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Abstract

This paper examines whether automatic credit approval
can reduce gender bias in lending to small and medi-
um-sized enterprises. The study team collaborated with a
bank in Peru that piloted a new screening tool to generate
psychometric credit scores. Applicants who scored above
a predefined threshold were automatically offered a loan
with a size tied to their score, and those below the threshold
were assessed by a loan officer. Using a regression discon-
tinuity design and credit bureau data, the paper compares

loan offers and loan sizes of female and male applicants
within a narrow window around the automatic approval
threshold. The results show that female applicants below
the threshold are less likely to take out loans and receive
smaller loan amounts than men. However, this gender bias
disappears for applicants above the threshold, suggesting
that automated screening methods can reduce loan officer
discretion and promote gender equity in lending.

This paper is a product of the Development Research Group, Development Economics. It is part of a larger effort by the
World Bank to provide open access to its research and make a contribution to development policy discussions around the
world. Policy Research Working Papers are also posted on the Web at htep://www.worldbank.org/prwp. The authors may
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1. Introduction

Loan applications from women-owned firms are often less likely to be approved than those
from men-owned firms, even after controlling for firm characteristics (Muravyev, Talavera, and
Schéfer, 2009; Morazzoni and Sy, 2021; Presbitero, Rabellotti and Piras, 2014). Among firms that
do receive loans, women-owned businesses tend to face higher interest rates (Alesina, Lotti, and
Mistrulli, 2013; Chen, Li, and Lai, 2017; Mascia and Rossi, 2017; Muravyev, Talavera, and
Schifer, 2009), provide more collateral (Belluci, Borisov, and Zazzaro, 2010; Calcagnini,
Giombini, and Lenti, 2015), and receive smaller loan amounts (Agier and Szafarz, 2013),

compared to men-owned firms with similar characteristics.

Some of these observed gender gaps may be driven by omitted variables. However,
evidence from audit studies that randomly vary gender in loan applications while holding other
characteristics constant also reveals gender disparities in loan approval rates (Montoya et al.,
2020), loan amounts (Alibhai et al., 2019), and collateral requirements (Brock & De Haas, 2023).

These findings suggest that loan officers may discriminate against female borrowers.

We study whether the gender gap in SME lending decreases when using an automatic loan
approval procedure that limits loan officer discretion. We collaborated with a large commercial
bank in Peru that piloted a new screening tool in 2012 and 2013. SME owners who applied for
working capital loans were assessed using a psychometric tool, which generated a three-digit
psychometric credit score. Applicants who achieved a score above a predefined threshold, set by
our partner bank, were automatically offered a loan. Those with scores below the threshold
received a loan offer only if they passed the bank’s traditional screening process, which involved
a loan officer’s review of the application, including a site visit to the SME and an assessment based
on the SME owner’s credit score from Equifax Peru. For applicants above the threshold, loan size
was directly tied to their psychometric score. In contrast, loan officers had more discretion over

the loan size for applicants below the threshold.

In this setting, if loan officers discriminate against women applicants, we would expect
loan approval rates or loan sizes to be less favorable for women than for men below the automatic
approval threshold. Above the threshold, however, approval rates and loan sizes should be similar

for both women and men, if the approval algorithm is more gender-neutral than loan officers.



We test these hypotheses using a regression discontinuity design (RDD) with
administrative data from our partner bank and credit history data from Equifax Peru. About 50
percent of the loan applicants in our sample are women. To assess gender bias in loan offers and
loan sizes, we run OLS regressions comparing outcomes across women and men, below and above
the automatic approval threshold, within a narrow window of psychometric scores around the
threshold. This narrow window helps ensure that applicants just below and just above the threshold

have similar background characteristics.

Our results show gender bias below the threshold, where loan offers and terms depend on
loan officer decisions. Here, female applicants have the same probability of being offered loans as
male applicants. However, controlling for various background characteristics, female applicants
are 18 percent less likely to take out loans and receive 61 percent smaller loan amounts than male
applicants, suggesting loan officers offer worse loan terms to women than men when using the

traditional screening method.

Above the threshold, where loans are automatically approved and loan size depends on the
psychometric score, we find no statistically significant difference in approval rates, loan sizes, and
offer acceptance rates across men and women. Our findings thus suggest that automatic loan
approval that reduces loan officer discretion can eliminate gender bias, leading to more loan use

and better loan terms for women-owned firms.

A key question is whether automatic approval leads to worse loan repayment since unlike
algorithms, loan officers can gather soft information on borrowers, which may be particularly
important in low information environments (Jiang, Lee, and Liu, 2022). We do not find evidence
that loan default increases above the automatic approval threshold relative to below the threshold

(neither for women nor men).

Our paper contributes to the literature on automated loan decisions and discrimination. Some
studies for the U.S. have shown that loan approval processes with less human involvement can
reduce taste-based discrimination against borrowers from racial minorities (Fei, 2021; Howell et
al., 2024), although other studies have found no reduction in racial discrimination for FinTech

lenders that rely on algorithmic decision making (Bartlett et al., 2022; Bertrand and Weill, 2021).



Garcia, Garcia, and Rigobon (2024) point out that algorithms that are based on past decisions
recorded in financial institutions’ datasets often consolidate existing biases against groups defined
by race, sex, sexual orientation, and other attributes. In our setting, the automatic loan approval
procedure shows less gender bias than loan officers, perhaps because the underlying scoring

algorithm draws on a psychometric tool instead of past data.

Our paper is related to Song et al. (2024), who study whether FinTech-based credit algorithms
reduce the gender gap in approval rates for U.S. bank loans applications. They find that loan
approval rates increase for both men and women after banks adopt FinTech algorithms, with
suggestive evidence that the increase is larger for women. Our paper adds to this result by looking
at loan take-up in addition to approval, by examining the impact of automatic approval on loan
terms, tracking repayment performance, and formally testing gender-specific differences.
Methodologically, we employ a regression discontinuity design, which allows for sharper causal

identification. In addition, we focus on SME loans and a developing country setting.

The rest of the paper proceeds as follows: Section 2 discusses the context and automatic
screening method. Section 3 describes our data sources. Section 4 lays out the identification

strategy. Section 5 presents the results, and Section 6 concludes.

2. Study Context: Piloting a Psychometric Screening Tool for SMEs in Peru

We collaborated with one of the five largest commercial banks in Peru (we refer to this
bank as our “partner bank™) in a pilot that started in 2012. At the time, our partner bank had only
a small SME portfolio, amounting to a 5 percent market share (among commercial banks) for
lending to medium-sized enterprises and a less than 1 percent market share for lending to micro or

small enterprises.

To expand its lending to the micro and small and medium-sized enterprise segment, our
partner bank piloted a psychometric tool for screening loan applicants, with support from the Inter-
American Development Bank (IDB). The psychometric tool was developed by the Entrepreneurial
Finance Lab (EFL), a fintech company founded in 2010. It relies on a series of questions that

measure personality traits, skills, knowledge, and attitudes that aim to predict the applicant’s



ability and willingness to repay a loan. The IDB and EFL co-financed the implementation of the

psychometric tool during the pilot.

SME:s that applied for a working capital loan (up to 18 months in duration with an average
loan size of $1,854) between March 2012 and August 2013 were screened by the EFL tool and
received a three-digit psychometric credit score. About 50 percent of the loan applicants were
female. Applicants who achieved an EFL score higher than a threshold defined by our partner bank
were automatically offered a loan, while those below the EFL threshold were offered a loan only
if they were approved under the institution’s conventional screening method. This conventional
screening method relied on an assessment by a loan officer, as well as the SME’s credit score from

Equifax Peru and a site visit.?

The EFL screening tool was developed by quantifying the characteristics of borrowers who
had defaulted on a past loan versus those who had not, and of borrowers who owned small
businesses with high versus low profits. Characteristics are drawn from three categories:
personality, intelligence, and integrity (Klinger, Khwaja, and del Carpio, 2013). Personality
assessments are based on the five-factor or “Big Five” model (Costa and McCrae, 1992),
intelligence assessments are based on digit span recall tests (a component of the Wechsler Adult
Intelligence Scale) and the Raven’s Progressive Matrices tests (Spearman, 1946), and the integrity
assessment is adapted from Bernardin and Cooke (1993).° Loan applicants complete the tool by
responding to a series of questions on a tablet, which automatically scores responses. The tool thus

requires little interaction with loan officers.

3. Data

From our partner bank, we obtained administrative data on 1,883 SMEs that applied for a

working capital loan during the pilot. These administrative data include the EFL score, bank

2 Although we do not have information on the gender of loan officers at the time of the pilot, conversations with our
partner bank indicate that most loan officers were men.

3 The predictive tool is constantly evolving in response to new data collected by EFL on repayment behavior and
borrower cash flows. The version that was used in the pilot in Peru was the “Africa v2 psychometric credit score,”
and was initially created based on 920 pilot tests in Africa. A more recent version of this tool relies on close to 400,000
tests with loan repayment data, including tests from Latin America, where further refinements have been made
according to the local context.



branch and date of the loan application, as well as the applicant’s gender, age, business sales,
sector, and whether our partner bank approved the application. For a subset of 304 SMEs that
ended up taking out a loan with our partner bank, the administrative data also contain the loan
amount. In addition, for all applicants, the data include the national ID number (DNI). If the
business is registered under the business name instead of the individual’s name, it also includes

the business’s taxpayer number (RUC).

Using the DNIs and RUCs provided by our partner bank, we purchased credit history data
from Equifax Peru, the largest credit bureau in the country. This credit history data includes five
years of monthly information on borrowing from financial institutions, covering the period from
May 2011 to April 2016. Equifax obtains this information from the Peruvian Bank Supervisor’s
(SBS) credit registry (Central de Riesgos). SBS collects data directly from regulated financial
institutions monthly, covering the universe of commercial banks, as well as all regulated non-bank
financial institutions. For each ID number in any given month, we obtained the total amount
borrowed (current and delinquent) from each SBS supervised financial institution, for the three
loan types most relevant in our sample: microloans, loans to small firms, and loans to medium-
sized firms. If a borrower has more than one loan of the same type with the same institution,
Equifax reports only the sum of these loans, with no information on how many loans constitute

this total amount.

We also purchased Equifax credit scores for the month when the SME applied for the loan
from our partner bank. Equifax generates such credit scores based on the credit history of the SMEs
and their owners. There are, however, some applicants for whom Equifax is unable to calculate a
traditional credit score because there is not enough information to do so. These applicants, referred
to as “thin files”, have few (if any) recent loans in their reports. For such cases, Equifax calculates
alternative credit scores based on various sources of information outside the credit registry,
including the Peruvian tax authority (SUNAT), utility companies (e.g., gas, water, electricity),
telecom companies (e.g., TV, mobile, broadband), rent and tuition payments. We obtained from
Equifax a dummy variable classifying our sample of loan applicants as either “thick files” or “thin

files” at the time that they applied for a loan from our partner bank.

We combine the two data sources to define our outcomes of interest. First, we use

administrative data from our partner bank to measure the probability that an SME obtains a loan



offer from them. This variable is a dummy variable equal to one if the loan applicant received a
loan offer from our partner bank during the pilot and equal to zero otherwise. Our second outcome
is whether loan applicants took out a new loan within six months of their application to our partner
bank, which allows some time for loans to be processed and disbursed. We measure loan take-up
by creating a dummy equal to one if, in the Equifax data for the DNI or RUC associated with a
loan applicant, the amount outstanding at any financial institution increases from zero to a positive
amount. Our definition considers loans from any financial institution, since Arrdiz et al. (2021)
find that receiving a loan approval from our partner bank causes applicants to receive offers from

other financial institutions as well.

Next, we look at loan size to examine differences in the terms offered to applicants. Here,
we capture loan size for borrowers who took out a loan from any financial institution within six
months of their loan application. We construct this variable as the sum of all loan balance increases
from zero to a positive amount in the Equifax data during these six months. We use loan amounts

from our partner bank’s administrative data as an additional measure of size.

To capture the default risk of SMEs after the pilot, we calculate loan applicants’ probability
of default two years after the pilot. This variable is defined as an indicator equal to one if an
applicant has overdue debt 24 months after the loan application and zero otherwise. We picked 24
months to allow six months for the loans to be issued and 18 months for the termination of loans

with the maximum duration. We also look at the total loan amount in default.

4. Identification Strategy
To estimate gender bias, we use the following difference-in-difference equation:
y; = a + fFemale + yFemale * [(EFL; = 0) + SI(EFL; = 0) + 0X; + ¢; (1)

where y; is the outcome of interest for loan applicant i. The dummy variable Female is equal to 1
if the loan applicant is female and equal to zero otherwise, EFL; is the applicant’s EFL score, with
the threshold normalized to zero, I(+) is the indicator function, X; is a set of control variables, and
& 1s an error term. The control variables X; include the time of the loan application and the

characteristics listed in Table 1. We report results for specifications with and without controls.



The coefficient f measures gender bias below the EFL threshold — for loan applicants that
received loan offers based on the conventional screening method. If there was no gender bias in
the conventional screening method, the coefficient f would be equal to zero. That is, controlling
for observable characteristics, female loan applicants would have the same probability of receiving
a loan offer and taking out new loans as male applicants. If there was gender bias, female loan
applicants would have a lower probability of receiving a loan offer or taking out a new loan than

male applicants.

The coefficient f 4+ y measure gender bias above the EFL threshold, that is for loan
applicants that received loan offers based on the novel (psychometric) screening method. If the
automatic screening method helped eliminate gender bias, § 4+ y would be equal to zero, indicating
that above the EFL threshold, female applicants had the same probability of receiving a loan offer

or taking out a new loan as male applicants.

In addition, the coefficient y + & captures if there is a discontinuous change in outcomes
at the EFL threshold for female applicants, that is, the difference in outcomes between female
applicants who score just below the threshold (and are screened by a loan officer) and those who
score just above (and are screened exclusively by the automated technology). Because applicants
on either side of the cutoff are similar in observable and unobservable characteristics within a
narrow window around the threshold, this coefficient isolates the effect of the screening
technology on female applicants’ outcomes. If the automatic screening method mitigates or
eliminates gender bias, y + § should be positive, indicating that, among otherwise comparable
female applicants, not being screened by a loan officer leads to higher loan offer rates or greater

loan take-up.

Although we control for background characteristics, a potential threat to identifying the
effect of automatic screening on gender bias with Equation 1 is that this bias may vary at differing
levels of the EFL score even in the absence of a change in screening method. For this reason, we
estimate Equation 1 in a narrow window around the threshold, corresponding to the mean square

error MSE-optimal bandwidth for local polynomial regression of order zero for each outcome.*

4 We use the rdbwselect Stata command described in Calonico, Cattaneo, and Titiunik (2014) to find this bandwidth.
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Another potential threat to identification is that differences in background characteristics
across male and female applicants may vary discontinuously at the threshold, driving differences
in loan offers. In Table 1, we display differences in these characteristics for the sample of loan
applicants within the MSE-optimal bandwidth. The first column lists the summary statistics of
each variable for male applicants below the EFL threshold. Column 2 shows the mean differences
between female and male applicants below the EFL threshold. Columns 3 and 4 present the same
statistics for applicants above the EFL threshold. Table 1 reveals some differences across male and
female applicants. Most notably, female applicants have lower business revenues than males and
are more likely to operate in the commerce sector. Importantly for our identification strategy,
Column 5 shows that the gender differences in background characteristics are not statistically

significantly different below and above the threshold.

As an additional check, Appendix Table Al shows that the fraction of female loan
applicants does not vary around the threshold. Appendix Figure Al plots the distribution of EFL
scores, separately for female and male loan applicants. A Kolmogorov-Smirnov test confirms the
equality of EFL score distributions of female and male applicants, with a p-value of 0.11. We
preformed manipulation tests for the distribution of EFL scores for male and female applicants,
using the Stata command rddensity (Cattaneo et al., 2018). The results indicate that there is no

sorting around the EFL threshold for either group.

As a final check of our identification strategy, we ran a placebo test where we estimate
Equation 1 using as the outcome loans twelve to seven months before the loan application. If the
identification strategy is valid, we should find no significant change in loan use at the threshold
before the pilot. The results in Appendix Table A2 confirm this hypothesis: the coefficients on the
threshold indicator variable and the interaction with the female indicator are not statistically
different from zero, and the p-values from F-tests of § +y = 0 (gender bias above the EFL
threshold) and y + § = 0 (difference in outcomes between female applicants who score just below
and above the threshold) show that we cannot reject, at conventional levels of statistical

significance, that the sum of both coefficients is equal to zero.



5. Results
5.a. Gender Bias in Loan Take-Up

Table 2 presents the results of estimating Equation 1 with loan offers and take-up as the
outcomes. For each outcome variable, it displays the results without controls and with controls.
Towards the bottom of the table, we report p-values for two F-tests. First, we test if § +y = 0.
This test examines if the outcomes of female applicants above the EFL threshold were statistically
equal to those of male applicants, i.e., it measures gender bias above the threshold. We also test if
y + & = 0 to assess whether being approved only based on the algorithm (versus the loan officer)

changed loan outcomes for women.

The estimate of the coefficient § in Columns 1 and 2 shows no evidence of gender bias in
the probability of receiving a loan offer for applicants below the EFL threshold. The probability
of obtaining a loan offer from our partner bank was close to 80 percent for both female and male
applicants screened with the conventional method. Applicants just above the EFL threshold were
20 percentage points more likely to receive a loan offer from our partner bank, and this effect does
not vary across men and women, as indicated by the estimate of the coefficient y, which is not
statistically significant. Panel A of Figure 1 illustrates graphically the probability of loan approval
around the EFL threshold for male and female applicants.

In contrast, Columns 3 and 4 suggest gender bias in loan take-up below the threshold.
About 48 percent of male applicants screened using the conventional method took out a new loan
within six months of their application.’ The estimate of coefficient # shows that this number was
18 percentage points lower among women, even after controlling for background characteristics.
Further, the estimate of coefficient § indicates that automatic approval had no statistically
significant effect on loan take-up for male applicants. However, the effect of automatic approval
was greater for women, with the estimate of coefficient y showing a 20-percentage point greater
increase in the probability of having a new loan compared to men. Accordingly, we find no gender
bias in having a new loan above the threshold, since the coefficients f and y approximately add

up to zero and the respective F-test has a p-value of 0.742 or greater. We present graphical evidence

> We do not know why a large share of applicants did not accept their loan offers. It may have been because the terms
they were offered were not favorable.
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of the change in loan take-up at the EFL threshold in Panel B of Figure 1. For female applicants,
the figure shows a statistically significant upward jump in the probability of having a new loan,

while for male applicants, the jump is much smaller, and the confidence intervals overlap.

As a robustness check of the results in Table 2, we use randomization inference in an even
smaller window around the threshold (bandwidth of 2). Appendix Table A3 shows that the results
are similar, with automatic approval leading to a statistically significant increase in the probability

of having a new loan for women, but not for men.

Note that the results in Table 2 differ from Table A2 in that Table A2 shows no gender bias
in loan take-up below the threshold prior to the pilot period. This absence of gender differences
prior to the pilot suggests that, in a steady-state lending environment, loan officers may be
sufficiently experienced to limit gender-biased decisions. Since our partner bank had only a small
SME portfolio that they aimed to expand during the pilot, its loan officers were likely less
experienced in this segment and may have displayed more gender bias than those at other banks
with more SME loans. This interpretation is consistent with previous evidence showing that gender
bias is concentrated among younger and less experienced loan officers and declines with loan

officers’ experience (Alibhai et al., 2019; Brock and De Haas, 2023).

In summary, we find that women are less likely to take out a new loan than men when
being screened by a loan officer. This difference disappears when screening is being done by an
algorithm instead, suggesting that the algorithm used in the pilot displayed less gender bias than
the loan officers. An open question is why women were less likely to take out loans below the
threshold even though they had the same probability of receiving a loan offer as men. The likely
explanation is that gender bias does not operate on the approval margin but rather is reflected in
the loan terms offered to applicants. We examine this explanation in the following subsection by

comparing loan sizes across men and women.
5.b. Gender Differences in Loan Size

Table 3 displays our analysis of loan size. This variable is only available for applicants that
end up taking out a loan, meaning the coefficients y and & , which represent the effect of automatic
screening, do not have a causal interpretation in Table 3. Since automatic screening increased the

fraction of women with a loan, the fraction of applicants that is present in Table 3 differs on each
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side of the threshold, potentially making these groups non-comparable. However, the comparison

of loan sizes across men and women on each size of the cutoff is well defined.

The outcome variable in Columns 1 and 2 is the size of new loans recorded in the Equifax
data, measured in logs. Below the threshold, women have 61 percent lower loan amounts than
men, after controlling for background characteristics, as shown by the estimate of the coefficient
B. The average loan size among men below the threshold is about US$3,000, implying that women
received about US$1,800 less on average. Above the cutoff, there is no statistically significant
difference in loan size across men and women, as shown by the F-test for f + y = 0, which has a

p-value of 0.425 when including controls.

In Columns 1 and 2 of Appendix Table A4, we report results from these regressions using
the loan size from our partner bank’s administrative data as the dependent variable. This table
includes few observations, limiting statistical power, since many applicants used the loan offers
from the partner bank to obtain loans from other lenders and because our partner bank only shared
loan size for a subset of loans granted during the pilot. While the gender bias below the threshold
in Table A4 is not statistically significant, it goes in the same direction as in Table 3. Additionally,
the bias is smaller above the cutoff (adding the estimates for the coefficients f and y), suggesting

no gender bias for automatically approved applicants.

Overall, these results illustrate that women receive smaller loans than men when screened
by a loan officer. Instead, when an algorithm determines lending decisions, women receive the
same loan sizes as men. We believe that the difference in loan sizes explains why women below

the threshold are less likely to take up loan offers than men.
5.c. Is Gender Bias Justified by Differences in Borrower Performance?

Our evidence so far suggests that female applicants have lower loan take-up and sizes when
screened by a loan officer versus an algorithm, even after controlling for background
characteristics. We interpret this finding as evidence that subjective decisions of loan officers
suffer from gender bias, and that more objective screening methods, such as the one we study, may
help reduce such bias. However, one alternative interpretation consistent with this finding is that
loan officers have better information on the repayment behavior of loan applicants that is not

captured by our observable characteristics. In this case, loan officers may offer less attractive loan

12



contracts to female applicants if they have worse repayment performance than men. To test this
alternative hypothesis, we examine the repayment performance of the loan applicants in our

sample.

Table 4 displays the results of estimating Equation 1 where the dependent variables are the
probability of default and amount in default (including zeroes), 24 months after the loan
application. As before, the sample is restricted to applicants within the MSE-optimal bandwidth
of a local polynomial regression of order zero. We find no evidence that women are more likely
to default than men. Women have statistically significantly smaller probabilities of default and
smaller amounts in default than men, both below and above the threshold. The lower default
probabilities and amounts below the threshold could be because women have fewer and smaller
loans than men. However, above the threshold, default does not increase for women, even though
they were more likely to receive loans than women below the threshold and they receive similar
loan sizes as men. That is, automatic approval led to no change in default (or even to a decrease in

the default rate for women, as shown by the F-test of y + § = 0 in Column 1).

We thus rule out the explanation that women below the threshold receive worse loan offers
than men because they have a higher risk of default. Loan officers may perceive women to be

riskier, but this perception is not supported by our data.

6. Conclusion

This paper provides causal evidence on gender bias in SME lending and on the potential
of automated credit approval to mitigate it. Using a regression discontinuity design that exploits
the introduction of an automatic approval threshold at a large commercial bank in Peru, we show
that gender gaps in loan take-up and loan size arise precisely in the segment of applications where
loan officers retain discretion. Below the threshold, where applications are screened by loan
officers, female applicants receive smaller loans than comparable male applicants, leading to lower
take-up despite similar approval probabilities. Above the threshold, where loan approval and loan
size are mechanically determined by a psychometric score, we find no evidence of gender
differences in approval rates, loan sizes, or take-up. Importantly, reducing loan officer discretion

does not come at the cost of higher default risk for either women or men.
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Our findings arise in a context where gender discrimination in lending is formally
prohibited and women enjoy legal parity in entrepreneurship and access to credit.’ Peru also ranks
relatively highly in terms of gender parity, placing 37th out of 146 countries in the World
Economic Forum’s Global Gender Gap Index (2022). Our results therefore highlight that strong
legal frameworks and high aggregate measures of gender parity do not necessarily translate into

equal outcomes in credit markets when lending decisions rely on discretion.

Our results may be amplified by loan officers at our partner bank having limited experience
in the SME segment. Gender bias is clearly present below the automatic approval threshold during
the pilot period when lending decisions relied on loan officers’ discretion. In contrast, we find no
evidence of gender bias below the threshold prior to the loan application, i.e. when some SMEs
obtained loans from other lenders. Automatic approval may thus be particularly relevant for

eliminating gender bias in settings with limited loan officer experience.

Taken together, our results contribute to a growing literature on automation, discretion, and
discrimination in credit markets. While concerns remain that algorithms trained on historical data
can perpetuate existing biases, our findings suggest that alternative data and psychometric scoring
tools can reduce gender disparities when they constrain discretionary decisions. From a policy
perspective, the findings point to the potential for well-designed automated approval systems to
expand credit access for female-owned firms without increasing credit risk. More broadly, the
paper highlights how discretionary lending decisions can lead to credit misallocation by
disadvantaging otherwise comparable and creditworthy firms, thereby weakening the efficiency

of credit markets even in environments with strong legal protections.

6 https://wbl.worldbank.org/en/data/exploreeconomies/peru/2022.
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Figure 1. Credit access after loan application
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The plots were generated using the “rdplot” Stata command developed by Calonico, Cattaneo, and Titiunik (2014b)
for a bandwidth of 10 around the EFL score threshold with a global polynomial of order zero and 90 percent confidence
intervals for each bin. The probability of a loan offer from our partner bank is measured by a dummy variable equal
to one if our partner bank offered a loan to the SME owner following their loan application. The probability of taking
up a new loan is measured by a dummy variable equal to one if the amount outstanding of the SME owner from a
given financial institution increases from zero to any amount in the six months following their loan application.
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Table 1. Background characteristics

6] 2) 3) “4) &) (6)
Males Diff (Females-Males) Males Diff (Females-Males)

EFL<0 EFL<0 EFL=0 EFL=0 Diff in Diff Bandwidth
(Mean/SD) (Mean/SE) (Mean/SD) (Mean/SE) (Mean/SE) Obs
Age 343 0.7 37.1 2.4%% 1.7 16
7.8 1.1 8.4 1.1 1.5 538
Sales (logs) 9.64 -0.23%* 10.00 -0.24%* -0.01 16
0.85 0.11 0.93 0.11 0.16 538
Commerce sector 0.53 (0.23%** 0.69 0.12%* -0.11 16
0.50 0.06 0.46 0.05 0.08 538
From Lima 0.48 0.08 0.44 0.09 0.01 16
0.50 0.06 0.50 0.06 0.09 538
Rejected by traditional screening 0.19 0.02 0.15 0.04 0.02 16
0.39 0.05 0.36 0.05 0.07 538
Equifax score at the time of loan application 657.0 -31.2 679.3 -49.17** -17.9 16
210.6 27.6 174.0 24.6 36.8 538
Thin file applicant 0.20 -0.02 0.21 -0.01 0.01 16
0.40 0.05 0.41 0.05 0.07 538

Notes: This table shows background characteristics of SME owners at the time of applying for a loan with our partner bank. The sample is restricted to SME owners with
EFL scores within the MSE-optimal bandwidth. Columns 1 and 3 show the means and standard deviations for the sample of male SME owners with EFL scores below
(Column 1) and above (Column 3) the threshold. Columns 2 and 4 show the mean differences and standard errors between female and male SME owners with EFL scores
below (Column 2) and above (Column 4) the threshold. Column 5 displays the difference in differences between female and male loan applicants above and below the
threshold. Column 6 reports the MSE-optimal bandwidth (selected by the Stata rdbwselect command for the probability of having a loan offer, using a polynomial of order
0 and controlling for background characteristics), as well as the number of observations.
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Table 2. Loan offer and take-up six months after loan application

(1) (2) 3) 4
Probability of loan offer Probability of new loan
Female: -0.034 -0.008 -0.193%* -0.184%**
(0.049) (0.044) (0.083) (0.083)
Female * I(EFL; = 0): y 0.034 0.037 0.201* 0.212%*
(0.049) (0.045) (0.118) (0.116)
I(EFL; 2 0): 6 0.201%** 0.209%** 0.063 0.052
(0.035) (0.033) (0.089) (0.090)
Constant: o 0.799%** 0.647 0.477%** -5.720
(0.035) (2.143) (0.062) (7.732)
Observations 598 598 279 279
R-squared 0.129 0.275 0.045 0.099
Controls: 6 No Yes No Yes
Mean of male applicants below the threshold 0.799 0.799 0.477 0.477
F-test p-value: § +y =0 1.000 0.035 0.924 0.742
F-test p-value: y + 6 = 0 0.000 0.000 0.001 0.001
Bandwidth 16.38 16.38 7.990 7.990

Notes: This table shows OLS estimates of the gender difference in loan outcomes of applicants with EFL scores below the threshold (i.e., applicants screened
both by a loan officer and the EFL technology) and above the threshold (i.e., applicants exclusively screened by the EFL technology). The estimating equation
is Equation 1: y; = @ + BFemale + yFemale = 1(EFL; = 0) + SI(EFL; = 0) + 6X; + ¢;, described in Section 4. The sample is restricted to applicants within
the MSE-optimal bandwidth for each outcome, calculated using the Stata rdbwselect command of local polynomial order 0 and controlling for background
characteristics. The first outcome is the probability of a loan offer from our partner bank (Columns 1-2), measured by a dummy variable equal to one if our
partner bank offered a loan to the SME owner following their application. The second outcome is the probability of taking up a new loan from any financial
institution (Columns 3-4) and is measured by a dummy variable equal to one if the amount outstanding of the SME owner from a given financial institution
increases from zero to any amount within the six months of their application with our partner bank. Regressions in Columns 2 and 4 include as control variables
the date when the applicant took the EFL tool, as well as all the background characteristics summarized in Table 1. The table reports the p-values of two F-tests
comparing 1) if the gender difference above the threshold is statistically different from zero, and 2) if the effect of automatic approval on female applicants is
different from zero. The table also reports the MSE-optimal bandwidth for each regression. Robust standard errors are reported in parentheses. ***, ** and *
indicate significance at the 10 percent, 5 percent, and 1 percent levels, respectively.
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Table 3. Loan size six months after the loan application

(1 (2)

Size of loans issued by any financial institution

Female: -0.752%* -0.606*
(0.355) (0.326)
Female * I(EFL; = 0): y 0.346 0.391
(0.437) (0.409)
I(EFL; = 0): 6 0.024 -0.007
(0.310) (0.321)
Constant: a 9.031*** -2.537
(0.250) (26.486)
Observations 187 187
R-squared 0.040 0.143
Controls: 6 No Yes
Mean of male applicants below the threshold 9.031 9.031
F-test p-value: f +y =0 0.113 0.425
F-test p-value: y + 6 =0 0.233 0.195
Bandwidth 11.43 11.43

Notes: This table shows OLS estimates of the gender difference in loan size of applicants with EFL scores below the threshold (i.e., applicants screened both
by a loan officer and the EFL technology) and above the threshold (i.e., applicants exclusively screened by the EFL technology). The estimating equation is
Equation 1: y; = @ + fFemale + yFemale = 1(EFL; = 0) + SI(EFL; = 0) + 6X; + ¢;, described in Section 4. The sample is restricted to applicants within
the MSE-optimal bandwidth for each outcome, calculated using the Stata rdbwselect command of local polynomial order 0 and controlling for background
characteristics. The outcome measures the loan size (in logs) from any financial institution six months after the application using the definition of new loan in
Table 2, based on Equifax data. The regression in Column 2 includes as control variables the date when the applicant took the EFL tool, as well as all the
background characteristics summarized in Table 1. The table reports the p-values of two F-tests comparing 1) if the gender difference above the threshold is
statistically different from zero, and 2) if the effect of automatic approval on female applicants is different from zero. The table also reports the MSE-optimal
bandwidth for each regression. Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 10 percent, 5 percent, and 1 percent
levels, respectively.
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Table 4. Repayment performance after loan application

(1) 2) 3) 4
Probability of Default Amount in Default
Female: -0.067* -0.063* -457.4%* -457.0%*
(0.037) (0.037) (213.7) (234.3)
Female * I(EFL; = 0): y 0.014 0.014 148.0 164.9
(0.044) (0.044) (265.3) (277.7)
I(EFL; 2 0): 6 -0.055 -0.047 -181.0 -135.7
(0.038) (0.038) (264.2) (255.7)
Constant: a 0.122%** -1.230 494 8** -2,635.5
(0.031) (1.803) (212. 3) (13,968.5)
Observations 510 510 361 361
R-squared 0.026 0.054 0.030 0.042
Controls: 6 No Yes No Yes
Mean of male applicants below the threshold 0.122 0.122 494.8 494.8
F-test p-value: f +y =0 0.032 0.056 0.050 0.069
F-test p-value: y + 6 = 0 0.068 0.155 0.184 0.562
Bandwidth 13.81 13.81 9.697 9.697

Notes: This table shows OLS estimates of the gender difference in repayment performance of applicants with EFL scores below the threshold (i.e., applicants
screened both by a loan officer and the EFL technology) and above the threshold (i.e., applicants exclusively screened by the EFL technology). The estimating
equation is Equation 1: y; = @ + fFemale + yFemale * I(EFL; = 0) + SI(EFL; = 0) + 6X; + ¢;, described in Section 4. The sample is restricted to applicants
within the MSE-optimal bandwidth for each outcome, calculated using the Stata rdbwselect command of local polynomial order 0 and controlling for background
characteristics. The first outcome is an indicator variable that equals one for applicants with an overdue debt 24 months after the application and zero otherwise
(Columns 1-2). The second outcome measures the size of overdue debt (in logs) 24 months after the application (Columns 3-4). Regressions in Columns 2 and 4
include as control variables the date when the applicant took the EFL tool as well as all the background characteristics summarized in Table 1. The table reports the
p-values of two F-tests comparing 1) if the gender difference above the threshold is statistically different from zero, and 2) if the effect of automatic approval on
female applicants is different from zero. The table also reports the MSE-optimal bandwidth for each regression. Robust standard errors are reported in parentheses.

% %% and * indicate significance at the 10 percent, 5 percent, and 1 percent levels, respectively.
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Appendix Figure Al. Distribution of EFL scores of loan applicants
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Notes: The plots illustrate the distributions of EFL scores for all female and male SME owners that applied for a loan with our partner bank. The
Kolmogorov-Smirnov test confirms the equality of EFL score distributions of female and male applicants, with a p-value of 0.11. The
manipulation tests of the distribution of EFL scores for male and female applicants, performed using the Stata command rddensity (Cattaneo et
al., 2018), confirms that there is no sorting around the EFL threshold.
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Appendix Table Al. Share of female applicants around the threshold

(D )

Below threshold RD coeff
Mean polynomial 0
(SD) (p-value)

N N
0.535 0.034
(0.500) (0.286)
301 630

Notes: This table shows the share of female loan applicants at the time of applying for a loan with
our partner bank. Column 1 shows the mean, standard deviation and number of observations of
applicants within the optimal bandwidth below the threshold. Column 2 shows the regression
discontinuity impact estimates for the effect of the EFL tool using the Stata rdrobust command of
local polynomial order 0. The bandwidth, and therefore the number of observations, is optimally
selected by the command. Robust bias-corrected p-values (in parentheses) and number of
observations are reported below each coefficient. Following Calonico, Cattaneo and Titiunik
(2014), we report the conventional coefficients and the bias-adjusted p-values.
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Appendix Table A2. Pre-application loan take-up (placebo test)

(1) (2)
Probability of loan take-up

Female: -0.005 -0.014
(0.058) (0.058)
Female * I(EFL; = 0):y -0.021 0.001
(0.083) (0.080)
I(EFL; 2 0): 6 0.062 0.081
(0.062) (0.059)
Constant: a 0.1971%%** 3.763
(0.042) (4.433)
Observations 392 392
R-squared 0.004 0.118
Controls: 6 No Yes
Mean of male applicants below the threshold 0.191 0.191
F-test p-value: f +y =0 0.659 0.820
F-test p-value: y + 6 = 0 0.468 0.160
Bandwidth 10.43 10.43

Notes: This table shows OLS estimates of the gender difference in loan outcomes of applicants with EFL scores below the threshold (i.e.,
applicants screened both by a loan officer and the EFL technology) and above the threshold (i.e., applicants exclusively screened by the
EFL technology). The estimating equation is Equation 1: y; = a + fFemale + yFemale * I(EFL; = 0) + SI(EFL; = 0) + 60X, + ¢;,
described in Section 4. The sample is restricted to applicants within the MSE-optimal bandwidth for each outcome, calculated using the
Stata rdbwselect command of local polynomial order 0 and controlling for background characteristics. The outcome is the probability of
taking up a new loan from any financial institution prior to the application (Columns 1-2) and is measured by a dummy variable equal to
one if the amount outstanding of the SME owner from a given financial institution increases from zero to any amount twelve to seven
months prior to their application with our partner bank. The regression in Column 2 includes as control variables the date when the
applicant took the EFL tool as well as all the background characteristics summarized in Table 1. The table reports the p-values of two F-
tests comparing 1) if the gender difference above the threshold is statistically different from zero, and 2) if the effect of automatic approval
on female applicants is different from zero. The table also reports the MSE-optimal bandwidth for each regression. Robust standard errors
are reported in parentheses. ***, ** and * indicate significance at the 10 percent, 5 percent, and 1 percent levels, respectively.
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Appendix Table A3. Loan offer and take-up six months after loan application (Randomization Inference)

(1) ) 3) (4)

Female applicants Male applicants
Below cutoff Below cutoff
Mean RD coeff Mean RD coeff
(SD) (p-value) (SD) (p-value)
N N N N
Probability of loan offer 0.762 0.238%* 0.824 0.176
(0.436) (0.012) (0.393) (0.178)
21 56 17 38
Probability of new loan 0.286 0.371%* 0.647 -0.171
(0.463) (0.016) (0.493) (0.418)
21 56 17 38

Notes: This table reports estimates from randomization-inference regression discontinuity (RD) regressions, implemented using the Stata
command rdrandinf. Applicants with EFL scores below the cutoff are screened both by a loan officer and the EFL technology, while applicants
above the cutoff are screened exclusively by the EFL technology. Columns 1-2 report estimates for female applicants, and Columns 3-4 for
male applicants. The sample is restricted to applicants within the optimal bandwidth of 2, selected using the Stata command rdwinselect.
Columns 1 and 3 report the mean of the outcome below the cutoff, together with the standard deviation and number of observations. Columns
2 and 4 report the RD coefficient and the associated p-values from randomization-inference tests, along with the number of observations. The
first outcome is the probability of receiving a loan offer from our partner bank, measured by an indicator equal to one if the bank offers a loan
following the application. The second outcome is the probability of taking up a new loan from any financial institution, measured by an
indicator equal to one if the SME owner’s outstanding balance at a given financial institution increases from zero to a positive amount within
six months of the application. Robust standard errors are reported in parentheses. ***, ** ‘and * denote statistical significance at the 1, 5, and
10 percent levels, respectively.
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Appendix Table A4. Loan size of partner bank six months after the loan application

(1 (2)

Size of loans issued by partner bank

Female: -0.358 -0.371
(0.248) (0.387)
Female * I(EFL; = 0):y 0.215 0.282
(0.351) (0.433)
I(EFL; 2 0): 6 0.213 0.180
(0.267) (0.415)
Constant: a 7.538%** -77.774
(0.179) (50.975)
Observations 60 60
R-squared 0.038 0.206
Controls: 0 No Yes
Mean of male applicants below the threshold 7.538 7.538
F-test p-value: f +y =0 0.568 0.706
F-test p-value: y + 6 = 0 0.066 0.143
Bandwidth 10.08 10.08

Notes: This table shows OLS estimates of the gender difference in loan size of applicants with EFL scores below the threshold (i.e., applicants screened
both by a loan officer and the EFL technology) and above the threshold (i.e., applicants exclusively screened by the EFL technology). The estimating
equation is Equation 1: y; = a + BFemale + yFemale = I(EFL; = 0) + SI(EFL; = 0) + 6X; + ¢;, described in Section 4. The sample is restricted to
applicants within the MSE-optimal bandwidth for each outcome, calculated using the Stata rdbwselect command of local polynomial order 0 and controlling
for background characteristics. The outcome corresponds to the size of loans (in logs) granted by our partner bank six months after the application, based
on data from EFL. The regression in Column 2 includes as control variables the date when the applicant took the EFL tool, as well as all the background
characteristics summarized in Table 1. The table reports the p-values of two F-tests comparing 1) if the gender difference above the threshold is statistically
different from zero, and 2) if the effect of automatic approval on female applicants is different from zero. The table also reports the MSE-optimal bandwidth
for each regression. Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 10 percent, 5 percent, and 1 percent levels,
respectively.
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