denial rate
(Schafer and Ladd, 1982; Ross, 2000) while female applicants are subject to disparate
treatment (Ladd, 1998). Re�ning the existing econometric methodology, Blanchard et al.
(2008) also �nd evidence of credit discrimination against black-owned and Hispanic-owned
businesses, but not against white women. However, these authors do not separate black
and Hispanic women from men, which makes it di�cult to globally assess discrimination
against female applicants. See also Cavalluzzo and Cavalluzzo (1998); Blanch�ower et al.
(2003); Cavalluzzo and Wolken (2005).
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(2008) emphasizes that women pay higher interest rates although they ex-
hibit a slightly better credit history. Bellucci et al. (2010) provide additional
evidence on gender discrimination in Italian small-business lending.

Interestingly, Buvinic and Berger (1990) and Fletschner (2009) show that
women keep being more credit-rationed than men by MFIs, while Mayoux
(2002) mentions the �danger of �ghetto-ising� women within small loan pro-
grams.� However, this evidence alone does not prove that the loan alloca-
tion process is biased. Indeed, women in developing countries are knowingly
poorer than men,3 and their entrepreneurial projects, logically, have smaller
scopes. Hence, higher credit rationing could simply re�ect lower expected
creditworthiness. To circumvent this argument and check for disparate treat-
ment attributable to pure taste-based discrimination (Becker, 1971), this pa-
per compares denial rates and loan sizes for male and female applicants with
similar expected creditworthiness.

Our �rst contribution is theoretical. Somewhat surprisingly, little is known
about credit rationing associated to �xed-interest lending. Indeed, following
the seminal paper by Stiglitz and Weiss (1981), the abundant literature on
credit rationing concentrates on lending with risk-adjusted interest rates,
which is common practice in the banking industry. On the opposite, MFIs
o�er �xed-interest loans, and tailor loan size to the applicant's expected
creditworthiness (Morduch, 1999). This modus operandi is motivated by the
need to stick to low operational costs in order to serve a large pool of poor
borrowers. Moreover, the social performances of MFIs are often evaluated
on the basis of average loan size (Armendáriz and Szafarz, 2011).

Our model combines two di�erent - but not mutually exclusive - representa-
tions of gender bias: a �xed-cost-like bias (identical for all female applicants)
that suggests pure prejudice, and a variable-cost-like bias (increasing with
loan size) that captures the idea of stereotyping. In this framework, we dis-
cuss the consequences of gender-biased credit allocation with respect to the
borrower's creditworthiness and to the nature and intensity of the lender's
bias.

Our second contribution is empirical. We exploit data provided by a Brazilian
MFI encompassing over 34,000 loan applications. The results show no sign
of disparate treatment in loan approval. However, we uncover a signi�cant
gender gap in loan size, which disproportionately increases with respect to
the borrower's project scale. Hence, our claim is that there is a glass-ceiling
in loan size. Additionally, these �ndings are insensitive to the loan o�cer's
gender. In conclusion, the good news is that access to credit is fair, while the

3According to ILO (2009), 75% of poverty worldwide is female.
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bad news is that women face harsher loan downsizing than men, especially
the ones with the largest business projects.

The paper is organized as follows. Section 2 presents the theoretical model.
Section 3 describes the database. Section 4 investigates the impacts of gender
on loan approval and loan size, taking into account a large spectrum of control
variables. The glass ceiling in loan size is documented in section 5. Section
6 concludes.

2 The Model

The pool of loan applicants is denoted by P . Each applicant, (x, g) ∈ P ,
is characterized by two variables assumed independent: creditworthiness,
x ∈ X, and gender, g ∈ {F,M}. Actually, the micro�nance industry often
claims that women are more creditworthy than men. Therefore, our model
may be viewed as providing lower bounds for the impact of biased loan-
allocation, rather than absolute values.

The risk-neutral MFI delegates screening and loan allocation to an o�cer
who is assumed to be unbiased toward male applicants (g = M), but biased
against female applicants (g = F ). We also assume that the information is
symmetric at least at the loan o�cer's level.4

The model has one period. All loans bear the same interest rate, r.5 At time
0, the o�cer receives a loan request from applicant (x, g), and subsequently
allocates a loan of size LS = LS(x, g) (equal to zero, in case of denial) by
maximizing the expected pro�t, E [W (LS, x, g)], which equals the expected
future repayment minus the costs. The costs combine the MFI's cost of cap-
ital, r0 (r0 < r), and the o�cer's psychological costs associated to serving
women. The latter is split in two components. Firstly, the variable-cost-like
component, δ1 ∈ [0, 1], captures the idea of stereotyping regarding the en-
trepreneurial capabilities of women. As put forward by Buttner and Rosen

4At the MFI level (not considered in the model), information asymmetry is more likely
because MFIs are highly decentralized. Hence, discriminatory practices can remain unno-
ticed by the MFI's stakeholders who do not observe the applicants' characteristics, which
leads to a classical principal-agent problem. Highlighting this problem in a more general
context, Méon and Szafarz (2011) show that taste-discrimination in hiring may result from
such a principal-agent issue.

5This is common practice in microcredit institutions. Alternatively, the lending rate
could be adjusted to the client's risk characteristics in x, but beside making the model
more complex, this would not much a�ect the results. Also for the sake of simplicity, we
ignore the operational costs.
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(1988, p. 249) for US banks, �the hypothesis that characteristics attributed
to successful entrepreneurs were more commonly ascribed to men than to
women. On the dimensions of leadership, autonomy, risk taking, readiness
for change, endurance, lack of emotionalism and low need for support, bank
loan o�cers rated women as signi�cantly less like successful entrepreneurs
compared to men.� Secondly, the �xed-cost-like component, δ2 ≥ 0, repre-
sents pure prejudice, i.e. disliking lending to women.

The lender's maximization problem at time 0 thus reads:

Max
LS>0

E[W (LS, x, g)] = E[R(LS, x)]− LS(1 + r0 + δ11F )− δ21F1LS (1)

where R(LS, x) is the stochastic gender-insensitive repayment from borrower
(x, g) for a loan of size LS, E[.] represents the expectation operator, 1F is
the gender dummy (equal to 1 when g = F ), and 1LS is the loan dummy
(equal to 1 when LS 6= 0).

At time 1, the borrower reimburses the loan up to his/her current business
revenue. We assume the existence of a penalty su�ciently high to deter
strategic default. The borrower's revenue, denoted by y, is unknown at time
0. For the sake of simplicity, we assume that only two values are possible for
y, depending on the state of the nature: a low value, y, and a high value, y.
Each borrower (x, g) is characterized by his/her probability, π(x), to generate
the low revenue in the following way:6

y(x, g) = y(x) =

{
y with probability π(x)
y with probability 1− π(x)

(2)

In order to eliminate the trivial cases where discrimination is su�cient to
ex ante exclude all female applicants (irrespective of their pro�tability), we

assume that: δ1 6 r − r0 and δ2 6 ȳ(r−r0−δ1)
1+r

. Indeed, gender biases that
would violate either of these conditions can be easily detected by observing
the absence of female borrowers, since the clientele's gender repartition is
public knowledge.

At time 1, y(x) realizes and borrower (x, g) repays R(LS, x) where:

R(LS, x) = min{y(x), LS(1 + r)} (3)

Table 1 summarizes the six possible repayment situations, depending on the
loan size (LS) and the borrower's realized revenue (y or y). Repayment is

deterministic for small loans (LS ≤ y

1+r
), and otherwise stochastic.

6Parametrizing the borrowers in this way renders the expected repayment continuous
with respect to creditworthiness. In practice, loans are reimbursed by installments, which
materializes the possibility for partial loan reimbursement.
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Table 1: Repayment R(LS, x) depending on loan size (LS) and revenue (y)
hhhhhhhhhhhhhhhhhhRevenue y

Loan size LS
LS ≤ y

1+r

y

1+r
< LS < y

1+r
LS ≥ y

1+r

y [prob :π(x)] LS(1 + r) y y

y [prob : 1− π(x)] LS(1 + r) LS(1 + r) y

Two notable observations can be drawn from table 1. First, loans larger than
y

1+r
are excluded since revenues are capped at ȳ. Second, as the objective

function is continuous and piecewise linear with respect to LS, only three
optimal loan sizes are feasible: LS∗ = 0 (no loan), LS∗ = LS =

y

1+r
(small

loan), and LS∗ = LS = y
1+r

(large loan). Consequently, the expected pro�t
simpli�es to:

E [W (LS, x, g)] =


0 if LS = 0
LS[r − r0 − δ11F ]− δ21F if LS = LS
π(x)(1 + r)[LS − LS]
+LS[r − r0 − δ11F ]− δ21F if LS = LS

(4)

From the expected pro�ts in eq.4, we determine the optimal loan size for male
and female applicants in each parameter con�guration. For male applicants
we have:

LS?(x,M) =

{
LS if π0 ≤ π(x)
LS if π(x) < π0

(5)

where: π0 = r−r0
1+r

. For female applicants, the result depends on the gender
biases of the loan o�cer:

LS?(x, F ) =


0 if π0 ≤ π(x) and r − r0 < δ1 + δ2

LS

LS if π0 ≤ π(x) and δ1 + δ2
LS
≤ r − r0

or π0 − δ1
1+r
≤ π(x) < π0

LS if π(x) < π0 − δ1
1+r

(6)

Eq.5 and eq.6 allow determining the gender gap in loan size, 4?(x) =
LS?(x,M)−L?(x, F ), as displayed in Table 2. Interestingly, this table shows
that not all female applicants are penalized to the same extent. The actual
harm depends not only on the credit o�cer's biases, δ1 and δ2, but also on
the applicant's creditworthiness, x.

Three scenarios are possible:
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Table 2: Gender gap in loan size (4?)
Applicant's creditworthiness

Gender biases: Low High Very High
(δ1, δ2) π0 ≤ π(x) π0 − δ1

1+r
≤ π(x) < π0 π(x) < π0 − δ1

1+r

δ1 + δ2
LS

> r − r0 Discriminatory denial Downsizing No gender gap

δ1 + δ2
LS
≤ r − r0 No gender gap, 4? = 0 4? = LS − LS 4? = 0

1) In the best-case scenario, the loan o�cer is either unbiased (δ1 = δ2 =
0), or subject to a �xed-cost-like bias solely, and this bias is small (δ1 =
0 and δ2 ≤ LS(r − r0)). In this case, male and female applicants get iden-
tical loans. The optimal loan size is LS if the borrower's probability of low
revenue lies below threshold π0 (high creditworthiness), and LS otherwise
(low creditworthiness).

2) In the average-case scenario, the loan o�cer is subject to a variable-cost-
like bias, and the combination with the potential �xed-cost-like bias is small
enough (δ1 > 0 and δ1 + δ2

LS
≤ r − r0) to avoid discriminatory loan denial.

In this case, women with low-creditworthiness face no gender gap in loan
size, while women with high-creditworthiness do. There is still a potential
segment of women with very high creditworthiness

(
π (x) < π0 − δ1

1+r

)
who

remain untouched by loan downsizing. However, this segment vanishes if
both the loan o�cer is subject to a variable-cost-like bias solely, and this
bias is large (δ2 = 0 and δ1 ' r − r0).

3) The worst-case scenario
(
δ1 + δ2

LS
> r − r0

)
combines the features of the

average-case scenario for high-creditworthiness women and loan denial for
low-creditworthiness ones.

Most importantly for practical purposes, these three scenarios can be empir-
ically disentangled provided that an adequate measure of creditworthiness
is available. Firstly, case 3 implies disparate treatment in loan denial rates,
while both cases 1 and 2 do not. Secondly, case 2 implies disparate treatment
in loan size, while case 1 does not. Section 4 proposes an empirical analysis
based on these two identi�cation conditions. Before that, section 3 presents
our database.
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3 Data

Our database comes from VivaCred, a non-pro�t Brazilian MFI, and covers
the eleven-year period 1997-2007. VivaCred o�ers credit to micro-entrepreneurs
in Rio de Janeiro's low-income communities and neighborhoods. It focuses on
urban (formal and informal) micro-businesses such as storekeepers, craftsper-
sons, and service providers. VivaCred's activity started in 1996 in Rocinha,
the largest favela in Rio. Later, branches opened in Rio das Pedras (1998),
Copacabana - now in Gloria - (1999), Mar (2000), Santa Cruz (2002), and the
city of Maca in Rio state (2004). Until 2009, VivaCred was mostly funded
by the Brazilian Development Bank (BNDES). At the time, VivaCred inte-
grated the national program CrediAmigo funded by Banco do Nordeste, a
Brazilian public bank.

VivaCred's loans are accessible to micro-entrepreneurs with at least six months
of business activity behind them. VivaCred asks no collateral, but discloses
the identities of its defaulting borrowers in the national register (SPC), which
is consultable by any institution supplying credit, including shops. This
penalty for default is heavy. Indeed, beyond forbidding further access to
credit, being registered in SPC brings serious troubles getting a cell phone
contract or buying household appliances.

Like most MFIs, VivaCred has a �xed-interest lending policy based on credit
rationing.7 The loans bear a �xed 3.9% monthly interest rate8 plus a one-
shot registration fee (from 3 to 5%) that depends on the credit duration and
the client's repayment history.

VivaCred's loan granting process is the following. For each application, a
loan o�cer is designated to collect all relevant information on the applicant's
and guarantor's situations,9 and on the business characteristics and �nancial
statements.10 Subsequently, this loan o�cer makes a recommendation to the

7This way of doing raises ethical issues, as discussed by Hudon (2009).
8Over the period 1997-2007, the central bank monthly interest rate (celic) �uctuated

from 0.89% to 2.58% (from 11.18% to 35.76% on a yearly basis). The monthly interest
rates used by Banco da Mulher, a non-pro�t institution comparable to VivaCred were
comprised between 3% and 5%. Meanwhile, Fininvest, a for-pro�t institution, was o�ering
consumption loans with monthly rates reaching 12%.

9Namely: private and professional addresses, birth date, birth state, marital status,
gender, dependent(s), profession, bank references, partner's ID, current account, family
consumption, family external income, full credit history (as a borrower, a borrower's part-
ner, or a guarantor). The database does not, however, include racial information. Actually,
because of miscegenation, racial segmentation is di�cult in Brazil (Sheri�, 2000).

10Namely: location, type of activity, age, bank references, formality, detailed assets and
liabilities, expenditure and revenues, and number of employees.
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credit committee,11 which in turn makes the �nal decisions (loan acceptance
or denial, and loan size).

Our dataset contains the characteristics of all - ultimately approved or denied
- applications gathered by VivaCred's administration, as well as the loan
o�cer's gender. Over the period, about 41,000 loans were solicited by 15,400
applicants. About 32,000 loans were granted to 11,400 borrowers. We cleaned
the database by removing canceled applications, contracts with incomplete
speci�cations, loans to VivaCred's employees, and the few group loans. As a
result, we run this empirical study on 34,000 loan applications, among which
32,000 resulted in actual loans. Table 3 summarizes the global and gender-
disaggregated descriptive statistics and tests for equal means between male
and female applicants.

VivaCred claims no particular gender focus. Its clientele is balanced with
49.6% of loans granted to women entrepreneurs. Table 3 indicates that,
on average, female applicants are two year older than male ones (45 versus
43), less likely married (43% versus 52%), and less often with dependents
(51% versus 53%). Logically, external income (i.e., business-unrelated income
earned by any household member) is gender-neutral (around BRL 210 per
month). Moreover, the guarantor's and borrower's genders are unrelated.

Male and female applicants di�er not only in personal situations, but also in
business characteristics. Indeed, table 3 shows that female-owned businesses
are typically smaller, in terms of both pro�t and sta� size, and less often for-
mal.12 The equal mean t-tests con�rm that women apply for smaller loans
than men (BRL 1,254 versus BRL 1,526). Besides, while 34% of male appli-
cations are motivated by investment (as opposed to liquidity), this proportion
falls to 29% for female applications.

Men and women face similar approval rates (about 95%), which is consistent
with the absence of any �xed-cost-like gender bias as discussed in section 2.
On the other hand, women receive smaller loans, both in absolute terms (BRL
846 versus BRL 1074) and proportionately to the requested amount (73.7%
versus 74.7%). According to our model, this can result from the presence of
variable-cost-like gender bias. However, an analysis taking creditworthiness
factors into account is necessary before jumping to conclusions.

11The term �credit committee�, used by VivaCred, is somewhat misleading since it refers
to a single person. Depending on the requested amount, the �credit committee� is either
the branch manager or a senior loan o�cer.

12Fajnzylber et al. (2011) show that Brazilian micro-�rms that go formal experience
higher levels of revenue and pro�ts.
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Table 3: Global and gender-disaggregated descriptive statistics
Global Std. Mean t-testc

Mean Dev. M. App. F. App.
Female applicantb 0.496 0.50
Loan approvalb 0.945 0.228 0.944 0.946 −0.00213
Requested amount (X 100 BRL)a 13.92 12.42 15.26 12.54 2.722∗∗∗
Loan size ( X 100 BRLa) 9.61 9.98 10.74 8.46 2.282∗∗∗

Applicant pro�le
Age (in years) 42.20 11.97 41.24 43.17 −1.925∗∗∗
Marriedb 0.47 0.50 0.52 0.43 0.0962∗∗∗
At least one dependentb 0.52 0.50 0.53 0.51 0.0169∗∗
External income (X 100 BRL)a 2.13 3.76 2.11 2.16 −0.04
# former loans in VivaCred 2.25 3.27 2.35 2.15 0.202∗∗∗
# former loans with delay (> 30 days) 0.038 0.205 0.043 0.035 0.0077∗∗∗
# previous experiences as guarantor in VivaCred 0.74 2.11 0.89 0.6 0.282∗∗∗

Business characteristics
Business pro�ts (X 100 BRL)a 9.19 13.44 10.26 8.09 2.177∗∗∗
Sector (trade = 1, other = 0) 0.53 0.50 0.49 0.56 −0.0760∗∗∗
Formal businessb 0.06 0.23 0.07 0.05 0.0165∗∗∗
Sta� size 0.63 2.20 0.72 0.54 0.175∗∗∗

Credit characteristics
Investment purposeb 0.32 0.47 0.34 0.29 0.0518∗∗∗
Loan repayment purposeb 0.09 0.29 0.08 0.1 −0.0171∗∗∗
Guarantor's involvementb 0.92 0.27 0.93 0.92 0.00756∗∗

Observations 33,851

aMonetary variables are given in the Brazilian currency corrected for the Rio de
Janeiro state in�ation index - IPC. The Brazilian Real (BRL) �uctuated between 0.26 USD
and 0.96 USD over the period 1997-2007.

bDummy variable: Yes = 1, No = 0
ct-test for equal means between genders; *** p<0.01, ** p<0.05, * p<0.1

4 Gender-speci�c Loan Approval and Loan Size

Di�erences in denial rates are the cornerstone of the empirical literature on
discrimination in the lending industry. Tests have been used for detect-
ing discrimination based on race, gender, or ethnicity.13 Applied to gender,
the classical testing methodology involves probit regressions including an ex-
planatory gender dummy and suitable proxies for creditworthiness. Gender
discrimination is then suspected if the gender dummy has a positive impact
on the probability of loan denial.

13See Lacour-Little (1999) for a survey on models and methods on discrimination in
mortgage lending, and Blanchard et al. (2008) for a survey on discrimination in small-
business lending.
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In our sample, however, the lender's decisions go beyond loan denial/approval,
involving loan size determination too. Fortunately, the requested amount is
observable for all applicants (whether selected or rejected), allowing to test
for gender-sensitivity in project scopes. This represents a methodological
novelty for the literature on discrimination in lending.

On the �ip side, the requested amount depends on the applicant's charac-
teristics (see table 3). Thus, including the requested amount among the
regressors may bring multicollinearity. To address this issue, we depart from
the classical estimation approach, and opt for partial least square (PLS)
regressions (Wold et al., 1984; Tenenhaus, 1998; Helland, 1990).

Following the predictions of the model presented in section 3, a gender bias
in loan allocation may create excess credit rationing for women entrepreneurs
in two di�erent ways: excess loan denial on the one hand, and excess loan
downsizing on the other. Therefore, our empirical investigation involves both
a probit model for loan approval, and a linear model for loan size.

The control variables are the ones typically used to assess creditworthiness.
They include the borrower's personal information (age, marital status, exter-
nal income, presence of dependents, guarantor's involvement, and guarantor's
gender if involved), the business characteristics (pro�tability, sector, business
status, sta� size, and loan purpose), as well as the borrower's credit history
in VivaCred (number of former loans as a client and as a guarantor, previ-
ous delays). Year dummies account for external economic factors. We also
include dummy variables for the branch and for the loan o�cer's gender.

Loan approval is represented by the dummy variable de�ned by: Ai = 1 if
applicant i gets a loan; Ai = 0 otherwise. The corresponding probit model
is:

P (Ai = 1) = Φ(bF Fi + bRRAi + b′X Xi) (7)

where Φ(.) is the Gaussian distribution function, Fi is the gender dummy
(Fi = 1 if applicant i is a woman; Fi = 0 otherwise), RAi is the requested
amount for applicant i, and Xi

14 is the vector summarizing the J control
variables for applicant i. The associated coe�cients are bF , bR, and vector
bX, respectively.

A linear speci�cation with the same independent variables is used for loan
size:

LSi = cFFi + cRRAi + c′X Xi + εi (8)

14Bold characters represent vectors.
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where LSi is the loan size obtained by applicant i. Denied applications
are captured as zero loans. The coe�cients associated to the explanatory
variables are denoted by cF , cR, and vector cX, respectively.

As a pre-treatment against multicollinearity for both eq.7 and eq.8, we clean
variable RA from its dependencies on the other explanatory variables through
PLS estimation. More precisely, in the �rst step we determine the residual
requested amount, RRA, namely the requested amount cleaned from the
impacts of gender and controls:

RAi = aFFi + a′XXi +RRAi (9)

In the second step, we explain the approval probability and the loan size by
the gender dummy, the controls and the residual requested amount. The
approval probability (eq.7) then becomes:15

P (Ai = 1) = Φ[(bF + bRaF )Fi + (b′X + bRa
′
X)Xi + bRRRAi] (10)

Similarly, the loan size regression (eq.8) then becomes:

LSi = (cF + cRaF )Fi + (c′X + cRa
′
X)Xi + cRRRAi + εi (11)

By combining the coe�cients estimated, respectively, from eq.9-10 and eq.9-
11, we isolate the �pure� e�ects of the requested amount on, respectively,
loan approval and loan size.

Table 4 presents the marginal e�ects at the mean for the probit regressions
(speci�cations (1)-(3)) and the estimated coe�cients for the loan size regres-
sions (speci�cations (4)-(6)). The results in (1) and (4) are obtained from
uncorrected requested amounts (OLS estimation), while the results in (2),
(3), (5), and (6) are cleaned for multicollinearity, and are therefore based on
residual requested amounts (PLS estimation). Moreover, in (3) and (6), the
loan o�cer's gender is taken into account through both a dummy and an
interaction term with the applicant's gender.

In all speci�cations, the approval probability appears to be gender-insensitive,
which is consistent with the picture that emerges from the descriptive statis-
tics (table 3). In contrast, the impact of the applicant's gender on loan size is
signi�cantly negative in all speci�cations, meaning that, all other things equal
(including the requested amount), women undoubtedly get smaller loans than
men.

15Actually, applying PLS to probit regressions may slightly distort the marginal e�ects,
but the signi�cance thresholds remain adequate, which is our main concern.
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Table 4: Loan approval and loan size regressions
Loan approval Loan size

Probit marginal e�ects at mean Linear regressions
(1) (2) (3) (4) (5) (6)

Female applicant 0.000275 0.00144 0.00408 -31.20*** -93.69*** -89.92***
(0.00198) (0.00199) (0.00287) (5.931) (6.480) (8.884)

Requested Amount (RA) -1.12e-05*** 0.595***
(8.71e-07) (0.00277)

Residual RA (RRA) -9.70e-06*** -9.37e-06*** 0.573*** 0.574***
(9.27e-07) (9.26e-07) (0.00315) (0.00315)

Female o�cer -0.00835*** -39.39***
(0.00282) (9.280)

Female applicant -0.00500 -7.609
& Female o�cer (0.00411) (12.69)
Observations 33851 33851 33851 33851 33851 33851
R-squared 0.716 0.661 0.661
Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. Monetary variables in de�ated BRL.
Column (1) refers to eq.7 (without cleaning for multicollinearity), columns (2) and (3) refer to eq.10,

column (4) refers to eq.8 (without cleaning for multicollinearity), and columns (5) and (6) refer to eq.11.
Controls: # Former loans, # experiences as guarantor, # past delays, Marital status,

dependent(s), age, guarantor involvement, investment purpose, repayment purpose, external income,
business pro�ts, sector, formal business, sta� size, year dummies, and branch dummies.

Importantly, the comparison of the gender e�ects in (4) and (5) clari�es
the origin of the gender gap in loan size. In speci�cation (4), the gender
dummy coe�cient is equal to (−31.20), while in (5) the global gender e�ect -
which melts together the direct and indirect (through the requested amount)
e�ects - reaches (−93.69). Thus, women do indeed get smaller loans, but
principally because, under similar circumstances, they ask for smaller loans
than men. Still, in a discrimination-free environment, loan o�cers could have
learned that, for a given level of creditworthiness, women tend to introduce
less in�ated requests. Consequently, unbiased o�cers should adopt a less
stringent credit-rationing policy toward female applicants. In reality, we
observe the opposite. Women ask for less money than men with the same
characteristics, and get even less.

In the context of small-business lending, disparate treatment likely originates
from long-lasting stereotypes against women entrepreneurs as observed, for
instance, by Buttner and Rosen (1988). Notwithstanding their social mission,
MFIs delegate credit allocation to loan o�cers who are not necessarily im-
mune to gender stereotypes. As social psychologists claim (Fein and Spencer,
1997; Kunda and Sinclair, 1999), stereotyping and prejudice are common fea-
tures in human behavior.

Regarding the o�cer's gender (speci�cations (3) and (6)), we �nd signi�-
cantly negative coe�cients in both the approval and loan size regressions,
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but no signi�cant gender interaction between the applicant and the o�cer.
Thus, female o�cers are more reluctant to grant loans and supply smaller
loans, irrespectively to the applicant's gender.

To sum up, the credit approval rate is not a�ected by the applicant's gender,
but loan size determination is detrimental to female borrowers. As a con-
sequence, the estimations exclude both the best-case scenario (no disparate
treatment at all) and the worst-case scenario (disparate treatment in the
approval rate and the loan size) described in Section 2. However, because
linearity was assumed from the start, the speci�cations used in this section
fall short of assessing how the gender gap in loan size varies according to the
project scale. Better suited speci�cations accounting for the possibility of a
glass-ceiling e�ect are proposed in the next section.

5 Is there a Glass Ceiling in Loan Size ?

We already know that, globally, women get smaller loans than men with
similar characteristics. This section examines whether all women are treated
alike, or whether some of them face harsher treatment. In particular, a glass
ceiling e�ect in loan size would be observed if women with higher expected
revenue would be more rationed.

In order to assess the dependency of the loan size to the interaction of the
project scope and the borrower's gender, we successively consider two speci-
�cations: one with gender-speci�c slopes, and the other with gender-speci�c
quadratic terms.

The �rst speci�cation includes gender-speci�c slopes :

LSi = cFFi + cRRRAi + cRF RRAiFi + c′X Xi + εi (12)

where LSi is the loan size, Fi is the gender dummy (Fi = 1 if applicant i is
a woman, Fi = 0 otherwise), RRAi is the residual requested amount, and
vector Xi summarizes the controls. A signi�cantly negative value for cRF
would capture the glass-ceiling e�ect.

The second speci�cation includes gender-speci�c quadratic terms:

LSi = cFFi + cRRRAi + cQ (RRAi)
2 + cQF Fi(RRAi)

2 + c′X Xi + εi (13)

In this equation, a signi�cantly negative value for cQF would capture a glass-
ceiling e�ect stronger than in eq.12 since the speci�cation is quadratic.
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Table 5: Estimations of the glass ceiling e�ect
Loan size

(1) (2)
Female applicant (F) -94.10*** -60.31***

(6.435) (6.611)
RRA 0.625*** 0.537***

(0.00394) (0.00370)
RRA*F -0.143***

(0.00653)
RRA2 2.01e-05***

(7.61e-07)
RRA2*F -3.03e-05***

(1.78e-06)
Observations 33851 33851
R-squared 0.665 0.668
Standard errors in parentheses; *** p<0.01

Monetary variables in de�ated BRL.
Same controls as in table 4, col (4) and (5).

The two speci�cations featured in table 5 present similar explanatory powers.
Both con�rm the presence of a glass ceiling e�ect.16 Indeed, column (1)
exhibits a signi�cantly negative coe�cient associated to the gender/project
scale interaction term, while column (2) shows that the quadratic interaction
term is signi�cantly negative. The gender gap in loan size is thus increasing
- linearly at best, quadratically at worse - with the project scope.

Figure 1 illustrates the regression results. Each graph represents the gender-
speci�c loan sizes as functions of the requested amounts. The dashed lines, re-
spectively curves, are the linear, respectively quadratic, trends of the gender-
speci�c slope regressions. The thin continuous line is the aggregate linear
trend (from eq.13) provided as a benchmark. Figure 1 shows that both spec-
i�cations o�er reasonable pictures of the scatter plot.

Figure 1 also con�rms that the quadratic speci�cation produces a stronger
glass ceiling e�ect. For example, for a BRL 8,000 request (which is high
according to VivaCred's standards), the gender-speci�c linear speci�cation
predicts an average loan size di�erence of BRL 1,238 between male and fe-
male borrowers whereas the quadratic speci�cation predicts a BRL 1,939
di�erence.

A robustness check for the glass-ceiling e�ect is performed by splitting the
full sample in two subsamples according to the requested amount (with the

16The coe�cients of the control variables (including the loan o�cer's gender) are similar
to those given in table 4. Hence, we do not report them here.
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Figure 1: The linear and quadratic glass ceiling e�ects

cut-o� at the mean),17 and estimating eq.12 on two separate subsamples.
Table 6 presents the results, together with a Chow test for equal coe�cients
in the two regressions.

For tiny requests, the gender gap in slopes is signi�cant but extremely small
(-0.0347). For small loans, the gender gap is signi�cant, and eight times larger
than for tiny loans (-0.230). Expectedly, these coe�cients are signi�cantly
di�erent from each other. Overall, the results con�rm the presence of a glass
ceiling, and highlight that the loan size depends in a non-linear (concave)
fashion on the requested amount.

The glass-ceiling e�ect in loan size is thus a robust feature. The source
of this puzzling evidence remains unclear, though. Why do loan o�cers
impose too tough credit rationing to borrowers who would otherwise be more
pro�table? When economic arguments fall short of explaining the facts,
behavioral explanations sometimes provide clues. In particular, our �ndings
are consistent with loan o�cers being subject to gender stereotyping. Due to

17As the mean requested amount is BRL 1014, or approximately USD 576, we refer to
the corresponding loans as �tiny� and �small�.
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Table 6: Glass-ceiling e�ect: Two subsamples
Loan size

(1) (2)
Subsample:a Tiny requests Small requests Di�erences in coe�cients
Female applicant (F) -79.86*** 66.32*** ***

(7.74) (18.39)
RRA 0.489*** 0.670*** ***

(0.0079) (0.0085)
RRA * F -0.0347*** -0.230*** ***

(0.0113) (0.0141)
Observations 20,804 13,046
R-squared 0.525 0.672

aCut-o� at the mean requested amount: BRL 1,392.
Standard errors in parentheses; *** p<0.01.
Same controls as in table 4, col. (4)- (5).

decentralization, microcredit o�cers bene�t from extensive leeway in their
everyday work, which means that the information asymmetry between the
MFI and its agents may be huge. Moreover, unlike US banks, MFIs in
developing countries are mostly unregulated, in particular with regard to
discriminatory practices.

However, we cannot fully exclude the possibility that real di�erences in cred-
itworthiness do exist between male and female applicants, and that loan
o�cers capture such di�erences through soft information unreported to the
MFI. Indeed, the gender di�erences in entrepreneurial characteristics and
performances in developed countries are debated in the literature and the
evidence of discrimination remains controversial. For instance, Sexton and
Bowman-Upton (1990) exhibit gender-related managerial di�erences, notably
in risk aversion, but these authors �nd that these di�erences are largely over-
weighted as a basis for gender stereotyping. On the opposite, using Canadian
data Haines et al. (1999) claim that �borrower attributes and terms of lend-
ing do not vary by gender of borrower� (p.291). Strikingly, even when gen-
der discrimination is accounted for, this discrimination seems to have little
impact on the chances of success of female-owned small businesses (Fischer
et al., 1993), perhaps because women make a better use of their social capital
(Carter et al., 2003).

In fact, the characteristics of female micro-entrepreneurs in developing coun-
tries remain largely unexplored. Thanks mainly to the emergence of micro-
�nance, authors have started investigating the poor's �nancial life (Collins
et al., 2009), and in particular the poor women's everyday struggle to en-
sure their household's basic needs (Guérin, 2011). Still, much more needs
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to be done to better understand - and act on - the gender inequalities that
plague the economic activity in developing countries. In that line, our results
con�rm the �ndings by, e.g., Johnson (2004) and Corsi et al. (2006) that a
gender-sensitive approach makes sense in the micro�nance industry.

6 Conclusion

Combining gender stereotyping and pure prejudice, our theoretical model
shows that disparate treatment in loan allocation may take di�erent forms.
The empirical analysis performed on data from a Brazilian MFI reveals that
the loan approval rate is gender-neutral, but there is a glass-ceiling in loan
size that hurts the women entrepreneurs with the largest projects.

Actually, such a biased loan allocation is detrimental not only to the ap-
plicants who su�er from discrimination, but also to the lending institution
that misses pro�t opportunities because of its agent's bias. In micro�nance
though, no systematic investigation for biased loan allocation has been put
in place yet, nor than has any regulation. Supposedly, the social orientation
of most MFIs could act as a natural prevention device against discriminatory
practices. However, as emphasized by Labie et al. (2010), internal governance
tools, like monitoring and wage incentives, may fall short when it comes to
eradicate discrimination, mainly because of �nancial constraints.18 There is
therefore room for external actors, like donors and regulatory authorities, to
come up with an anti-discrimination agenda.

Our results also raise concern on two apparently benign assumptions com-
monly made in the micro�nance literature. Firstly, authors often use the
gender dummy as a proxy for poverty. In fact, doing so results in both
mixing up poverty and gender bias, and ignoring gender di�erences in loan
requests for similar poverty levels.

Secondly and more importantly, academics and practitioners routinely use
average loan size as an assessment tool for MFIs' social mission ful�llment.
However, on top of being abusively penalizing for cross-subsidization and pro-
gressive lending (Armendáriz and Szafarz, 2011), unconditional average loan
size is manipulable through disparate treatment of some clientele segments,
like women and discriminated-against minorities. Therefore, average loan
size not only is a poor indicator (Dunford, 2002), but also drives perverse in-
centives. Opportunistic MFI managers whose funding is conditioned by low

18Aubert et al. (2009) also argue that giving incentives is costly in pro-poor MFIs.

18



average loan size could indeed let their loan o�cers exert credit rationing
through discrimination, as emphasized in this paper.

In the wake of the recent �nancial crisis, the gender-speci�c attitudes of
bankers have attracted increased interest. In that line, a side output of
our study concerns the impact of the o�cer's gender on the loan allocation
process. Firstly, we have shown that the glass ceiling e�ect is evidenced
irrespective of the loan o�cer's gender. Hence, our �ndings do not support
the �gender a�nity� hypothesis in the spirit of the �cultural a�nity� theory
tested in the mortgage lending industry (Hunter and Walker, 1996; Bostic,
2003). Secondly, we have observed that female loan o�cers are tougher than
their male colleagues both in loan granting and in loan size determination.

Fully elucidating why female and male o�cers adopt diverging screening
methodologies goes beyond the scope of this paper. However, psychological
factors linked to risk assessment are likely involved (Borghans et al., 2009).
Such factors could also explain why female applicants request smaller loans
than their male counterparts with similar characteristics. Alternatively, it
could be that female borrowers refrain from requesting loan sizes that would
put at risk their �nancial situation within their household. Such a rationale
would be in line with the �ndings that microcredit increases women's �nancial
vulnerability (Goetz and Sen Gupta, 1996; Garikipati, 2008; Guérin et al.,
2009).

Gender stereotyping is observed in a wide variety of situations, including
small-business lending (Weller, 2009). Therefore, the absence of a gender
gap in loan approval rate is a remarkable accomplishment for VivraCred,
the MFI under scrutiny in this paper. Further studies are, however, needed
to assess whether our results also apply to other MFIs, in particular the
ones that claim to be committed to women empowerment. Additionally,
our results should encourage regulators, donors, and other recommendation
issuers to favor the release of disaggregated data by MFIs. Aggregate data
(like the percentage of women served by the MFI) are blatantly insu�cient
to detect disparate treatment.

Further work could also examine the impact of gender on creditworthiness
through default history (Ferguson and Peters, 1997), and check whether gen-
der interacts with any creditworthiness characteristics. If women do indeed
exhibit lower default rates, as often claimed by the microcredit industry and
con�rmed by Marrez and Schmit (2009) on Moroccan data, then the presence
of taste-based discrimination, as opposed to pro�t-based statistical discrim-
ination, would become undeniable.

Viewed through the women empowerment lens, our results are consistent with
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two dominant, but seemingly contradictory, statements made in the litera-
ture. On the one hand, the fact that access to credit is gender-blind con�rms
that microcredit o�ers unexplored opportunities to female entrepreneurs.
But on the other hand, women keep facing harsher conditions than men
regarding not only their social and familial statuses, but also their borrowing
possibilities. In this perspective, our results extend to credit conditions the
mixed conclusions on women empowerment reached by Kabeer (2001).

Lastly, the scope of this paper goes beyond microcredit and gender issues.
While the current literature is mostly focused on loan denial rates, this paper
demonstrates that examining loan sizes may reveal insightful as well. Having
a loan approved is good news for an entrepreneur, but when it comes to
business purposes, loan size matters also.
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