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Abstract

Using data from 23 million loan applications from a FinTech lender in India, we demon-

strate how transaction records and credit histories can be extracted from text messages

and used to assess applicants’ creditworthiness. We show that an alternative credit

scoring system built on these data and machine-learning algorithms predicts consumer

delinquency more accurately than traditional credit scores, with gains attributable to

both algorithmic improvements and the use of alternative data. We find that this alter-

native credit scoring system expands credit access by approving loans to new-to-credit

applicants with no credit bureau score. However, the benefits of this technological shift

are skewed toward financially advantaged groups, due to differences in the amount

of extractable information rather than due to algorithmic bias. Requesting additional

information does not fully address this disparity: financially disadvantaged groups are

less willing to share their data, and even when they provide their data, the additional

datasets exhibit uneven coverage of financially informative signals. Our results suggest

that underwriting systems need to address frictions in both data-sharing willingness

and unequal availability of financial information to achieve truly inclusive credit as-

sessment.
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1 Introduction

A significant number of financially disadvantaged individuals lack traditional credit scores.

This issue is especially severe in developing countries; in India, for example, 44% (451 million)

and 26% (273 million) of adults were classified as credit-unserved and credit-underserved,

respectively, in 2024 (TransUnion, 2025). This absence of credit history restricts low- or

no-credit populations from accessing financial services, particularly loans. Such access lim-

itations have a significantly negative impact on individual welfare, making it difficult for

individuals to obtain loans to cover emergency expenses, manage health shocks, or pursue

entrepreneurial opportunities through small-business investments.

To overcome information frictions and foster inclusive credit assessment, credit bureaus

have begun incorporating alternative measures, while traditional lenders have proposed new

underwriting methodologies.1 Similarly, FinTech firms seek to leverage alternative data to

assess creditworthiness and expand their market shares, especially in loan markets serving

thin-credit users. Concurrently, however, policymakers have raised concerns regarding the

extensive use of such data.2 These concerns align with global trends in data privacy regu-

lation, exemplified by the California Consumer Privacy Act (CCPA) and the General Data

Protection Regulation (GDPR) in Europe.

Evaluating the trade-off between reducing information asymmetry and protecting privacy

requires understanding the efficacy of alternative datasets, the distribution of their benefits,

and the willingness of individuals to share private information. However, addressing these

questions is empirically challenging due to data scarcity. We bridge this gap by analyzing 23

million loan applications from a FinTech lender in India.

In this paper, we show that smartphone data, particularly short text messages, can be a

valuable source of alternative data for loan markets. We also demonstrate that an alterna-

tive credit scoring system based on such alternative data and machine learning algorithms

outperforms conventional methods in predicting credit risk. We find that this technological

1See UltraFICO Score, Experian Boost, and Fannie Mae’s Desktop Underwriter for specific examples on
alternative measures and underwriting methodologies.

2For instance, in February 2017, the Consumer Financial Protection Bureau (CFPB) issued an “Request
for Information Regarding Use of Alternative Data and Modeling Techniques in the Credit Process.” Also,
in its December 2018 report to congressional requesters, the U.S. Government Accountability Office said,
“agencies should provide clarifications on lenders’ use of alternative data.”
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innovation expands access to loans for the credit-unserved, but that financially advantaged

groups benefit more on the intensive margin, measured as gains in rank percentiles under

each credit scoring system. Our findings indicate that this disparity is driven by differences in

the amount of information that can be extracted from text messages, rather than by system-

atic algorithmic discrimination. Requesting additional information may not eliminate this

disparity, as traditionally disadvantaged applicants are less likely to share information and

the additional datasets they provide contain fewer financially informative signals compared

to their financially advantaged counterparts’.

Traditionally, financial institutions have relied on credit bureau data to evaluate customer

creditworthiness, mainly through credit scores. Credit bureaus provide valuable information,

including detailed histories of individuals’ accounts and loans. Using this information, lenders

typically classify applicants as high-risk if they exhibit short credit histories, frequent recent

inquiries, or a record of delinquencies and default. However, credit bureau data have several

drawbacks. Firstly, their coverage is incomplete in that not everybody has credit bureau

data, which limits access to loans for applicants and reduces profit opportunities for lenders.

Secondly, credit bureau information may be outdated. Lastly, credit bureaus do not observe

factors such as daily spending patterns or financial planning ability, which can be important

for predicting delinquency risk.

We show that data from smartphones, primarily short text messages (SMS), can serve as

a key source of alternative data by revealing both transaction and credit information.3 Trans-

action notification messages typically contain structured metadata, including timestamps,

sender identity (e.g., financial institution), partial account numbers, transaction amounts,

and counterparty details. We parse these messages to construct granular, transaction-level

ledgers for bank and credit card accounts, which represent high-frequency data rarely cap-

tured by traditional credit bureaus. Similarly, we extract credit-related information from loan

repayment notifications, such as equated monthly installment (EMI) amounts and due dates,

to supplement existing bureau files. Although our empirical analysis focuses on short-term

loans in India, the proposed methodology is generalizable in different settings and can be

3In addition to text messages, several types of valuable information can be extracted from smartphones.
For instance, if a gambling application is installed on a user’s smartphone and accessed frequently, we may
infer that the user has a lower ability to manage their finances compared to other users.
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applied in other countries where SMS is used as a channel for transaction alerts. In addition,

a key advantage of text messages as alternative data is that lenders do not need to “own” the

underlying dataset. While many other forms of alternative data require lenders to provide

the services that generate those data (e.g., e-commerce history and list of purchased gro-

cery items), SMS data streams can be leveraged without having to originate the underlying

service.

Using both traditional and alternative datasets, we apply machine learning algorithms

to predict users’ delinquency probabilities and develop an alternative credit scoring system.

Our modeling process involves a two-step approach: first, we employ LightGBM (Ke et al.,

2017) to select features that add up to 95% of total information gains, which are around 3,000

features; second, we train an XGBoost (Chen and Guestrin, 2016) model on these features

to estimate the probability of delinquency. The Alternative Credit Score (ACS) is defined

as the model-implied probability of delinquency. The primary target variable is a binary

indicator for loans past due by 30 days or more, and we evaluate model performance using

the Area Under the Receiver Operating Characteristic Curve (AUROC), which measures the

likelihood of a correct classification.

The AUROC of the ACS (0.6862) is 33% higher than that of traditional credit scores

(0.5161), representing a substantial improvement in predicting delinquency. To separately

evaluate the performance gains from the machine learning algorithm and from alternative

data, we first apply our algorithm solely to credit bureau data; this single-source model

outperforms the traditional score by 23% (AUROC 0.6333), highlighting the value of the

algorithm approach. We then assess the contribution of different data sources in two ways.

First, we estimate single-source models using primary datasets. Among these single-source

models, the ACS based on SMS data performs best (AUROC of 0.6603). Next, we estimate

models that use all data sources except one, in order to compute the marginal contribution

of each dataset. A leave-one-out analysis reveals that, with the exception of SMS data,

the marginal contribution of each individual dataset is modest, although adding additional

data sources to the ACS input set still improves predictive performance. The SMS data

marginally improves model performance by 4.7% (a marginal AUROC of 3.1 percentage

points), compared to the ACS model that excludes the SMS data.
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We analyze whether the improvement in model performance translates into an expansion

of credit access by focusing on ‘new-to-credit’ borrowers and those with low traditional credit

scores. Out of 2.7 million loan approvals, 45,012 (1.7%) were made to new-to-credit borrowers,

none of whom had a bureau score. These individuals likely had limited opportunities to apply

for or receive loans due to a lack of credit history. In addition, a similar number of approved

borrowers have subprime traditional credit scores (CIBIL scores between 300 and 680) and

are likely to be rejected if they apply for loans in traditional credit markets. In total, 2.68%

of loans are extended to applicants without a traditional credit score or with a subprime

score. Utilizing the alternative credit score system expands access on the extensive margin,

creating new opportunities for low-credit households to obtain liquidity and build credit

histories, while also generating profit for the lender by allowing them to safely extend credit

to new customers.

However, while technological innovations in underwriting enhance financial inclusion,

we find that financially advantaged groups derive greater benefits from the transition to

alternative scoring. By comparing the percentile ranks of individuals’ alternative and tradi-

tional scores, we observe that applicants with higher income, larger account balances, and

higher education levels tend to achieve higher ranks under the ACS than under traditional

scores. This pattern arises because financial information and user capabilities extracted from

transaction-level SMS data are more easily and accurately captured for higher-credit groups

than for thin-credit users, rather than due to a systematic bias in the algorithm. In other

words, the disparity arises from the quality and volume of data available for advantaged

groups (Blattner and Nelson, 2024), rather than from a systemic, algorithmic discrimination

against less advantaged applicants.

One way of addressing the disparity in available information may be to request additional

information from users. We leverage a feature of the loan application system that allows

certain users to submit bank statements for a re-evaluation of their loan application. Regret-

fully, we find that users with less advantageous demographical and financial characteristics

are less likely to disclose their statements. Furthermore, the disparity in the availability of

financially informative signals in the provided bank statements favors the financially advan-

tageous group by reducing the model predicted delinquency probability. Our results advise
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that a more accurate and inclusive credit underwriting requires both reducing frictions in

the information disclosure process and addressing inherent disparities in the availability of

financial information.

Literature Our paper contributes to two strands of literature. First, it is closely related to

research on FinTech lending (see Allen, Gu and Jagtiani (2021); Bollaert, Lopez-de Silanes

and Schwienbacher (2021); Berg, Fuster and Puri (2022) for a review of recent studies),

especially to using alternative data to develop new credit scoring models (Iyer et al., 2016;

Jagtiani and Lemieux, 2019; Netzer, Lemaire and Herzenstein, 2019; Berg et al., 2020; Tantri,

2021; Di Maggio, Ratnadiwakara and Carmichael, 2022; Fuster et al., 2022; Blattner and Nel-

son, 2024; Rishabh, 2024; Lee, Yang and Anderson, 2025a). Using alternative data in credit

underwriting has become an interest among practitioners and regulators.4 We demonstrate

that utilizing alternative data from smartphones, particularly SMS, can outperform tradi-

tional methods for evaluating the creditworthiness of loan applications. There are few papers

that use information from smartphone as a measure of social activities (Pedro, Proserpio and

Oliver, 2015; Óskarsdóttir et al., 2019; Björkegren and Grissen, 2020; Agarwal et al., 2023;

Gambacorta et al., 2024), and to our best knowledge, this paper is the first to use SMS data

to recover financial information. A benefit of using SMS data is that a loan provider does

not need to own an alternative data-generating platform. In contrast, several alternative

datasets discussed in the literature rely on loan providers’ ownership of platforms. For in-

stance, Chioda et al. (2024) utilize delivery platforms, Lee, Yang and Anderson (2025b) use

grocery transactions, and Laudenbach et al. (2025) leverage Buy Now Pay Later (BNPL)

services; all of them can be valuable alternative datasets, but not every provider has the

advantage of operating a separate system at the same time. In addition, the method of ex-

tracting information from SMS is applicable to other settings, enabling SMS to serve as an

alternative channel for information acquisition.

Second, this paper also relates to the debate on balancing information asymmetry re-

duction via technology against privacy protections (Acquisti, Taylor and Wagman, 2016;

4For instance, five federal financial regulatory agencies (the Board of Governors of the Federal Reserve
System, the Consumer Financial Protection Bureau, the Federal Deposit Insurance Corporation, the National
Credit Union Administration, and the Office of the Comptroller of the Currency) issued an Interagency
Statement on the Use of Alternative Data in Credit Underwriting in 2019.
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Goldfarb and Que, 2023), such as Open Banking, the California Consumer Privacy Act, and

the General Data Protection Regulation. The focus on privacy, especially data privacy, has

become a subject of interest to academics and policymakers, and it is especially important

for rapidly evolving FinTech industries and digital financial ecosystems (Tang, 2019; Chen

et al., 2021; Ghosh, Vallee and Zeng, 2022; Doerr et al., 2023; Nam, 2023; Alok et al., 2024;

Armantier et al., 2024). We show that additional datasets expand access to loans and increase

financial inclusion, but the gains skew toward financially advantaged groups. Even though

the underwriting algorithm does not systematically discriminate against a group, differences

in the level of available data features can endogenously favor a group and shift the benefits

of technological innovation. In addition, merely requesting more data from users may not

resolve the issue, as financially disadvantaged groups are less likely to share it.

The remaining sections of this paper proceed as follows. Section 2 describes the insti-

tutional setting and explains the data. Section 3 introduces the alternative credit scoring

system and evaluates its performance. Section 4 discusses the distribution of benefits of the

new system and the role of information. Section 5 concludes.

2 Institutional Setting and Data

In this section, we describe the traditional and alternative data sources in Section 2.1

and provide summary statistics in Section 2.2.

2.1 Data Sources

The research uses data from AFINIT (formerly Balancehero), a FinTech company op-

erating in India through its Android application, True Balance.5 The platform offers two

loan products—Cash Loans and Level Up Loans—with Cash Loans providing larger dis-

bursal amounts. Users apply through the mobile application. First, users select their de-

sired loan amount and maturity and then complete the required survey questions. Next, the

credit engine conducts an assessment of the user’s creditworthiness by drawing on various

5In India, Android dominates the smartphone market, with more than 95% market share.
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data sources, and the loan request is either approved or denied. If approved, the final loan

amount and interest rate are displayed. The user can then accept or reject these terms, and

if accepted, the loan is disbursed.6

The first strand of data comes from credit bureau records. The credit bureau provides

a credit score (CIBIL score) as well as additional information. We observe each individual’s

total current and overdue balances, credit and cash limits, the number of active and inactive

accounts, the opening dates of the oldest and most recent accounts, and the number of

credit inquiries over the past 24 months. Although credit bureaus provide valuable financial

information, relying solely on this source has two main limitations. First, not everyone is

covered, and some information may be outdated. Second, credit bureau data offers only

limited insights into an individual’s broader financial situation: detailed spending behavior

and transaction information that could reveal financial responsibility and creditworthiness

are typically unavailable. To address these gaps, we incorporate alternative data that offer

financial details of individuals.

Figure 1: Text Messages as Alternative Data

(a) Transaction Information (b) Credit Information

This figure illustrates how text messages can serve as an alternative data source. Panel (a) presents trans-
action information extracted from text messages, while Panel (b) shows credit information in the messages.
“X”s represent information that is masked in the SMS, while “Y”s represent information that is observable
but masked in the figure for privacy protection.

6The acceptance rate is around 75% and remains stable across the credit score distribution.
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Alternative data primarily originates from smartphone sources, particularly financial in-

formation extracted from text messages (SMS).7 Since text messages are collected as raw

data, we develop regular-expression (regex) models for each SMS sender to extract the names

of financial entities from the messages. Once we develop a sender-specific model, we can ob-

tain detailed information on the financial entities from the raw messages using the registered

pattern. The extracted entity and its value are used as Label for Named Entity Recognition

(NER) model training for expanding entity extraction power to non-managed SMS senders.

The NER engine not only improves the coverage of the SMS transactions but also enables us

to identify transactions to and from previously unreachable senders, such as savings banks

and mobile wallets.

Figure 1 illustrates the types of financial information that can be extracted from SMS

data, where the “SMS Raw” examples contain the information identified in the “Result”

fields. Panel A shows transaction information obtained from text messages: we observe bank

names, account numbers, transaction amounts and dates, and the names of the parties

involved (which allow us to infer transaction categories). Panel B shows credit information,

including lender names, equated monthly installment amounts, and due dates. Using these

messages, we construct granular transaction-level datasets and update credit information

that is otherwise unobservable in credit bureau files.

Smartphones also provide additional valuable data. From records of installed applications,

we observe the types of apps (e.g., social media, gambling, and financial apps) and users’

usage of those applications. In addition to smartphone data, user information such as date of

birth, gender, occupation, education level, marital status, address (including GPS location),

housing type, average monthly income, salary amounts, and payday is available from the

True Balance application and survey.

7The data collection process adheres to the Reserve Bank of India guidelines, and excludes text messages
between individuals. In addition, the system uses messages up to 10 minutes prior to the application to
prevent scraping One Time Password (OTP) messages.
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2.2 Data Summaries

Table 1 Panel A reports the summary statistics for loan applicants in 2024: age, monthly

income, bank account balances, and traditional credit score.89 It shows that the users are

relatively younger and have lower income and bank balances compared to the Indian pop-

ulation. Additionally, approximately 82% of users are male, 54% are married, 41% hold a

Bachelor’s degree or higher, and 69% own a home. 50% of users have salaried occupations,

while 41% are self-employed, and the remaining are students, homemakers, or do not have a

job.

Table 1: Summary Statistics

Obs Mean Std Q5 Q25 Q50 Q75 Q95

Panel A. Summary Statistics of Applicants

Age 22,348,863 30.1 8.4 20 24 28 35 47
Reported Monthly Income 22,348,875 33,332 25,118 10,000 20,000 28,000 37,000 75,000
Bank Account Balance 17,653,969 379,359 1,390.726 0 14,224 82,553 318,757 1,687,157
Traditional Credit Score 17,596,373 719.6 44.7 634 699 731 746 774

Panel B. Summary Statistics of Approved Loans

Loan Amounts 2,692,749 21,393 30,993 1,200 4,500 10,000 20,000 100,000
Monthly Interest Rates 2,692,749 4.4 0.6 3.4 3.9 4.5 4.9 4.9

This table presents the summary statistics of the sample. Panel A presents summary statistics for applicants,
while Panel B presents summary statistics for approved loans. The reported monthly income, bank account
balances, and loan amounts are in Indian Rupee (INR).

Appendix Figure A1 shows the distribution of the credit scores. The credit score tiers are

classified as Subprime (300-680), Near Prime (681-730), Prime (731-770), Prime Plus (771-

790), and Super Prime (791-900). Users, on average, have near-prime credit scores, while

about 16% have subprime scores and 21% have missing credit scores.10

Panel B shows the loan characteristics, including amounts and monthly interest rates.

Being short-term loans for low- to medium-income households, the amounts are relatively

small and the interest rates are higher than those of standard loans.11 The approval rates are

8We display the individual characteristics of each loan application, so if an individual applied for a loan
multiple times, they are counted accordingly.

9One US Dollar (USD) is about 85 Indian Rupee (INR).
10Some applicants are rejected even before requesting their credit reports from the credit bureaus because

they have existing loans with AFINIT or prior default records.
11Appendix Table A1 shows the characteristics separately for Level Up and Cash Loan.
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12%, and the available maturities are 3 months (54%), 6 months (35%), or 12 months (11%).

The top six reasons for applying for loans are Medical (26%), Emergency (23%), Business

(15%), Salary Delay (11%), Education (7%), and House Repair (7%). Finally, Table 2 shows

the delinquency rates. We observe that 8.75% of loans missed at least one of the first three

equated monthly installments (EMI) over 30 days past the due date, which is the measure

used throughout the paper for labeling delinquency.

Table 2: Delinquency Rates

Past Due Delinquency Rates
15 Days 10.49%
30 Days 8.76%
60 Days 7.40%
90 Days 7.12%

This table presents the delinquency rates of the sample by the number of days past due.

3 Alternative Credit Scoring System

In this section, we explain how the alternative credit scoring system operates and demon-

strate that it predicts delinquency better than the traditional credit scoring model. Section

3.1 explains the algorithm, Section 3.2 decomposes the advantages of the alternative credit

score over the traditional credit scoring model into algorithmic and data advantages, and

Section 3.3 identifies key variables that contribute most to the predictive power of the alter-

native credit score.

3.1 Algorithm

The alternative credit scoring system is based on a machine learning algorithm that maps

a comprehensive set of features on individual loan applicants—drawn from both traditional

and alternative data sources—into a predicted probability of delinquency, which we define as

the Alternative Credit Score (ACS). For computational efficiency, we employ several strate-

gies to reduce the number of features used to derive the ACS. First, we exclude features that

are predominantly null or exhibit near-zero variance. Next, we employ LightGBM (Ke et al.,
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2017), a gradient-boosting framework, to calculate the information gain for the remaining

features. We retain only those features contributing to the top 95% of total information gain,

which are around 3,000 in number. Finally, we execute XGBoost (Chen and Guestrin, 2016)

on this filtered feature set to generate the final ACS. We prioritize LightGBM for feature

selection due to its memory efficiency—specifically, its ability to exclude instances with small

gradients during split estimation. Subsequently, we utilize XGBoost for prediction, leverag-

ing its level-wise tree growth strategy to produce balanced trees and robust performance.

Algorithm 1 in the Appendix details the training procedure.

Figure 2: Relationship between ACS and Traditional Credit Score
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This figure plots the relationship between the traditional and alternative credit scores using binscatter plot.
Each data point represents the bins of equal size of traditional credit scores.

Figure A2 displays the distribution of the ACS, which is the predicted probability of

delinquency. The ACS is right-skewed, with a mean of 0.30 and a standard deviation of 0.19.

Figure 2 shows the relationship between traditional credit scores and the ACS. Because

higher traditional scores and lower alternative scores are associated with more favorable

credit conditions, the two metrics display a negative correlation.

Figure A3 illustrates the relationships among the ACS, loan characteristics, and out-
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comes. Individuals with lower ACS values tend to have higher approval rates. Among ap-

proved applicants, those with lower ACS receive larger approved amounts and lower interest

rates, and they exhibit lower delinquency rates. We restrict Figure A3 to users with an ACS

below 0.2 because virtually all applicants with an ACS above 0.2 are rejected.

Figure 3: Delinquency Rates by ACS and Traditional Credit Score Quintiles
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This figure plots delinquency rates by ACS and traditional credit score quintiles. Quintile 1 denotes the
highest quintile.

Figure 3 presents a 5-by-5 heatmap of delinquency rates by ACS and traditional credit

score quintiles. The horizontal axis represents ACS quintiles, and the vertical axis represents

traditional credit score quintiles. For example, the top-left cell reports the delinquency rate

for users whose ACS and traditional credit scores are both in the top quintile.12 Holding

the ACS quintile fixed, delinquency rates exhibit virtually no variation across traditional

credit score quintiles, suggesting that ACS is a better predictor of loan performance than

traditional credit scores. As expected, delinquency rates increase monotonically across ACS

12For consistency with traditional credit scores, we invert ACS. We exclude users with ACS above 0.2 from
this exercise, as virtually all users above this cutoff are rejected.
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quintiles. This pattern naturally raises the question of what drives ACS’s outperformance

relative to traditional credit scores.

3.2 Dual Advantages

We evaluate the performance of the alternative credit scores by comparing them to tradi-

tional credit scores as a baseline. As our primary metric, we use the Area Under the Receiver

Operating Characteristic Curve (AUROC), a widely used measure of classification accuracy.

The AUROC captures the probability that the model ranks a randomly chosen positive ob-

servation above a randomly chosen negative observation and takes values between 0 and 1.

An AUROC of 0.5 indicates performance no better than random assignment, whereas an AU-

ROC of 1 corresponds to perfect classification. In our setting, a higher AUROC implies that

the model is more likely to assign higher delinquency probabilities to loans that eventually

become unpaid than to loans that are repaid.13

We supplement this analysis with two additional metrics to assess model performance.

The Area Under the Precision–Recall Curve (AUPRC) summarizes the trade-off between

precision and recall. In our context, higher precision implies that a greater share of rejected

applicants would have defaulted (i.e., fewer “good” borrowers are rejected), while higher

recall implies that a greater share of would-be defaulters are correctly rejected. Both dimen-

sions matter for profitability, but improving one can come at the expense of the other, so

the AUPRC provides a useful summary of overall performance. The Gini index is calculated

as 2 ·AUROC–1, which takes a value between -1 and 1 (since the AUROC is between 0 and

1), making interpretation easier.

To test each model, we conduct out-of-sample evaluations on loan applications, where

the outcome variable is an indicator for loans that become 30 or more days past due for the

first three EMIs. Figure 4 plots the ROC curves for the traditional credit score and the ACS

against the 45-degree line representing random predictions. The ROC curve for the ACS

lies strictly above that for the traditional score at all false-positive rates. The area between

13In addition, although the score itself is the predicted probability of delinquency, the relative rankings
are more important than the raw number in the underwriting decision, which is why the AUROC is an
appropriate performance metric in our setting.
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Figure 4: Area Under the Receiver Operating Characteristic Curve (AUROC)
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This figure plots the AUROC curve of alternative and traditional credit scoring models. The label of each
curve represents the data source that was solely used to compute the probability of delinquency. Alternative
Credit Score utilizes all available data, including SMS, Credit Bureau, Application, Service, and Survey
information. The traditional credit score is a simple classification model based on the raw traditional credit
scores available via a credit bureau.

the two curves captures the improvement in predictive power from the ACS’s algorithm and

data: the AUROC of the ACS (0.6862) is 33% (17 percentage points) higher than that of

the traditional credit score (0.5161). Appendix Figure A4 reports the corresponding AUPRC

results.

Compared to traditional credit scoring models, the ACS has two key advantages: it relies

on machine learning algorithms and it incorporates alternative data. To separately quantify

the contribution of each, we examine how model performance changes as we vary the es-

timation method and the underlying dataset. This decomposition is made possible by the

structure of the ACS algorithm, which can accommodate null input values.

We estimate the algorithmic advantage of the ACS by comparing the performance of

an alternative credit score that uses only credit bureau features. Table 3 reports the AU-

ROC, AUPRC, and Gini index for each model. The third row presents the performance of

a restricted version of the ACS trained solely on credit bureau data, while the seventh row
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corresponds to the traditional credit score. Using the full information set available in the

credit bureau report and applying our algorithm, the ACS outperforms the traditional credit

score across all three measures.14 In terms of AUROC, the traditional score performs only

slightly better than random assignment, with a value of 0.5161, whereas the bureau-only

ACS improves on this by 0.1172, corresponding to a 23% gain. Because both scores rely

on the same underlying data, namely, credit bureau features, this performance gap can be

attributed to the superiority of the ACS algorithm.15

Table 3: Performance Comparison of Data Sources and Marginal Contributions

Dataset AUROC AUPRC Gini Marginal AUROC
All 0.6862 0.1342 0.3724
SMS 0.6603 0.1222 0.3206 3.10pp
Credit Bureau 0.6333 0.1062 0.2666 0.04pp
Application 0.5918 0.0889 0.1836 0.04pp
Service 0.5785 0.0864 0.1570 0.36pp
Survey 0.5484 0.0757 0.0968 0.07pp
Traditional Credit Score 0.5161 0.0688 0.0322

This table presents the performance of datasets and algorithms. The dataset column show which dataset is
used to construct alternative credit scores. AUROC stands for Area Under the Receiver Operating Charac-
teristic curve, and AUPRC stands for Area Under the Precision-Recall Curve. The Gini index is calculated
as 2 · AUROC–1, which takes a value between -1 and 1 (since the AUROC is between 0 and 1), making
interpretation easier. The marginal AUROC is computed as the difference between the AUROC of credit
scores using all information and that of using everything except the specified dataset.

While the use of machine learning methods for credit scoring is an important aspect of

the ACS’s innovation, it represents only one dimension of the improvement. One key reason

traditional credit scores perform poorly for new-to-credit users is the lack of available finan-

cial information. We address this challenge by incorporating alternative data and developing

strategies to extract information that improves the assessment of customers’ creditworthi-

ness.

There are five main data sources for the ACS system: SMS, credit bureau records, smart-

phone applications, service data from the True Balance platform (website and app), and the

14Since AUROC and the Gini index are perfectly correlated, dominance in one measure always implies
dominance in the other.

15One caveat is that although traditional credit score estimates the overall financial conditions of an
individual, it does not directly measure the delinquency probability. Thus, the underperformance may be due
to the differences in objectives. In addition, traditional credit scores are designed for the general population,
whereas the ACS is trained on AFINIT’s user base, which may lead to lower performance.
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loan application survey. We measure the contribution of these datasets in two ways. First,

we construct credit scores using features from each dataset separately and evaluate single-

source model performance. We include intermediate models that use the same algorithm as

the ACS but rely only on a subset of data sources. Figure 4 displays the AUROC for these

restricted models, with full metrics provided in Table 3. As expected, each single-source

model underperforms the full ACS model, which draws its input from all sources. However,

among the single-source models, the credit scores generated from SMS data exhibit the best

performance.

Next, we conduct a ‘leave-one-out’ analysis to measure marginal contributions. We gen-

erate credit scores by excluding one dataset at a time (e.g., a model using all sources except

SMS). Table 3 reports the marginal AUROC, defined as the difference between the AUROC

of the model that uses all information and that of the model that excludes the specified

dataset. Appendix Table A2 provides detailed results for all three performance metrics for

each model. Adding additional data sources to the model input set improves predictive perfor-

mance, but the marginal contribution of each dataset is relatively small, with the exception

of SMS data. Moreover, these marginal contributions are broadly similar across datasets.

The results indicate that there are complementarities across data sources, while SMS data

in particular cannot be fully substituted by other datasets. Appendix Figure A5 shows the

AUROC and AUPRC for the leave-one-out analysis.

Table 4: AUROC of ACS with and without SMS by Traditional Score Tier

Traditional Credit Score ACS ACS without SMS Marginal AUROC
Super Prime (791-900) 0.7082 0.6702 3.80pp
Prime Plus (771-790) 0.7201 0.6895 3.06pp
Prime (731-770) 0.686 0.6553 3.07pp
Near Prime (681-730) 0.6641 0.6334 3.07pp
Subprime (300-680) 0.6779 0.5959 8.20pp
Missing 0.6914 0.6132 7.82pp

This table presents the predictive performance of alternative credit scores across traditional credit score
tiers when SMS data is included and excluded. The metric used is Area Under the Receiver Operating
Characteristic curve. Marginal AUROC is taken as the difference between the AUROC of ACS and ACS
without SMS.

A more detailed decomposition reveals that the gains in accuracy from SMS data are

greater for evaluating thin-credit users. We compare the AUROC of the ACS and the ACS
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that excludes SMS data across traditional credit score tiers in Table 4. The marginal AUROC

is substantially higher for users with low credit scores and new-to-credit users, which exhibit

improvement 2.5 times the size of the gains in high-credit groups. This further emphasizes the

complementarity of SMS data with existing credit bureau data and confirms that transaction

messages recover financial information not available in traditional datasets.

3.3 Variable Importance

Having established the contribution of alternative data sources, we quantify the specific

impact of individual features on the ACS using SHapley Additive exPlanations (SHAP)

(Lundberg and Lee, 2017). SHAP values assign an importance score to each feature for a

given prediction, representing the marginal effect of including that feature on the model’s

output, namely the ACS in our setting. The SHAP value ϕi of a feature i can be computed

as

ϕi =
∑

S⊆F\{i}

|S|!(|F | − |S| − 1)!

|F |!
[fS∪{i}(xS∪{i})− fS(xS)]

where F is the set of all features, S is any subset of F , and xS represents the values of the

input features in the set S.

Since the final ACS system employs more than 3,000 features, we first analyze feature

importance at the aggregate data-source level: SMS, credit bureau, application, service, and

survey. To quantify each feature’s impact, we compute the mean absolute SHAP value and

then aggregate by category. Panel (a) of Figure 5 plots the number of features in each

category, showing that SMS features comprise almost 80 percent of the total feature set.

Panel (b) shows that SMS features also exceed all other categories combined in their total

contribution to the ACS. The category with the second-largest total contribution is credit

bureau data, the total SHAP values of which are 40.4% of those for SMS features. However

the marginal AUROC of credit bureau data is close to zero in Table 3, which implies that

information from credit bureau can be substituted by other sources. In Panels (c) and (d),

survey features have the highest average mean absolute SHAP values, largely because the

category contains relatively fewer features. Overall, these aggregate results corroborate our

finding that SMS data is the primary driver of the ACS’s predictive advantage and provides
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Figure 5: SHAP Values Analysis by Data Category

This figure plots the mean absolute SHAP values by data sources. Panel (a) shows the number of features.
Panel (b) shows the sum of mean absolute SHAP values. Panel (c) compares the average of the mean absolute
SHAP values. Panel (d) shows the box plot of the distribution of the mean absolute SHAP values.

information that is distinct from, rather than redundant to, traditional datasets.

For a more granular analysis, Table 5 reports the feature category and mean absolute

SHAP values for the 20 features with the highest importance. Features extracted from SMS

data contain information about applicants’ financial behavior that is difficult to obtain from

other sources. For instance, the variable “Number of ‘spam’ occurrences in SMS over the past

90 days” has high feature importance, underscoring the additional informational content in

SMS data relative to bureau records which lack such information. The distribution of SHAP

values for these top 20 features is detailed in Appendix Figure A6.
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Table 5: Features with Highest Mean Absolute SHAP Values

Feature Dataset SHAP Value
Most Recent Cash Loan Applied Date Service 0.0488
Total Level Up Loan Disbursed Amounts Service 0.0414
Number of “overdue” shown in text messages for the last 90 days SMS 0.0375
State of Residency from Know Your Customer (KYC) Service 0.0342
Number of “tblv” shown in text messages for the last 90 days SMS 0.0322
Number of “spam” shown in text messages for the last 90 days SMS 0.0304
Most Recent TrueBalance App Activity Date Service 0.0298
Number of days received text message containing “overdue” for the last 90 days SMS 0.0273
Most Recent Level Up Loan Applied Date Service 0.0271
Number of “items” shown in text messages for the last 90 days SMS 0.0264
Estimated Mean Interest Rates of Active Secured Loans Credit Bureau 0.0259
City of Residence based on GPS at the time of application Service 0.0253
Most Recent Order Date on True Balance App Service 0.0245
Most Recent Date that received an SMS containing “overdue” for the last 90 days SMS 0.0229
Number of “agreement” shown in text messages for the last 90 days SMS 0.0229
Number of “wallets” shown in text messages for the last 90 days SMS 0.0227
Number of “penalties” shown in text messages for the last 90 days SMS 0.0227
Education Level from Survey Survey 0.0225
Total Order Amounts on True Balance App Service 0.0221
Number of “netbanki” shown in text messages for the last 90 days SMS 0.0216

This table presents features with the highest mean absolute SHAP values. The second column lists from
which source that each feature was collected.

4 The Distribution of Benefits and the Role of Infor-

mation

In this section, we analyze the benefits of this technological innovation in credit under-

writing and the causes of heterogeneity in those benefits. In Section 4.1, we examine the

characteristics of individuals who benefit from switching from the traditional scoring sys-

tem to ACS. In Section 4.2, we discuss the differences in willingness to share additional

information.

4.1 Benefited User Characteristics

We examine whether the alternative credit score system has expanded credit access.

Among 2.7 million loan approvals, 45,012 (1.7%) are new-to-credit borrowers, virtually all of

whom do not have credit scores. 42,234 (93%) of these new-to-credit borrowers are individuals

with no prior loans from any lenders, and 64% and 23% are in their 20s and 30s, respectively.

Therefore, these technological innovations open up new opportunities for accessing loans,
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particularly for credit-unserved younger generations. Table 6 reports approval rates and the

distribution of approvals by traditional credit score tier. Although approval rates for subprime

individuals and those without credit scores are low, these borrowers are precisely the types

who would have been unlikely to apply for, or be approved for, loans in the traditional credit

market. Thus, even if the percentages appear small, the absolute number of individuals who

benefit from expanded access is sizable given the large applicant pool. The ACS therefore

illustrates a way to expand credit access on the extensive margin, especially for low-credit

households.

Table 6: Increase in the Extensive Margin of Credit Access

Traditional Credit Score Approval Rates Share of Approved Loans
Missing 0.95% 1.67%
Subprime (300-680) 0.95% 1.01%
Near Prime (681-730) 10.24% 22.46%
Prime (731-770) 22.53% 64.11%
Prime Plus (771-790) 24.97% 8.74%
Super Prime (791-900) 25.73% 2.01%

This table presents the distribution of approval rates and share of approved loans by traditional credit score
tiers.

To analyze who benefits from the alternative credit score system relative to traditional

credit scores, we convert each individual’s alternative and traditional credit scores into per-

centile ranks and then compute the difference between the two. Individuals whose ACS

percentile rank exceeds their traditional-score percentile rank are considered to have ben-

efited from the transition. Table 7 reports the regression results. In Panel A, the outcome

variable is an indicator equal to one if the ACS rank is higher than the traditional credit

score rank; in Panel B, the outcome is the raw difference between the two percentile ranks.

The results indicate that characteristics typically associated with more advantaged groups

benefit more under the ACS. Individuals with higher incomes and account balances, as well

as those who are male and married, are more likely to have higher ranks under the ACS

than under traditional scores. Higher education status, in particular, is associated with a

substantial increase in rank: applicants with a college degree or higher are 8.9 percentage

points more likely to have a higher ACS rank than a traditional credit score rank and are,

on average, 7.3 percentile points higher in rank. The effects of age are statistically significant
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but economically small.

Table 7: Percentile Rank Differences between ACS and Traditional Score

(1) (2) (3) (4) (5) (6) (7)

Panel A: 1[ACS>Traditional]

Standardized Income 0.0153*** 0.0062***
(0.0003) (0.0002)

Standardized Balance 0.0168*** 0.0086***
(0.0013) (0.0007)

Age 0.0021*** 0.0019***
(0.0000) (0.0000)

College or Above 0.0890*** 0.0921***
(0.0002) (0.0003)

Male 0.0203*** 0.0318***
(0.0003) (0.0003)

Marriage 0.0142*** 0.0142***
(0.0002) (0.0003)

Panel B: ACS-Traditional

Standardized Income 1.5141*** 0.7227***
(0.0278) (0.0215)

Standardized Balance 1.6129*** 0.8853***
(0.1224) (0.0714)

Age 0.1755*** 0.1581***
(0.0010) (0.0016)

College or Above 7.3144*** 7.5107***
(0.0152) (0.0194)

Male 2.0222*** 2.9465***
(0.0212) (0.0220)

Marriage 1.2215*** 1.1763***
(0.0151) (0.0187)

Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 17,592,054 17,592,053 17,592,042 17,592,050 17,589,620 17,592,037 17,589,602

This table presents regression results. The outcome variable is an indicator equal to one if the ACS rank is
higher than the traditional credit score rank and raw difference between the two percentile ranks in Panel A
and B, respectively. Each panel–column combination corresponds to a separate regression. Robust standard
errors are reported in parentheses.*** p<0.01, ** p<0.05, * p<0.1.

We also estimate impacts by modifying the analysis of Hair et al. (2025) who use the

tail end comparative outcome (TACO) ratios to identify which demographic groups gain

the most from switching to the ACS. Let f be the percentile rank function of traditional

credit scores and g be the percentile rank function of the ACS. Prediction difference can

be defined as hi(Xi) = g(Xi) − f(Xi). We can then identify the tail end of the prediction

difference distribution for top and bottom pth percentile: T+ = {X : h(X) > Q1−p(h)},
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T− = {X : h(X) < Qp(h)}. For the baseline analysis, we use p = 10. We then compute the

ratio of users falling under various categories. For category c, we can measure

TACO Ratioc =

1
|T+|

∑
T+ c(Xi)

1
|T−|

∑
T− c(Xi)

where c(Xi) = 1 if Xi falls under category c and 0 otherwise. In other words, TACO mea-

sures the difference between demographic characteristics of the winners and losers from the

transition to the ACS.

Table 8: Tail Analysis Comparative Outcome (TACO) Ratios between ACS and Traditional
Credit Score

Top 10% Bottom 10% TACO Ratio
1[Income > Median] 0.589 0.494 1.192
1[Account Balance > Median] 0.572 0.451 1.268
1[Age > Median] 0.639 0.511 1.250
1[College or higher] 0.534 0.327 1.633
1[Female] 0.144 0.179 0.804
1[Married] 0.615 0.574 1.071

This table presents the results of the Tail Analysis Comparative Outcome (TACO) Ratios analysis. The table
reports the share of users who earn above the median income, hold an account balance above the median,
are above the median age, and have completed a college-level education in each row. The first column shows
the share of users under each category in the top 10 percent of users who gained the most by switching from
traditional credit scores to the ACS. The second column shows the share of users under each category with
the least 10 percent gains from the change.

Table 8 reports the share of users in each group and the TACO ratio by demographic

category. When switching from traditional credit scores to the ACS, the top 10% group

contains 25.0% more users above the median age, 19.2% more users earning above the median

income, 63.3% more users with a college degree or higher, and 26.8% more users with above-

median account balances than the bottom 10% group. These patterns indicate that, while

the ACS expands credit market access for previously restricted populations, it rewards users

with stronger financial fundamentals more than traditional credit scores do. Appendix Figure

A7 displays the cumulative distribution functions by individual characteristics.

We investigate whether the results are driven by potential algorithmic biases that dis-

criminate against applicants based on demographic characteristics.16 Table 9 shows the prob-

16The ACS system does not include name, which may be used to infer caste status, as a feature, and
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Table 9: Probability of Delinquency Conditional on ACS by User Characteristics

(1) (2) (3) (4) (5) (6) (7)

Standardized Income 0.0001 0.0007**
(0.0002) (0.0002)

Standardized Balance -0.0012*** -0.0010***
(0.0003) (0.0003)

Age -0.0000 -0.0002***
(0.0051) (0.0000)

College or Above -0.0096*** -0.0096***
(0.0004) (0.0004)

Male 0.0000 -0.0006
(0.0005) (0.0005)

Marriage 0.0024*** 0.0017***
(0.0004) (0.0005)

ACS Control Yes Yes Yes Yes Yes Yes Yes
Loan Type FE Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 2,022,734 1,991,734 2,022,729 2,022,734 2,022,412 2,022,734 1,991,417

This table presents the results of the regression of indicator of loans missed at least one of the first three
equated monthly installments (EMI) over 30 days past the due date. Robust standard errors are reported in
parentheses.*** p<0.01, ** p<0.05, * p<0.1.

ability of delinquency by user characteristics, conditional on ACS. If the ACS system dis-

criminates against certain demographic groups, those groups would have a lower default rate,

controlling for ACS. The results are either economically or statistically insignificant. Also,

the statistically significant cases show that high education status holders and above-median

account balance users have lower delinquency rates, which suggests that discrimination with

respect to these characteristics is unlikely. The traditional discrimination in loan approval

usually favors the financially privileged groups, not the other way around as in our case. In

addition, we show that there is no discrimination in loan approval and setting interest rates.

Tables A3 and A4 present the probability of loan approval and interest rates of approved

loans, respectively, by user characteristics, controlling for ACS. The results show economi-

cally insignificant effects, except for the higher educational status which is associated with

1.19 percentage points higher approval rates and 0.02 percentage points lower interest rates,

indicating that the algorithm does not systematically discriminate against minority groups

at the approval decision or interest rates setting stage.

gender is not selected as a feature that determines ACS.
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Table 10: Probability of Income Information Extraction from Text Messages

(1) (2) (3) (4) (5) (6) (7)

Standardized Income 0.0305*** 0.0158***
(0.0005) (0.0005)

Standardized Balance 0.0300*** 0.0210***
(0.0024) (0.0018)

Age 0.0019*** 0.0011***
(0.0000) (0.0000)

College or Above 0.0963*** 0.0893***
(0.0002) (0.0004)

Male 0.0923*** 0.0739***
(0.0003) (0.0004)

Marriage -0.0032*** 0.0020***
(0.0002) (0.0003)

Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 20,771,054 17,651,420 20,771,042 20,771,050 20,768,251 20,771,032 17,648,965

This table presents the results of the regression of indicator of successful income extraction on demographic
and financial characteristics. Robust standard errors are reported in parentheses.*** p<0.01, ** p<0.05, *
p<0.1.

We demonstrate that differences in the density of SMS information across demographic

groups drive the differential benefits of alternative datasets. Table 10 reports the probability

that income information can be extracted and estimated from text messages. The algorithm is

more likely to recover income for groups with profiles traditionally associated with high-credit

users. Other financial variables exhibit similar patterns. Because traditionally advantaged

groups tend to have higher spending and more frequent transactions, the transaction-level

dataset constructed from SMS better captures their financial capacity. These findings align

with idea of credit-score path dependence advanced by Blattner and Nelson (2024). Thus,

even in the absence of algorithmic bias, the new system can disproportionately benefit certain

groups due to differences in data availability.

4.2 Willingness to Share Information

Given that differences in extractable information drive disparities in alternative credit

scores, a natural question is whether requesting additional data can mitigate these gaps. We

investigate this using the Cash Loan underwriting process, where the firm requests bank
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statements from applicants at the margin of approval.17 If applicants consent, the firm re-

evaluates their creditworthiness. Among 1,806,610 applicants who were asked to provide bank

statements, 4.97% provided statements and were approved, 61.44% provided statements but

were rejected, and the remaining applicants did not provide statements and were ultimately

rejected.

Table 11: Characteristics of Providing Bank Statements

(1) (2) (3) (4) (5) (6) (7)

Standardized Income 0.0253*** 0.0198***
(0.0026) (0.0024)

Standardized Balance 0.0291*** 0.0238***
(0.0024) (0.0023)

Age -0.0024*** -0.0028***
(0.0000) (0.0001)

College or Above 0.0844*** 0.0723***
(0.0007) (0.0009)

Male 0.0133*** 0.0144***
(0.0010) (0.0010)

Marriage -0.0317*** -0.0064***
(0.0007) (0.0009)

Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 1,806,611 1,784,832 1,806,611 1,806,609 1,806,355 1,806,606 1,784,581

This table presents the results of the regression of bank statement provision on demographic and financial
characteristics when requested by the loan provider. Robust standard errors are reported in parentheses.***
p<0.01, ** p<0.05, * p<0.1.

To understand who is more willing to share additional information, we examine the prob-

ability that applicants agree to provide bank statements when requested. Table 11 reports

the regression results, indicating that financially advantaged groups exhibit a significantly

higher propensity to disclose, with the exception of age. Applicants with at least a college

degree are 8.44 percentage points more likely to provide bank statements.

Furthermore, to quantify the value of this disclosure, we measure the reduction in the

predicted probability of delinquency when bank statement data is included. Table 12 reports

the decrease in predicted delinquency when bank statement data are incorporated, relative to

the baseline ACS. Except for male applicants, traditionally advantaged groups benefit more

from providing bank statements, although the magnitudes are not enormous: the predicted

17The company requests a bank statement as a final step, without informing applicants that they are close
to approval.
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Table 12: Differences between Predicted Probability of Default with and without Bank State-
ment

(1) (2) (3) (4) (5) (6) (7)

Standardized Income 0.0016*** 0.0007***
(0.0002) (0.0001)

Standardized Balance 0.0022*** 0.0014***
(0.0002) (0.0002)

Age 0.0003*** 0.0003***
(0.0000) (0.0000)

College or Above 0.0068*** 0.0063***
(0.0001) (0.0001)

Male -0.0024*** -0.0017***
(0.0001) (0.0001)

Marriage -0.0004*** -0.0028***
(0.0001) (0.0001)

Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 1,197,996 1,185,657 1,197,996 1,197,994 1,197,801 1,197,992 1,185,462

This table presents the results of the regression of differences between probability of default with and without
bank statement. The outcome variable is ACS minus ACS re-estimated using bank statement information.
Robust standard errors are reported in parentheses.*** p<0.01, ** p<0.05, * p<0.1.

default probability declines by 0.68 percentage points for applicants with a college degree or

higher when bank statement information is included. These findings parallel our results on

SMS data: the financial conditions of advantaged groups are better captured because their

bank statements contain richer financial information.

Collecting additional information about applicants can be profitable for the firm as it re-

duces information asymmetry. However, not all applicants are willing to share their data, and

requesting additional information may inadvertently amplify the relative gains for tradition-

ally advantaged groups. Our results suggest that underwriting systems designed to address

frictions in information disclosure—and disparities in the availability of financial information

across datasets—can deliver more accurate and more inclusive credit assessments.

5 Conclusion

In this paper, we analyze how alternative data and machine learning can be used to pro-

vide short-term loans to low- and middle-income households. We show that smartphone data

can be used to assess the creditworthiness of loan applicants. In particular, we demonstrate
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that transaction records and credit histories can be extracted from text messages, uncover-

ing valuable financial information about applicants. We develop an alternative credit scoring

system based on machine learning algorithms that leverage both traditional and alternative

datasets to predict the probability of delinquency for loan applicants.

Analyzing data from 23 million loan applications submitted to an Indian FinTech lender,

we demonstrate that the alternative credit scoring system outperforms traditional credit

scoring, with the performance gain being attributable to both algorithmic sophistication

and the integration of alternative datasets. Through marginal AUROC analysis and SHAP

values, we identify SMS data as the primary driver of this improvement that provides distinct

signals not present in other datasets. We find that SMS data enhances model performance

by 4.7%. Moreover, the new system expands credit access by extending loans to more than

45,000 new-to-credit borrowers with no traditional credit scores, providing liquidity and

an opportunity to build credit histories. In total, 2.68% of loans are granted to applicants

without a traditional score or with subprime scores—borrowers who would likely be unable

to obtain credit, or would be rejected, in traditional markets. This increase in financial

inclusion also benefits lenders by creating additional profit opportunities while mitigating

delinquency risk. However, financially advantaged groups tend to benefit more from the

alternative credit scoring system than from traditional credit scores. These patterns are not

driven by algorithmic bias but by differences in the amount and quality of information that

can be extracted from SMS. Requesting additional information does not resolve this issue,

as financially disadvantaged groups are less likely to share it, and the re-evaluation of credit

based on the additionally provided bank statements still favors the financially advantaged

groups.

As the share of FinTech lenders in the consumer credit market increases, there is a new

opportunity to harness advanced algorithms and alternative data to improve financial in-

clusion and generate profit opportunities. At the same time, policymakers need to better

understand the trade-off between increased credit access and privacy concerns to propose

optimal regulations. Our findings show that smartphone datasets, especially text messages,

can be used to expand credit access and be generalized across other countries, especially

where credit bureau data is limited. However, regulators should also recognize that these
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technological innovations may benefit financially advantaged groups more, given the un-

equal distribution of informative signals. Increases in voluntary disclosure could benefit both

lenders and borrowers and make the automated underwriting process more inclusive.
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Appendix

Algorithm 1 ACS Algorithm

Step 1: Generate all candidate ML features
candidate features = generate all features(raw data)

Step 2: Compute descriptive statistics for each feature
filtered features = [ ]
for feature in candidate features do

stats = compute descriptive statistics(feature)

if is informative(stats) then
filtered features.append(feature)

end if
end for

Step 3: Train LightGBM using filtered features to assess importance
lgb model = train lightgbm(filtered features, labels)

feature importance = get total information gain(lgb model)

Step 4: Select features contributing to 95% of total information gain
sorted features = sort by importance(feature importance)

selected features = [ ], cumulative gain = 0
total gain = sum(feature importance.values())

for feature in sorted features do
cumulative gain = cumulative gain + feature importance[feature]

selected features.append(feature)

if cumulative gain / total gain ≥ 0.95 then
break

end if
end for

Step 5: Train XGBoost using only the selected features
final model = train xgboost(selected features, labels)

This algorithm outlines each step of computing the ACS.
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A1 Appendix Figure

Figure A1: Traditional Credit Score Distribution
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This figure plots the distribution of traditional credit scores.
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Figure A2: Alternative Credit Score Distribution

0.
00

-0
.0

4

0.
04

-0
.0

8

0.
08

-0
.1

2

0.
12

-0
.1

6

0.
16

-0
.2

0

0.
20

-0
.2

4

0.
24

-0
.2

8

0.
28

-0
.3

2

0.
32

-0
.3

6

0.
36

-0
.4

0

0.
40

-0
.4

4

0.
44

-0
.4

8

0.
48

-0
.5

2

0.
52

-0
.5

6

0.
56

-0
.6

0

0.
60

-0
.6

4

0.
64

-0
.6

8

0.
68

-0
.7

2

0.
72

-0
.7

6

0.
76

-0
.8

0

0.
80

-0
.8

4

0.
84

-0
.8

8

0.
88

-0
.9

2

0.
92

-0
.9

6

0.
96

-1
.0

0

ACS

0

2

4

6

8
Pe

rc
en

ta
ge

 o
f T

ot
al

 (%
)

This figure plots the distribution of the alternative credit scores. Each bar of the histogram corresponds to
a bin of size 0.04. The mean is 0.3 and the standard deviation is 0.19.
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Figure A3: Loan Characteristics by ACS
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(a) Approval Rates
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(b) Delinquency Rates
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(c) Loan Amounts
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(d) Interest Rates

This figure shows the relationships between ACS scores and loan characteristics and outcomes by bins of
size 0.01. Panel (a) plots the approval rates of all loan applications. Panel (b) shows the delinquency rates
of approved loans. Panel (c) and (d) show loan amounts and interest rates, respectively, of approved loans.
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Figure A4: Area Under the Precision-Recall Curve (AUPRC)
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This figure plots the Precision-Recall curves of ACS, ACS trained using a single data source, and traditional
credit scores.
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Figure A5: AUROC and AUPRC of Leave-One-Out Analysis
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(b) AUPRC

This figure plots the AUROC and AUPRC curves of the ACS, ACS trained without each category of
data, and traditional credit scores. Panel (a) shows the AUROC curves of each credit scoring system. The
difference between the AUC scores of the ACS and the ACS without a data category corresponds to the
marginal AUROC of that category. Panel (b) shows the Precision-Recall curves of each credit scoring system.
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Figure A6: SHAP Value

This figure plots the SHAP values of 20 features with highest feature importance. The color of data points
indicate the value of the feature. The horizontal axis is the SHAP value of each data point, which is the
impact of the feature on the ACS score. The density of SHAP values can be determined by the clumpness
of the data points in each row.
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Figure A7: Cumulative Distribution Function of Credit Score Rank Differences Across Bor-
rower Characteristics
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This figure plots the CDF of percentile rank difference between ACS and traditional credit scores across
borrower characteristics. Users with positive rank difference mean their percentile rank increased by switching
to the ACS. A steeper CDF implies that the sample has more users that have a lower ACS rank than their
traditional credit score rank, whereas a more gradual CDF implies that the sample has more users that have
a higher ACS rank than their traditional credit score rank.
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A2 Appendix Table

Table A1: Summary Statistics by Loan Types

Obs Mean Std Q5 Q25 Q50 Q75 Q95

Panel A. Cash Loan

Age 11,935,948 30.4 8.4 20 24 29 35 47
Reported Monthly Income 11,935,953 34,164 25,654 10,000 20,000 30,000 40,000 80,000
Bank Account Balance 8,970,888 435,215 1,459,248 0 18,000 99,459 380,349 1,923,653
Traditional Credit Score 8,942,877 722.5 43.78 639 702 733 747 776
Loan Amounts 904,862 49,782 40,022 6,000 20,000 33,000 90,000 125,000
Monthly Interest Rates 904,862 3.98 0.46 3.15 3.9 4 4.27 4.65

Panel B. Level Up Loan

Age 10,412,915 29.8 8.4 20 24 28 34 47
Reported Monthly Income 10,412,922 32,378 24,455 10,000 20,000 28,000 35,000 70,000
Bank Account Balance 8,683,081 321,652 1,313,699 0 11,389 67,757 261,982 1,439,612
Traditional Credit Score 8,653,496 716.6 45.36 628 695 728 746 773
Loan Amounts 1,787,887 7024 4659.29 1,000 2,767 7,000 10,000 15,000
Monthly Interest Rates 1,787,887 4.58 0.48 3.7 4.2 4.9 4.9 4.9

This table presents the summary statistics of the sample. Panels A and B presents summary statistics for
Cash Loan and Level of Loans, respectively. The reported monthly income, bank account balances, and loan
amounts are in Indian Rupee (INR).
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Table A2: Performance Comparison - Data Exclusion

Excluded Dataset AUROC AUPRC Gini
Application 0.6858 0.1361 0.3716
Credit Bureau 0.6858 0.1361 0.3716
Survey 0.6855 0.1345 0.3710
Service 0.6826 0.1323 0.3652
SMS 0.6552 0.1163 0.3104

This table presents the performance of datasets. The excluded dataset column show which dataset is excluded
to construct alternative credit scores. AUROC stands for Area Under the Receiver Operating Characteristic
curve, and AUPRC stands for Area Under the Precision-Recall Curve.

42



Table A3: Probability of Loan Approval Conditional on ACS

(1) (2) (3) (4) (5) (6) (7)

Standardized Income -0.0006*** -0.0008***
(0.0001) (0.0001)

Standardized Balance -0.0034*** -0.0018***
(0.0003) (0.0002)

Age -0.0011*** -0.0012***
(0.0000) (0.0000)

College or Above 0.0119*** 0.0095***
(0.0001) (0.0002)

Male 0.0090*** -0.0008***
(0.0002) (0.0002)

Marriage -0.0153*** -0.0085***
(0.0001) (0.0002)

ACS Control Yes Yes Yes Yes Yes Yes Yes
Loan Type FE Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 20,771,054 17,651,420 20,771,042 20,771,050 20,768,251 20,771.032 17,648,964

This table presents the results of the regression of loan approval on demographic and financial characteristics
when controlling for alternative credit scores. Robust standard errors are reported in parentheses.*** p<0.01,
** p<0.05, * p<0.1.
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Table A4: Interest Rates of Approved Loans Conditional on ACS

(1) (2) (3) (4) (5) (6) (7)

Standardized Income -0.0088*** -0.0056***
(0.0006) (0.0005)

Standardized Balance -0.0094*** -0.0061***
(0.0017) (0.0012)

Age -0.0008*** -0.0008***
(0.0000) (0.0000)

College or Above -0.0239*** -0.0244***
(0.0003) (0.0004)

Male -0.0065*** -0.0088***
(0.0004) (0.0004)

Marriage -0.0030*** 0.0001
(0.0003) (0.0004)

ACS Control Yes Yes Yes Yes Yes Yes Yes
Loan Type FE Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 2,692,732 2,650,498 2,692,726 2,692,731 2,692,311 2,692,728 2,650,079

This table presents the results of the regression of interest rates of approved loans on demographic and
financial characteristics when controlling for alternative credit scores. Robust standard errors are reported
in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
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