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This Special Issue (Trends and New Developments in Finlech) discusses fintech trends
such as the aspects of the regulation of digital activities, the implementation of technologies
on reducing carbon emissions, ESG investments by FinTech, the trend towards asset
tokenization and related banking activities in relation to FinTech, and the development
of central bank digital currencies assisted by FinTech. This Special Issue (SI) comprises
eight research papers and two reviews. Three themes highlight the research component of
this SI—banking, FinTech technology, and financial assets. The two review papers discuss
financial literacy and the use of Artificial Intelligence (Al) in finance. Below, I provide a
brief summary of the papers in each theme, as well as the two reviews.

Bouheni et al., in Contribution 1, examined the effectiveness of an innovative FinTech
risk-scoring model to predict the risk-appropriate return for short-term credit sales. This
derived risk score can serve to mitigate the information asymmetry between the seller
of receivables and the purchaser (funder). The authors found that their SURF Score is
instrumental in justifying the seller—-funder information asymmetry and provides high
risk-appropriate periodic returns to the latter across industries.

Liu and Liang, in Contribution 2, assess whether FinTech mortgage lenders align
pricing with borrower risk using conforming 30-year mortgages. The authors estimate
default probabilities using machine learning techniques (logit, random forest, and more)
and found that non-FinTech lenders achieve the highest predictive accuracy, followed
closely by banks, with FinTech lenders trailing. In pricing analysis, the authors reported
that banks adjust the origination rates most sharply with borrower risk compared to FinTech
and non-FinTech lenders.

Liu and Liang, in Contribution 5, investigated racial and ethnic disparities in mortgage
lending outcomes across different lender types—large banks, FinTech lenders, non-bank
lenders, small banks, and credit unions—using Home Mortgage Disclosure Act (HMDA)
data from 2018 to 2023. The authors analyzed approval rates, rate spreads, and origination
charges, subsequently evaluating how borrower outcomes vary by race and ethnicity,
controlling for loan characteristics, borrower attributes, and regional factors. Their findings
reveal that Black and Hispanic borrowers consistently face less-favorable terms than White
borrowers, with disparities differing by lender type. In addition, although large banks
demonstrate relatively equitable pricing, they impose higher loan denial rates on minorities.
Credit unions, despite offering the lowest rates overall, penalize minority borrowers more
severely in pricing than other lender types. FinTech lenders, while charging higher-rate
spreads and fees, show smaller credit access disparities for minority borrowers. Non-bank
and small bank lenders display mixed results, with inconsistencies in their treatment of
minorities across pricing and credit access. These results suggest that in order to achieve
equitable mortgage lending requires enhanced regulatory oversight, greater transparency
in algorithmic decision-making, and the stricter enforcement of fair lending practices.
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Finally, Zogning and Turcotte, in Contribution 7, examined the role of digital finan-
cial advisory services (robo-advisors), which are becoming increasingly popular in retail
banking. These tools assist users with financial decisions such as risk assessment, portfolio
selection, and rebalancing—all at a reduced cost. Building on the evidence that robo-
advisors could complement human financial advisors, the authors evaluate robo-advisors’
effectiveness in asset allocation and their impact on retail banks’ profitability. Their findings
indicate that implementing robo-advisors enhances profitability in non-interest activities,
with this effect being more pronounced in France than in Canada.

Neverauskiené et al., in Contribution 3, studied Lithuanian financial technology
(FinTech), which is one of the fastest-growing financial technology centers in Europe but
also faces economic, regulatory, and technological challenges that hinder its development.
The results revealed that factors such as favorable regulation influence the FinTech sector
the most, which is crucial in attracting international investments. Based on the results, the
authors recommend that authorities pay more attention to educational programs aimed
at training technology specialists, promote cooperation between the public and private
sectors, and further improve the regulatory environment to ensure the sustainable and safe
development of FinTech.

On the FinTech and financial assets theme, Koutrouli and Manousopoulos, in Contri-
bution 4, explore the use of crypto-assets for payments (selectively referring to stablecoins).
Despite some of the financial and legal characteristics of crypto-assets, such as their price
volatility and unclear legal settlement, rapid technological and regulatory developments
in this area justify attention. We therefore try to answer the research questions of which,
why, how, where, and by whom crypto-assets are used for (retail) payments. The authors
conclude that fostering a clear understanding of the developments around crypto-asset pay-
ments and monitoring the various degrees of adoption throughout different markets could
contribute to identifying the broader implications of using crypto-assets in the payment
ecosystem and in maintaining the integrity and stability of the financial system.

Guo et al. investigate the key drivers and the economic and social impacts of cryp-
tocurrency adoption, in Contribution 6. The authors found that technology development,
measured by the Network Readiness Index, enables cryptocurrency adoption. Economic
conditions, measured by higher national inflation rates and monetary policy indicators,
are the key drivers for cryptocurrency adoption. Furthermore, cryptocurrency adoption
has negative relationships with economic development, the unemployment rate, and social
development. Finally, the authors reported that network readiness, economic conditions,
and monetary policies contribute to fostering cryptocurrency adoption.

Contribution 8 in this category is by Sadorsky, who studied the practical implications
of using precious metal ETFs to diversify risk in FinTech stocks. His analysis shows that
gold provides the most downside risk protection. Downside risk reduction is estimated
using relative risk ratios based on CVaR. In general, these results show the benefits of
diversifying an investment in FinTech stocks with precious metals.

In the reviews category, Contribution 9 is by Croitoru et al., entitled “Exploring
Financial Literacy in Higher Education with the Help of FinTech: A Bibliometric Analysis
of Linkages to Access, Behavior, and Well-Being Through Digital Innovation”. The authors
discuss the dynamic interaction between financial literacy and higher education within
hundreds of articles (from the Web of Science) using bibliometric analysis. The authors
identify four components of financial education—access and literacy, behavior, capability,
and well-being—which reflect a spectrum of educational needs. Financial literacy also
extends beyond knowledge to include behavior, health, and inclusion. Their findings
underscore the multifaceted nature of financial literacy, linking it to access, behavior, and
well-being. Given that financial education serves as the driver of behavioral change and
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societal resilience, the authors suggest that policymakers and educators should prioritize
inclusive financial literacy programs that address demographic-specific needs, leveraging
digital innovations to enhance accessibility and impact.

The second review paper—Contribution 10—entitled “A Comprehensive Review of
Generative Al in Finance” by Lee et al., offers a comprehensive examination of recent trends
and developments at the intersection of Generative Al (GAI) and finance. The authors
address a number of questions such as what the current trends and advancements in the
application of GAI within the financial sector are, how does GAI contribute to solving
financial tasks and challenges, and what the risks and challenges associated with the use of
GAl in finance are, as well as exploring how have these been addressed in the literature.
The review paper aims to provide researchers and practitioners with a structured overview
of the current landscape of GAI in finance, offering insights into both the opportunities and
challenges presented by these advanced technologies.

Conflicts of Interest: The authors declare no conflict of interest.
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Abstract: This paper explores the effectiveness of an innovative FinTech risk-scoring model
to predict the risk-appropriate return for short-term credit sales. The risk score serves
to mitigate the information asymmetry between the seller of receivables (“Seller”) and
the purchaser (“Funder”), at the same time providing an opportunity for the Funder
to earn returns as well as to diversify its portfolio on a risk-appropriate basis. Selling
receivables/credit to potential Funders at a risk-appropriate discount also helps Sellers
to maintain their short-term financial liquidity and provide the necessary cash flow for
operations and other immediate financial needs. We use 18,304 short-term credit-sale
transactions between 23 April 2020 and 30 September 2022 from the private FinTech startup
Crowdz and its Sustainability, Underwriting, Risk & Financial (SURF) risk-scoring system
to analyze the risk/return relationship. The data includes risk scores for both Sellers of
receivables (e.g., invoices) along with the Obligors (firms purchasing goods and services
from the Seller) on those receivables and provides, as outputs, the mutual gains by the
Sellers and the financial institutions or other investors funding the receivables (i.e., the
Funders). Our analysis shows that the SURF Score is instrumental in mitigating the
information asymmetry between the Sellers and the Funders and provides risk-appropriate
periodic returns to the Funders across industries. A comparative analysis shows that the use
of SURF technology generates higher risk-appropriate annualized internal rates of return
(IRR) as compared to nonuse of the SURF Score risk-scoring system in these transactions.
While Sellers and Funders enter into a win-win relationship (in the absence of a default),
Sellers of credit instruments are not often scored based on the potential diversification
by industry classification. Crowdz’s SURF technology does so and provides Funders
with diversification opportunities through numerous invoices of differing amounts and
SUREF Scores in a wide range of industries. The analysis also shows that Sellers generally
have lower financing stability as compared to the Obligors (payers on receivables), a fact
captured in the SURF Scores.

Keywords: credit sales; FinTech; invoice financing; risk scoring; return; internal rate of
return; diversification

JEL Classification: G17; G23; G30; G32

1. Introduction and Motivation

Risk/return assessment of invoices is a topical issue in business and research. The
COVID-19 pandemic of 2019-2021 led to severe supply-chain disruptions worldwide

FinTech 2025, 4, 31
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refs. [1,2] and consequently a short-term funding crisis faced especially by small businesses.
The transaction that results in short-term funding needs for such businesses is characterized
here: Business A is a “Seller” of goods or services, on a deferred-payment basis, to business
B (“Obligor”) and sends an invoice to business B with a due date by which the invoice
must be paid. It is possible that the resulting lag, in terms of time, between the supply of
goods and services and the collection of funds by Business A (the Seller) could contribute
to liquidity issues for the Seller. The FinTech startup Crowdz provided a platform on
which the Seller could list invoices to be purchased by a Funder (finance company, bank, or
commercial investor) at a discount in order to receive the funds prior to the invoice due
date (for instance, a Seller might receive advanced funds of USD 9500 on a USD 10,000
invoice, representing a 5.00% discount rate, and at the invoice due date repay the full USD
10,000 to the Funder upon receipt of the invoice payment by the Obligor). The Funder, in
turn, is motivated byoits expectation of receiving repayment of the advanced funds by
the invoice due date that provides an acceptable rate of return based on the discount rate
charged to the Seller. For instance, in the above example, the Funder would receive a USD
10,000 repayment less the USD 9500 advanced, divided by the USD 9500 advanced, or a
rate of return of USD 5000/USD 9500 = 5.26%. For purposes of comparing returns across
transactions with invoices of differing amounts and terms, the absolute rate of return for
each such transaction is converted into an annualized rate of return. For instance, in this
example, if the full invoice value—that is, the funding amount plus the discount—were
projected to be repaid 90 days after the funding date, the projected daily rate of return
would be 0.0595%, and the projected annualized 365-day rate of return for the Funder
would be 24.25% ((1.000595°365) — 1).

There is, however, an information asymmetry that exists in such a transaction. The
Funder is not fully aware of the risks of the invoice it is purchasing since the Sellers
are typically small firms, plus the risk associated with the Obligor may be partially or
completely opaque given the Funder’s lack of information on said Obligor. Since the Seller
is shifting the risk and the payment timing for these invoices to the Funder, the Funder,
just like a bank when making a standard business loan, has a legitimate expectation of
earning an appropriate return. This is where Crowdz’s innovative, proprietary credit
risk-scoring model, FinTech “SURF” (Sustainability, Underwriting, Risk, and Financial)
Score (see Table Al in Appendix A for SURF methodology) comes into play. The SURF
Score is intended to assist the Funder in analyzing the risk of the funding for the invoice
being repaid, and helping to determine the appropriate rate of return. A higher SURF
Score is associated with a lower risk of repayment, and so a relatively lower discount rate
would be charged and a relatively lower rate of return would be generated for the Funder
(in the same way that a bank would charge a lower commercial loan interest rate for a
business with a relatively high credit rating than it would for a business with a relatively
low credit rating, and hence the bank would receive a comparatively lower—albeit more
assured—rate of return in the former case). The Crowdz SURF Score thus serves a similar
purpose to what a business credit rating does for a bank making commercial loans and
to what the Standard and Poor (5&P) bond rating serves for bond purchasers. As in the
case for commercial loans just noted, for bond purchasers, higher bond ratings lead to
lower default risk and correspondingly lower expected returns for an investor. A robust
risk-scoring model like the SURF Score thereby has the potential to mitigate the information
asymmetry (see ref. [3]) by quantifying the repayment risk while simultaneously allowing
the Funder to diversify its funding across industries on a risk-appropriate basis (a higher
rate of return for higher risk and vice versa).

This paper provides a case study of an innovative real-time risk scoring model (the
aforementioned Crowdz SURF Score) that addresses the critical information asymmetries
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just described. The SURF Score’s key innovation lies in real-time risk assessment using
continuously updated data (unlike traditional credit-scoring methodologies that rely on
historical data that often may be weeks or even months old).

The SURF Score methodology’s four-step, continuously updated approach to credit-
risk assessment thus progressively refines risk ratings from initial external credit data to
real-time accounting, banking, and transactional data. This dynamic refinement captures
the immediate impact of external shocks, such as fast-moving financial crises, global
pandemics, changing trade policies, and the like, on business performance—something
that conventional scoring models have failed to achieve during recessions.

This innovation enables Funders to mitigate information asymmetry while allowing
portfolio diversification based on “flight-to-safety” theory (see refs. [4,5]), thereby providing
critical risk-projection capabilities as compared with traditional risk-assessment tools that
often have proved inadequate in rapidly changing economic landscapes.

Note further that receivable assets are not classified as sales until payments are received
and thus reflect the quality of operations in the revenue cycle (ref. [6]). In an empirical
analysis of proprietary data collected by Crowdz on 18,304 short-term credit-sale (i.e.,
invoice-purchase) transactions between 23 April 2020, and 30 September 2022 (a period of
post-COVID-19 pandemic supply-chain disruptions and liquidity crises in the secondary
short-term credit market), we find that the SURF Score technology is effective in the
assessment of the risk associated with the invoices being sold. Consequently, the SURF
Score technology provides higher periodic risk-appropriate returns to the Funder on an
absolute basis and higher risk-appropriate annualized internal rates of return on a risk-
adjusted basis as compared with situations in which the SURF Score system is not used
(based on vetted proprietary data provided by Crowdz). Crowdz’s SURF Score technology
thereby provides mutual gains for the Sellers (in terms of liquidity) and the Funders (in
terms of higher-risk appropriate returns).

The motivation for Crowdz during the then-current heightened period of uncertainty
was to ensure that risk could be identified in an automated and real-time manner as
market dynamics rapidly changed. Previous FinTech risk models did not take into account
the effects on credit scoring during dynamic economic environments like financial crises
and global pandemics, which in 2019-2021 differed substantially from the 2008 financial
crisis. In addition, the SURF Score’s built-in automation was a key motivation for Crowdz,
enabling the FinTech startup to price risk automatically and instantaneously. The bank
credit models at this time were not automated based on key risk elements such as historical
repayment performance as revealed by the Sellers” accounting data. Of course, the Crowdz
SURF Score model’s capability to accurately and automatically assess risk in these fast-
changing economic conditions made SURF Score system even more capable and hence
more valuable in times of lesser economic agitation and uncertainty.

The remainder of this document is organized into four sections. Section 2 provides
a comprehensive literature review and outlines the hypotheses that guided this research.
Section 3 details the research methodology and the data-collection process used in this
study. Section 4 discusses the findings and their implications, while Section 5 offers a
concluding overview of the research.

2. Literature Review and Hypotheses
2.1. Supply Chain Disruption Mitigation Mechanism Studies

There is significant research conducted in studying the actions taken by the businesses
to overcome the disruption in payment and collection processes and systems due to the
2019-2021 COVID-19 pandemic.
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2.1.1. Technology

The COVID-19 pandemic led to an increased reliance on technology to address dis-
ruptions in supply chains. One study, ref. [1], documents that, as transports closed and
the financial pressure built due to disruption in the supply chain, international companies
increased their reliance on artificial intelligence (AI) for supply chain management—a trend
that continues to this day.

On the other hand, ref. [2] investigates the impact of the announcement of the COVID-
19 pandemic on the market value and trading volume of supply chain finance (SCF)
firms. Using an event study, the researchers observed a significant valuation loss and
higher trading volume of SCF firms; however, SCF firms that were blockchain-enabled
(as the Crowdz SUREF Score is) were protected from such valuation loss and volatility in
trading. The researchers find that higher research and development (R&D) and capital
expenditures by firms can prevent such losses. Moreover, blockchain-enabled SCF firms’
value is enhanced by their membership in blockchain consortia and the degree of their
progress in blockchain implementation. Investors” confidence in blockchain likewise
reduces the market uncertainty.

2.1.2. FinTech Solutions

The reliance on technology to find short-term financing solutions increased consider-
ably during this time as well. In its study, ref. [7] breaks down the supply chain financing
activities for inbound supply chain and accounts payable solutions, inventory solutions,
and outbound supply chain and accounts receivable solutions. The authors find that
firms are turning to multiple supply chain financing solutions (i.e., multi-bank financing,
reverse factoring, receivables auction platforms, asset-based lending, etc.) to stabilize
both their liquidity and their working capital in order to maintain solvency and ensure
continuity of supply throughout their supply chains. This paper further identifies several
different types of supply chain financing solutions and how such solutions can affect firms’
ability to navigate uncertain business environments such as those caused by the global
COVID-19 pandemic.

Finally, other researchers (ref. [8]) collected supply-chain-financing data through a
focus group of industry experts around four variables: (1) contextual macroeconomic
factors such as ecosystems, government regulations, and digital technologies; (2) the role of
COVID-19 in each contextual factor; (3) the relative time horizon (short-term vs. medium-
term) for each contextual factor; and (4) the specific actors involved in each contextual factor.
The results of the study suggest that increased collaboration among financiers, new entrants
with innovative FinTech solutions, and wider acceptance of innovative financing solutions
is highly financially beneficial. On the government-regulatory front, the study highlights
the increased emphasis now being placed on existing regulations of long historical duration.
And on the technology front, the researchers observe increased emphasis on and use of
electronic invoicing and Al-based support technologies.

2.1.3. Firm Characteristics

It is of significant interest to other researchers to study firm characteristics that are
more susceptible to or otherwise more resilient to supply-chain disruptions. For instance, re-
searchers (ref. [9]) study the multi-regional impact of supply chain shocks on the firms due
to the COVID-19 pandemic. They use abnormal credit-default-swap spreads and U.S.- and
China-based supply chain networks to measure credit risk. Interestingly, the researchers
find that localized supply chain risks actually spill over into other geographic regions. They
also find that firm size, supply chain network centrality, cash holdings, inventory levels,
strong credit ratings, capital-redeployment capability, and the number of industry seg-
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ments involved increase resilience to global supply chain shocks, while financial leverage,
operational leverage, and market competition weaken supply chain resilience.

2.1.4. Case Studies

There are multiple case studies, like ours, that have investigated the financial impact
of the COVID-19 pandemic on the supply chains and payment systems of specific firms
or industries. For instance, using a sample of 71 food-industry-listed companies on U.S.,
Japanese, and European stock indices, ref. [10] shows that stock markets have reacted with
increased price volatility in such situations. Manufacturers of fertilizers and agrochemicals,
as well as food distributors in particular, have exhibited high volatility in their stock prices,
while low price volatility was observed in the stocks of food retailers.

Finally, ref. [11] analyzes and summarizes 74 published articles on such topics. The
researchers’ synthesis of findings reveals four broad themes that recur in the published
work, namely, the impact of the COVID-19 pandemic, resilience strategies for managing
such effects and the recovery therefrom, the role of technology in implementing resilience
strategies, and supply chain sustainability in light of the pandemic. They highlight the
lack of theoretically robust and empirically strong studies in this area. The coverage of the
research is also limited, as most of the studies are focused on the firms in high-demand
healthcare products.

2.2. Information Asymmetry

Information asymmetry between the borrower and the lender has been extensively
researched in the field of finance. Such research (as in ref. [3]) finds that larger banks,
geographically closer in location as well as in previous lending relationships with the bor-
rowing firms, are more inclined to lend to firms with a high level of information asymmetry.

In such cases, borrowers use specific debt-contract provisions to mitigate that informa-
tion asymmetry in order to achieve financing at a reasonable cost. Further, ref. [12] finds
that a higher level of information asymmetry exists among smaller firms that typically
rely on short-term debt for financing. Such firms also tend to lean on trade credit as the
alternative means of short-term financing. The researchers’ conclusions supplement the
findings by refs. [13,14]. Additionally, ref. [15]—using data from 6000 commercial loans
made by large U.S. banks—finds that the firms with a high level of information asymmetry
and positive private information issue credit of short maturity in order to obtain favorable
finance terms. On the other hand, lenders that lend to firms with high levels of information
asymmetry are likely to provide short-term credit to facilitate constant monitoring of the
debt terms (see ref. [16]).

2.3. Risk-Scoring Models

The increase in innovations to address short-term financing issues has led to the
development of risk-scoring models designed to efficiently measure the risk of the borrower
to the lenders and consequently reduce the information asymmetry. Here we provide
historical perspectives on such risk-scoring models. All such models are deployed in
unique lending environments with differing time periods, borrowers and lenders, and
debt contracts.

One researcher (ref. [17]) finds that the small-business risk-scoring systems used by
banks typically rely on expanded quantities, increased average prices, and higher average
risk for the businesses seeking credit in amounts less than USD 100,000. The study also
finds that the learning curve is relevant to the scoring system and that scoring is different
for the banks willing to adapt the technology and to use discretion.

Another researcher (ref. [18]) presents a statistical method that efficiently measures and
captures operational-risk indicators. Although focusing on risk indicators has helped the
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banking sector, with the Basel II Accord in mind, it also can be extended to enterprise risk
assessment as well, thereby making available different risk-scoring methods for operational
risk management. The study further highlights the negative aspects of considering either
only past events or only projected future events, suggesting that a combined method, which
considers the history of risk events, risk self-assessment, and a future-facing scorecard, is a
more robust scoring method for measuring and minimizing operational risk.

Still another researcher (ref. [19]) contends that having access to a credit score enables
lenders to make quicker decisions and, in some cases, to automate lending-process decisions.
The study notes that the New Basel Capital Accord has given increased importance to risk-
scoring models, prompting banks and other financial institutions to develop or remodel
existing credit risk-scoring models to conform to the new rules.

Another set of researchers (ref. [20]) conducted a survey of the use of credit scoring
by banks in order to evaluate the credit risk of small-business borrowers. They find that
credit scores tend to focus on the financial strength of the owners themselves rather than
on that of the business they own. The researchers also find that credit-scoring systems
lead to an increase in lending activity, thereby helping to support small businesses with
liquidity issues.

Another researcher (ref. [21]) discusses the Altman Z-score, which remains a standard
model used in the finance field to assess the risk of a default by commercial borrowers.
The Altman Z-score is also used as a benchmark model for comparing the results of other
credit-risk models.

Finally, (ref. [22]) discussed algorithmic credit risk-scoring models and suggests that
the use of such scoring technologies may not guarantee unbiased scoring due to the
potential inability to capture such subpopulation characteristics such as the race, gender,
and sexual orientation of borrowers or business owners. With the help of simulation
analysis, the researchers show that it is possible to remove biases in risk-scoring systems
without significantly decreasing the models’ performance if the relationships between the
discriminatory attributes and the predictive variables in the model have lower correlations.

2.4. Hypotheses

A review of the literature in the area of supply chain financing solutions to counter
COVID-19 pandemic economic disruptions reveals an enormous appetite for and use of
technology in developing solutions for such crises. Studies by the authors in refs. [1,2]
highlight increased emphasis on technologies such as Al and blockchain to achieve these
solutions. In addition to the use of technology, the authors in refs. [7,8] observe the use
of innovative short-term financing solutions adopted by the firms. Crowdz SURF Score
technology is a culmination of these factors in which the technology-driven, innovative
FinTech model is used to provide supply chain financing solutions. Another researcher
(ref. [9]) finds that large and strong firms with high levels of cash are more likely to survive
such supply chain disruptions. Crowdz’s data consists of all types of firms, ranging from
small to large, given the average invoice size. This sample provides us the opportunity
to conduct a broad-based, robust analysis. As studied by the authors in refs. [3,12-16],
the literature is rife with measures taken to mitigate the information asymmetry between
counterparties in finance. Risk-scoring-model studies by the authors in refs. [17-22] largely
attempt to mitigate the information asymmetry by providing various forms of risk-scoring.
Using the risk-appropriate return as the basis, we study the SURF Score technology’s
effectiveness on an absolute and relative basis. We develop two testable hypotheses for the
Crowdz SUREF technology:
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Hypothesis 1. The use of the SURF technology, due to its ability to effectively assess transaction
risk and mitigate information asymmetry, provides higher risk-appropriate periodic returns (higher
return for the lower SURF Scores and vice versa) for investors.

Hypothesis II. The use of SURF technology provides comparatively higher risk-appropriate
annualized rates of return as compared to the nonuse of the SURF Score risk-scoring system in
such transactions.

3. Research Methodology and Data Collection

This section presents the econometric models and data employed in this study to
estimate the relationship between risk scoring and profitability measures (Table Al in
Appendix A presents the description of variables). We present a comprehensive analysis of
18,304 transactions conducted on the FinTech platform Crowdz between 23 April 2020 and
30 September 2022.

3.1. Research Modelling

In our review, we adapted conventional Ordinary Least Squares (OLS) regression to
incorporate real-time SURF Score risk variables and thereafter applied Bayesian regression
with multivariate normal distributions. OLS was selected for interpretability in the financial
decision-making process as well as for the computational efficiency required for real-time
risk scoring—that is, being fast enough to calculate risk scores in real-time as invoices come
in, while also being easy to interpret. For instance, if external credit improves by 1 point,
the risk score improves by « points.

The Bayesian approach was chosen to quantify the parametric uncertainty crucial
for risk assessment while incorporating prior knowledge from historical credit data. The
multivariate normal assumption was appropriate given the continuous nature of our risk
variables and their observed joint-distribution characteristics. Additionally, this methodol-
ogy is usually reasonable for financial data.

Finally, the precision of the risk scoring improves as more payment/repayment data is
collected. Advanced technologies like Al and machine learning can increase this precision
even more.

3.1.1. Linear Modeling

The linear model can be written as follows:
Profitability = ag + a x SURF + B x Y " X + €3 1)

in which Profitability;, is the response variable as measured by RETURN, IRR with SURF,
and IRR without SURF for each transaction i at date t. «g is the constant of the model. SURF
(Sustainability, Underwriting, Risk, and Financial) is the risk-score measurement developed
by the FinTech firm Crowdz (the SURF methodology is detailed in Appendix A.1). There
are actually three SURF Scores: the Seller SURF Score, the Obligor SURF Score, and the
Invoice/Receivable SURF Score. The calculation of the Seller and Obligor scores is quite
complex and has a number of subcomponents, all of which are used to produce a Seller and
Obligor probability of payment/repayment. The Invoice/Receivable score, which is used
in the analyses described throughout this paper (and which is what “SURF Score” means
in said analyses unless otherwise noted), is the product of the two constituent scores and
is calculated specifically as the Seller SURF Score times the Obligor SURF Score divided
by 100.

10
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Although this combination at first glance might seem simple, it is actually based on the
standard theory of conditional probability and represents the product of the probability of
the Obligor’s paying the invoice to the Seller and, if this event takes place, the conditional
probability of the Seller’s repaying the funding to the Funder. For instance, if the probability
of the first is 90% and the probability of the second is 96%, then the probability of the full
set of transactions being completed is 90% times 96% = 86.4%. Put another way, if the
Seller score is 96 and the Obligor score is 90, then the Invoice/Receivable score will be
(96 % 90)/100 = 8640/100 = 86.4, or 86, since SURF Scores are whole numbers ranging from
1 to 100. Note that a more advanced version of this scoring system uses scores ranging
from 1 to 1000.

Explanatory variables, or regressors, are ) X;; that include: the discount rate (DIS-
COUNT RATE), computed as the difference between the invoice amount and the financed
amount divided by the invoice amount; the actual amount of time beyond the repayment
due date that the Seller repays the funding amount to the Funder (DAYS BEYOND TERM);
and the invoice amount (SIZE), expressed as the natural logarithm of the dollar amount.
The coefficients to be estimated are & and 8, while ¢;; is the error term.

Ordinary Least Squares (OLS) models, like the one that we employ here, are partic-
ularly popular due to their effectiveness in establishing a linear relationship between a
response variable and one or more predictor variables. The fundamental principle behind
OLS regression involves minimizing the sum of squared errors (SSEs), where an error is
defined as the deviation between the actual values and the predicted values of the response
variable. As discussed in ref. [23], this approach is foundational in regression analysis.
Furthermore, ref. [24] highlights that OLS techniques are versatile and find applications
across a wide range of disciplines.

In our analysis, we assume that the dependent and independent variables are con-
nected via a linear relationship. We model this connection through Ordinary Least Squares
(OLS) regression, a robust method that easily accommodates the intricate relationship be-
tween risk and return (To replicate the linear estimates, use the following command: regress
Y X, where Y is the dependent variable and X includes one or more independent variables).

3.1.2. Bayesian Estimation

Bayesian regression provides a similarly robust framework for estimating the posterior
distribution, which incorporates both the likelihood of the data and the prior distribution
(To replicate the Bayesian linear regressions, use the following command: bayes: regress Y X,
where Y is the dependent variable and X includes one or more independent variables). This
probabilistic modeling technique allows researchers to draw inferences about hypotheses
based on the available data (see ref. [25]). One of the key benefits of Bayesian estimation is
its effectiveness in addressing statistical challenges, particularly those arising from small
sample sizes. Previous research has demonstrated that Bayesian approaches can adeptly
handle a range of dataset sizes and manage the distributions of various variables (see
refs. [26-28]).

Given the intricate relationships among the variables associated with risk and return
in this study, Bayesian linear regression is a suitable choice for our model.

Assuming that D is Data, Y is the dependent variable, and X is the independent
variable for N sample size, Bayesian linear is written as follows:

D={X",Y"} forn=1,..., N )

X"eR
Y*"e R

11
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The general Bayesian model is:

Y; = BX; + ¢ 3)
The error term follows a normal distribution and is expressed as:

e~ N (0, 02)
Parameters to be estimated are:

6= (Bo,---,Bn,0)

The Bayesian process is a statistical method that estimates parameters 6 based on the
available data and predicts a range of possible outcomes by incorporating probabilities
P (Y|X, n). Essentially, Bayesian regression explores all potential relationships between
Y and X variables and provides a tolerance interval that can indicate either positive or
negative outcomes. If there are changes in signs, this may suggest a misspecification in the
relationship among the variables involved.

In the context of Bayesian Machine Learning, this approach utilizes a Gaussian
distribution of functions and follows specific rules for effective predictions and mod-
eling, specifically:

P(D|0) x P(0)

P(OID) = == 555

4)

where:
P(D|0) is the likelihood of 6
P(0) represents the prior on 6
P(0|D) is the posterior of 6 given data D
Expressed in terms of OLS estimators, the Bayesian approach is as follows:

n
'21 XiYi
N
p=—
¥ x?
i=1
Then the variance (Si gmaz) is,
n A 2
121 (yi — px;)
. 2 _ 1=
Sigma® = — 1

Bayesian models are utilized in numerous fields, demonstrating their versatility and
effectiveness. Recent advancements in statistical software have improved the application
of Bayesian rules, enhancing modeling techniques in research (ref. [25]).

3.2. Data Description

The selection of the Crowdz case as a FinTech platform is based on the availability of
private data provided by the firm. Additionally, FinTech has evolved exponentially in recent
times. For instance, a recent research report (ref. [25]) investigates the link between mobile
application technology and the growth of deposits of the largest European and American
banks from 2005 to 2022, documenting the importance of technology in supporting the
financial performance of traditional banks.

Three dependent variables—RETURN, IRR with SURF, and IRR without SURF—are
employed in this study as measures of profitability. The return from the repayment process

12
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on the FinTech platform (RETURN) is calculated as the difference between the repaid
amount and the funded amount divided by the funded amount. Additionally, annualized
internal rates of return (IRR) with and without the risk scoring (SURF) are used to assess
the profitability; these latter two outcomes are calculated by converting RETURN to a daily
rate and then transforming that rate into an annualized one

As shown in Table 1, from 23 April 2020 to 30 September 2022, the RETURN, IRR with
SURF, and IRR without SURF (a difference of mean t-test between the IRR with SURF and
the IRR without SURF shows a positive difference of 1.53%, significant at the 99% level
(p-value of 0.002)) have means of 2%, 17%, and 15%, respectively, and standard deviations
of 2%, 6%, and 13%, respectively. Additionally, RETURN has a maximum of 31% and a
minimum of 0.5%.

Table 1. Descriptive Statistics. This table presents data statistics for 18,304 transactions conducted on
the Crowdz platform between 23 April 2020 and 30 September 2022. The dependent variables include
RETURN, computed as the ratio of profit over funded amount, in which profit is the difference
between repaid amount and funded amount; annualized Internal Rate of Return (IRR) with SURF
Score risk scoring, as described in the text; and annualized Internal Rate of Return (IRR) without
SUREF. Independent variables include invoice scoring (SURF), calculated as Seller SURF Score times
Obligor SURF Score divided by 100; discount rate (DISCOUNT RATE), computed as the difference
between invoice amount and financed amount divided by invoice amount; actual amount of time
beyond the repayment due date that the Seller repays the funding to the Funder (DAYS BEYOND
TERM); and invoice amount (SIZE), expressed as the natural logarithm of the dollar amount of
the invoice.

Variable Obs Mean Std. Dev. Min Max
SURF 18,304 92.077 14.247 1.575 99.977
RETURN 18,304 0.019 0.021 0.005 0.312

IRR with SURF 18,304 0.169 0.058 0.150 0.999
IRR without SURF 18,304 0.154 0.128 -1 0.999
DISCOUNT RATE 18,304 0.135 0.046 0 0.350
DAYS BEYOND TERM 18,304 3.673 0.681 0 6.512
SIZE 18,304 5.396 1.435 —0.282 13.144

Source: Authors’ proprietary data.

As for independent variables, the SURF is the major explanatory variable. SURF
assesses the funding-repayment risk (i.e., the risk of nonrepayment of the early funding of
an invoice), as measured on a scale from 0 to 100 (the higher the SURF Score, the lower the
funding-repayment risk). Based on 18,304 observations, SURF varies between 2 (exactly
1.57) and 100 (exactly 99.97), with a mean of 92 across all invoices, along with a standard
deviation of 14 (see Table 1). Control variables include the DISCOUNT RATE, the lateness
of repayments beyond the repayment due date (DAYS BEYOND TERM), and the invoice
amount (SIZE). DISCOUNT RATE is the percentage of the invoice value sacrificed by the
invoice Seller against the amount financed. That rate varies between 0% and 35%, with
an average of 13.5% and a standard deviation of 4.6%. DAYS BEYOND TERM, as noted,
measures the amount of time it takes for the Funder to receive the repayment of the funding
following the repayment due date. That time varies between 0 days and 6.5 days, with
an average of 3.6 and a standard deviation of 0.7. To address data heterogeneity, SIZE is
expressed as the natural logarithm of the invoice amount. The SIZE variable has a mean
of 5.4, a standard deviation of 1.4, a minimum of negative 0.3, and a maximum of 13, as
shown in Table 1.

Additionally, we carefully examine the relationships among the variables, as outlined
in Table A2 in Appendix A. To ensure the integrity of our model, we retain only those
correlations that are below 80%. This rigorous approach helps us to identify and address
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any potential issues related to multicollinearity, which could undermine the reliability
of our findings. As a result, the correlation matrix shows that the remaining variables
operate within acceptable levels of independence, thereby enhancing the credibility of our
subsequent regressions.

4. Findings and Discussion

We investigate the potential for SURF technology to accurately establish the risk and
return profile of accounts receivable in order to provide the risk-appropriate financial
returns and enhance the internal rate of return for investors. Our findings suggest that, by
employing advanced technology solutions, funding firms can more effectively evaluate
and manage risk, which not only creates additional value for their operations as well as
generating more risk-appropriate returns, but also increases their ability and inclination
to provide crucial cash-flow support to businesses, particularly small businesses. This
study therefore emphasizes the transformative role of FinTech innovations in fostering
sustainability and growth within the small-business sector.

The core hypothesis is that FinTech, such as SURF technology, has the potential to
boost the returns for the Funders (investors) along with the option to evaluate potential
investments based on levels of risk to determine risk-appropriate returns.

4.1. Linear Risk-Return Relationship: OLS and Bayesian

In this section, we discuss the estimates of linear and Bayesian for linear regressions.

Higher risk-taking behavior is frequently linked to the potential for higher expected
returns. In this study, we employ a risk-assessment tool known as the Crowdz SURF Score
(“SURF”), which specifically analyzes the invoices within the accounts receivable of various
firms. By examining these invoices, we aim to provide deeper insights into the relationship
between risk and return in financial practice.

The Crowdz SURF Score serves as a key indicator of the risk associated with invoices,
with a higher score reflecting a lower level of risk. This score is crucial for funding entities
when evaluating the repayment reliability of financial fund advancements. As shown in
Figure 1, it is generally observed that, in this sample, the Obligor’s (Buyer’s) score tends to
be higher than that of the Seller (not surprisingly since, in this sample, Obligors were more
likely to be larger, well-established companies while Sellers were more apt to be smaller
businesses). This difference highlights the varying degrees of risk that each party incurs in
the short-term transactions. The Invoice score, which combines Obligor and Seller scores,
points to the level of risk that Funders face when engaging with the Sellers. Essentially, the
Invoice score encapsulates the overall risk-management dynamics between Funders and
Sellers, providing valuable insights for both parties when making financial decisions (See
Figure 1 for a look at how average Seller, Obligor, and Invoice SURF Scores changed over
the duration of the sample.).

4.1.1. Risk and Return in Ordinary Least Squared Models

We propose that evaluating investments with varying degrees of risk can enhance the
transactional profitability of Funders. As illustrated in Table 2, linear regressions indicate
that the risk measure (SURF) has a negative impact on both profitability metrics (RETURN
(1) and IRR with SURF (2)) at a significance level of 1%. This suggests that a higher SURF
Score, which indicates lower risk, leads to decreased RETURN and IRR for investors.
Specifically, a 1% increase in the SURF Score results in a 0.1% decrease in RETURN and a
0.4% decrease in IRR. This finding aligns with the established relationship between risk and
return: higher risk is associated with higher expected returns, while lower risk correlates
with lower expected returns. A higher SURF Score also indicates lower invoice risks and
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therefore suggests a more stable profit outlook. This distinction is crucial for understanding
the relationship between risk tolerance and financial performance.
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Figure 1. Invoice funding by date of invoice ingestion from April 2020 to September 2022. This
figure plots the risk scores (i.e., SURF Scores) of Sellers of invoices (Seller Score), the risk scores of
Obligors on the purchased invoices (Buyer Score), and the risk scores of the invoices themselves
(Invoice Score). The risk scoring is based on the Crowdz SURF methodology of risk assessment,
and it is scaled from 0 to 100 (the higher the SURF Score, the lower the risk). Specifically, the SURF
Score represents the probability of timely repayment of the funding to the Funder, and, hence, a 100
SUREF Score indicates that there is a 100% probability that the funding will be repaid to the Funder
within the Funder-specified timing. The x-axis presents all monthly transactions on the Crowdz
Platform, and the y-axis presents the corresponding risk scores. Raw Data is based on 19,278 funding
transactions on the Crowdz Platform from 23 April 2020 to 30 September 2022 (Source: Authors’
own creation.).

Interestingly, in comparing the Internal Rate of Return (IRR) with the utilization of
the SURF Score risk-scoring model (column (2) of Table 2) to the IRR calculated without
it (column (3) of Table 2), we uncover some significant insights. Notably, both the actual
time it takes to repay the financing for an invoice (DAYS BEYOND TERM) and the size
of the invoice itself (SIZE) demonstrate a positive relationship with the IRR when the
SUREF Score is integrated into the assessment. This means that, as the waiting period for
repayment extends and the invoice amount increases, investors experience a higher IRR
when employing the SURF Score.

Conversely, when we evaluate the IRR without considering the SURF Score, a contrast-
ing trend emerges. Here, the relationship is negative: longer repayment terms and larger
invoices tend to result in a diminished IRR for investors. Furthermore, this detrimental
impact is less pronounced than it is with the IRR with SUREF, indicating that the absence of
a robust risk assessment tool may lead to increased volatility in profitability. These findings
collectively underscore the importance of effectively assessing risk. By leveraging the SURF
Score risk-scoring model, investors can better navigate the financial challenges posed by
extended payment periods and large invoice amounts, ultimately achieving more stable
and more favorable returns. This result supports our hypothesis that a comprehensive risk
evaluation, as exemplified by the Crowdz SURF Score, can play a crucial role in enhancing
overall investment outcomes.
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Table 2. Linear OLS Estimation of the relationship between risk and return for the full sample.
This table reports the coefficients, with their t-statistics in parentheses, and the level of significance
of the OLS regressions in Equation (1), in which the dependent variables are: RETURN, computed
as the ratio of profit over funded amount, in which profit is the difference between repaid amount
and funded amount; Internal Rate of Return (IRR) with the use of the SURF Score; and Internal
Rate of Return (IRR) without the use of the SURF Score. The independent variables include: the
Invoice SURF Score (SURF), calculated as Seller SURF Score times Obligor SURF Score divided by
100; discount rate (DISCOUNT RATE), computed as the difference between invoice amount and
financed amount divided by invoice amount; actual amount of time beyond the repayment due
date that the Seller repays the invoice financing to the Funder (DAYS BEYOND TERM); and invoice
amount (SIZE) expressed as the natural logarithm of the invoice’s dollar amount. The sample includes
18,304 transactions conducted on the Crowdz platform, and the study period spans from 23 April
2020 to 30 September 2022. The “RETURN” column (1) reflects total return to investors when SURF
Score risk-scoring is used, column (2) “IRR with SURF” is the internal rate of return to investors when
SUREF Score risk-scoring is used to assess repayment risk, and column (3) “IRR without SURF” is the
internal rate of return to investors when SURF Score risk-scoring is not used to assess repayment risk.
The regression constant (CONS), number of observations (N), F-statistics, and R-squared are also
included. F-statistics reflect the overall significance of the joint test under the null hypothesis that all
regression coefficients are equal to 0. R-squared reports the proportion of the variation in profitability
explained by the loading factors (SURF, DISCOUNT RATE, DAYS BEYOND TERM, and SIZE). The
superscripts *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Full Sample
Variable @ ) 3)
RETURN IRR with SURF  IRR Without SURF
—0.001 0,004 +**
SURF (—44.81) (—38.59)
—0.039 0.068 *+* 0.079 **
DISCOUNT RATE (—16.34) (10.26) (3.15)
0.004 *+* 0.005 *+* _0.121
DAYS BEYOND TERM (31.63) (14.90) (—86.93)
_0.021 0.004 *+* —0.075
SIZE (—49.27) 6.89) (—41.41)
0.132 *+* 0.469 *+* 0.923 #+*
CONS (39.13) (77.58) (82.89)
N 18,288 18,288 18,288
Eetatistics 77.37 54.08 86.50
(0.000) (0.000) (0.000)
R-squared 0.864 0.830 0.345

Source: Authors own creation.

The DISCOUNT RATE (discount on the amount of the invoice) has a negative impact
on RETURN and a positive effect on both IRR with and without the SURF Score, as
demonstrated in Table 2. Statistically, a 1% increase in the discount rate results in a 4%
decrease in RETURN, while the IRR with SURF increases by 7% and the IRR without SURF
increases by 8%.

It is essential to recognize that the relationship between discount rate (DISCOUNT
RATE) and returns (RETURN) can be challenging to predict, as returns are assessed peri-
odically and do not factor in time (e.g., a 30-day invoice is treated the same as a 180-day
invoice, even though the repayment likelihood of the former may be greater than that of
the latter). A more insightful measure is the time-adjusted metric, such as the annualized
Internal Rate of Return (IRR), which better illustrates the anticipated positive relationship
between discount rates and returns.
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The intercepts of all three regressions are positive and statistically significant at the
1% level.

In Table 2, the overall significance of the regression, F-statistics, is notably robust.
The R-squared values, which indicate the proportion of variance explained by the model,
demonstrate a remarkable degree of fit for both RETURN and IRR when incorporating
SUREF, achieving values of 86% and 83%, respectively. In contrast, the R-squared for IRR
without SURF languishes at a mere 34%. This substantial difference suggests that the SURF
Score reliably measures the risk of the transaction. We can therefore confidently assert
that the SURF Score serves as a valuable tool for providing risk-appropriate returns to
the Funder for investment opportunities of varying degrees of risk (Crowdz provided
predictability and favorability-of-payment outcomes analysis and the comparison of receiv-
ables transactions on the Meta (Facebook) platform in Appendix A, Figures Al and A2, to
supplement our findings. When the SURF Score is used in the transactions, the payment
outcomes are highly predictive and very favorable, and when the SURF Score is not used
in the transactions, the payment outcomes are less predictive and less favorable).

Additionally, we perform a set of robustness tests to ensure the validity of our main
results. The comprehensive robustness analysis strongly supports the validity of our
primary empirical findings. The negative relationship between SURF Scores and returns is
not an artifact of heteroscedasticity, multicollinearity, outlier contamination, or of temporal
instability (see Tables A4-A7 in Appendix A). Instead, our results suggest a genuine
economic relationship that requires theoretical interpretation. The structural break analysis
reveals that while the magnitude of the SURF Score effect varied during the COVID-19
period, the fundamental negative relationship remained intact, suggesting that this finding
reflects systematic market behavior rather than temporary market disruptions.

The robustness of our econometric results strengthens the case for focusing on eco-
nomic explanations for the counterintuitive negative SURF Score/returns and IRR/SURF
Score relationships. Our findings suggest that higher-quality borrowers (as measured by
their SURF Scores) systematically achieve lower returns, which could reflect risk premium
compression, market efficiency in pricing risk, or (most likely) selection effects whereby
sophisticated funding entities are willing to accept lower returns in exchange for reduced
risk exposure. The consistency of this relationship across multiple validation procedures
indicates that understanding the economic mechanisms underlying this finding should be
a priority for future research in invoice-financing markets.

4.1.2. Risk and Return on Bayesian Models

To evaluate the accuracy of linear results, we implement a Bayesian procedure that
leverages multivariate features. This Bayesian approach fundamentally differs from tradi-
tional methods by treating all parameters as random variables, allowing each parameter to
be characterized by a full probability distribution rather than being defined by a single esti-
mate, such as the mean. This stands in contrast to the Ordinary Least Squares (OLS) method,
which relies on the assumption of fixed values for parameters. By adopting the Bayesian
framework, we gain a more comprehensive understanding of the uncertainty surrounding
each parameter, leading to richer insights into the relationships within the data.

Table 3 presents the outcome of Bayesian regressions for the three response variables
(RETURN, IRR with SURF, and IRR without SURF); these findings support the robustness
of the linear regressions.

For instance, the relationships between return on financing (RETURN) and the SURF
Score, discount rate (DISCOUNT RATE), and invoice size (SIZE) exhibit negative signs
at a 95 percent credibility interval. The Monte Carlo Standard Error (MCSE) for these
relationships are 0.007, 0.051, and 0.003, respectively. This suggests a systematic decrease
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in RETURN as the SURF Score, the discount rate, or the invoice size increases. Meanwhile,
the actual time beyond the repayment due date it takes the Seller to repay the Funder
(DAYS BEYOND TERM) and the constant maintain a positive relationship to RETURN,
with MCSEs of 0.006 and 0.009, respectively, for an acceptance rate of the regression at
36 percent.

Table 3. Bayesian Multivariate Estimation of the relationship between risk and return for the full
sample. This table presents the Bayesian Multivariate Normal regressions of Equations (2)-(4) at a
confidence interval of 95 percent, in which the dependent variables are RETURN, IRR with SURF,
and IRR without SURF; and the independent variables include SURF, DISCOUNT RATE, DAYS
BEYOND TERM, and SIZE. Mean, Std. Dev., and Median represent the mean, standard deviation,
and median of parameters, respectively. Monte Carlo Standard Error (MCSE) measures the accuracy
of the estimation and verifies the estimation noise. Sigma? and Acceptance Rate are the specificities
of the Bayesian procedure. The sample includes 18,304 transactions, and the period of this study
spans from 23 April 2020 to 30 September 2022.

Full Sample

Mean Std. Dev. MCSE Median [95% Cred. Interval]
(1) RETURN
SURF —0.001 0.091 0.007 —0.002 —0.003 —0.002
DISCOUNT RATE —0.040 0.028 0.051 —0.041 —0.043 —0.036
DAYS BEYOND TERM 0.004 0.001 0.006 0.004 0.003 0.004
SIZE —0.021 0.002 0.003 —0.021 —0.022 —0.020
Constant 0.131 0.001 0.009 0.131 0.129 0.133
Sigma? 0.133 0.060 0.007 0.008 0.080 0.083
Acceptance Rate 0.359
(2) IRR with SURF
SURF —0.004 0.018 0.017 —0.037 —0.003 —0.004
DISCOUNT RATE 0.065 0.025 0.076 0.065 0.060 0.070
DAYS BEYOND TERM 0.005 0.034 0.015 0.049 0.004 0.006
SIZE 0.004 0.056 0.054 0.042 0.003 0.005
Constant 0.469 0.027 0.014 0.469 0.464 0.475
Sigma? 0.063 0.059 0.047 0.063 0.062 0.064
Acceptance Rate 0.324
(3) IRR without SURF
DISCOUNT RATE 0.077 0.025 0.014 0.076 0.031 0.127
DAYS BEYOND TERM —0.121 0.001 0.057 —0.121 —0.123 —0.118
SIZE —0.075 0.018 0.071 —0.075 —0.078 —0.072
Constant 0.923 0.011 0.046 0.922 0.902 0.943
Sigma? 0.011 0.012 0.056 0.013 0.011 0.012
Acceptance Rate 0.340
N 18,288 18,288 18,288 18,288 18,288 18,288

Source: Authors” own creation.

Similarly, when examining the internal rate of return (IRR) with the SURF Score and
without it, the findings are consistent and robust. Here, the discount rate (DISCOUNT
RATE) and the constant again show positive links with both iterations of IRR, reinforcing
the idea that an increased discount rate potentially raises the Funder’s IRR when risk
factors are included.

Additionally, there are nuanced findings regarding DAYS BEYOND TERM and SIZE.
While these variables maintain positive relationships with IRR when the SURF Score is
accounted for, they switch to negative relationships with IRR when the SURF Score is
excluded. This variation arises at the same 95 percent credibility interval, with acceptance
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rates for these insights recorded at 32 percent for IRR with SURF and 34 percent for IRR
without SURF. Such dynamics accentuate the significance of the SURF Score in return
expectations and highlight the complex interplay among these financial metrics.

Bayesian analysis is fundamentally anchored in the interplay between conventional
probability and posterior distributions. A posterior distribution emerges from the inte-
gration of a prior distribution and a likelihood model, which infuses our understanding
with insights drawn from empirical observations. Depending on the selection of prior
distributions and likelihood models, the resultant posterior distribution may be derived
analytically or approximated using advanced techniques, such as Markov chain Monte
Carlo (MCMC) methods.

The Monte Carlo Standard Error (MCSE) serves as a critical benchmark for assessing
the accuracy of Monte Carlo samples. A smaller MCSE value indicates superior sampling
performance, highlighting the effectiveness of the sampling process in capturing the true
underlying distributions [25].

In the presence of financial frictions, a risk-pricing system could effectively mitigate
behavioral anomalies. For instance, the impact of over-optimism on risk-taking behaviors
and expected returns in banks has been widely demonstrated. The phenomenon of credit
expansion can be understood through this perspective, as discussed in ref. [29]. Addition-
ally, ref. [30] explores an economy characterized by financial frictions, in which a regulator
conducts a test that reveals external information about a firm’s quality to investors, while
the firm simultaneously discloses verifiable internal information regarding its quality. This
interplay can significantly affect credit ratings and valuations.

Other researchers (see ref. [31]) observe that investors often exhibit insensitivity as the
relationship between subjective expectations and actions becomes more pronounced, when
their expectations align closely with rational expectations. Their research highlights the
necessity of integrating weak transmission effects into belief-based asset-pricing models.

4.2. Risk Assessment and Profitability by Industry

In this section, we present a detailed analysis of our findings by classifying our
sample according to industry. To ensure accuracy, we include only samples with more
than 500 observations. Next, we conduct Ordinary Least Squared (OLS) regressions with
Sellers categorized into five industries: Accommodation and Food Services; Construction;
Manufacturing; Professional, Scientific, and Technical Services; and Real Estate, Rentals,
and Leasing.

The industry-specific analysis reveals significant heterogeneity in risk/return dynam-
ics across these five major sectors, with the SURF Score risk metric demonstrating consistent
predictive power while other variables exhibit sector-specific behaviors that warrant deeper
investigation.

For both RETURN (Panel A) and IRR with SURF (Panel B) as response variables, as
presented in Table 4, the SURF variable consistently demonstrates a significantly negative
relationship across all industries at the 1 percent confidence level. This finding supports
the theory that higher risks are associated with higher returns, while the opposite holds
true when relevant risk assessments are considered. These results further strengthen our
hypothesis that a thorough evaluation of risk can lead to better investment opportunities
by effectively aligning investors’ risk and return preferences.

For instance, the Real Estate, Rentals, and Leasing sector shows the strongest sensitivity
with a coefficient of —0.058, suggesting that risk assessment is particularly critical in real
estate investments, possibly due to market volatility and leverage considerations. The
Professional, Scientific, and Technical Services sector demonstrates the second-highest
sensitivity (—0.036), indicating that service-based businesses may have more transparent
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risk profiles. The Accommodation and Food Services sector shows the lowest sensitivity
(—0.016), potentially reflecting the sector’s inherent volatility, making risk differentiation
less pronounced. The Manufacturing (—0.033) and Construction (—0.024) sectors fall in
the middle range, suggesting moderate risk sensitivity. We conclude that the magnitude
differences suggest that risk-based pricing strategies should be calibrated differently across
industries, with real estate requiring the most pronounced risk-adjusted pricing.

Upon examining Panel A (RETURN) by industry, we observe that the discount rate
(DISCOUNT RATE) exhibits significantly positive patterns for industries such as Accommo-
dation and Food Services (+0.052), as well as Professional, Scientific, and Technical Services
(+0.058). Conversely, the discount rate shows a negative pattern for the Construction
(insignificant at —0.007), Manufacturing (—0.091), and Real Estate, Rentals, and Leasing
(—0.005) sectors.

Table 4. Linear OLS Estimation of the relationship between risk and return by industry. This
table reports the coefficients, with their t-statistics in parentheses, and the level of significance of
the OLS regressions sorted by five industries (Accommodation and Food Services, Construction,
Manufacturing, Professional Scientific and Technical Services, and Real Estate, Rentals, and Leasing).
Dependent variables are RETURN in Panel A; Internal Rate of Return (IRR) with SURF in Panel
B; and Internal Rate of Return (IRR) without SURF in Panel C. The independent variables include
the invoice scoring (SURF), calculated as the Seller’s SURF Score times Obligor SURF Score divided
by 100; discount rate (DISCOUNT RATE), computed as the difference between invoice amount
and financed amount divided by invoice amount; the number of days beyond the due date before
repayment of the financing is made (DAYS BEYOND TERM); and invoice amount (SIZE) expressed
as the natural logarithm of the dollar amount. For the relevance of estimates, we drop industries
with fewer than 500 observations, leaving the following industries remaining: Accommodation
and Food Services, with 1089 observations; Construction, with 1231 observations; Manufacturing,
with 7081 observations; Professional, Scientific, and Technical services, with 575 observations; and
Real Estate, Rentals, and Leasing, with 8027 observations. The study period spans from 23 April
2020, to 30 September 2022. Regressions’ constants (CONS), number of observations (N), F-statistics,
and R-squared are also reported in this table. F-statistics reflect the overall significance of the joint
test under the null hypothesis that all regression coefficients are equal to 0. R-squared reports the
proportion of the variation in profitability measures explained by the explanatory variables. The
superscripts *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A. RETURN

Accommodation Sz;zietissilcor;ild Real Estate,
and Food Construction Manufacturing Techni ’ 1 Rentals, and
Services Se ¢ r}lca Leasing
ervices
SURF —0.016 *** —0.024 *** —0.033 *** —0.036 *** —0.058 ***
(—5.41) (—8.45) (—27.55) (—13.11) (—87.69)
DISCOUNT 0.052 *** —0.007 —0.0971 *** 0.058 *** —0.005*
RATE (7.15) (—0.76) (—20.52) (8.06) (—1.85)
DAYS BEYOND 0.005 *** 0.005 *** 0.004 *** 0.002 *** 0.007 ***
TERM (9.91) (8.89) (18.86) (4.50) (12.09)
SIZE —0.026 *** —0.025 *** —0.019 *** —0.018 *** —0.010 ***
(—30.67) (—26.61) (—48.48) (—20.81) (—52.39)
CONS 0.124 *** 0.136 *** 0.131 *** 0.117 *** 0.112 ***
(29.68) (27.61) (73.92) (30.50) (41.15)
N 1089 1231 7081 575 8027
F-Statistics 62.98 93.49 87.39 77.35 78.92
(0.000) (0.000) (0.000) (0.000) (0.000)
R-Squared 0.885 0.834 0.848 0.876 0.874
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Table 4. Cont.

Panel B. IRR with SURF

Accommodation Slzzrf\etisfsilcm;;ld Real Estate,
and Food Construction Manufacturing Techni ’ ] Rentals, and
Services Se ¢ r}lca Leasing
ervices
SURF —0.049 *** —0.087 *** —0.059 *** —0.036 *** —0.039 ***
(—44.74) (—48.81) (—24.13) (—25.71) (—12.83)
DISCOUNT 0.024 0.111 ** 0.061 *** 0.196 *** 0.049 **
RATE (1.00) (4.49) (5.74) (5.23) (3.14)
DAYS BEYOND 0.070 *** 0.043 ** 0.042 *** 0.041 0.044 ***
TERM (4.11) (2.68) (8.20) (1.59) (9.40)
SIZE 0.089 ** 0.042 0.015* —0.027 0.010 ***
(3.00) (0.02) (1.62) (—0.59) (10.27)
CONS 0.518 *** 0.500 *** 0.470 *** 0.475 *** 0.462 ***
(36.15) (35.75) (110.74) (24.08) (111.40)
N 1089 1231 7081 575 8027
F-Statistics 76.36 84.76 67.75 31.65 43.34
(0.000) (0.000) (0.000) (0.000) (0.000)
R-Squared 0.793 0.822 0.829 0.754 0.820
Panel C. IRR without SURF
Accommodation Slzzietisfsilcozild Real Estate,
and Food Construction Manufacturing Techni ’ 1 Rentals, and
Services Se N r}lca Leasing
ervices
DISCOUNT —0.177 ** 0.166 * 0.278 *** 0.600 *** 0.154 **
RATE (—3.03) (1.95) (5.52) (6.81) (3.05)
DAYS BEYOND —0.120 *** —0.110 *** —0.105 *** —0.117 *** —0.142 ***
TERM (—26.10) (—17.83) (—37.21) (—18.64) (—93.52)
SIZE —0.059 *** —0.086 *** —0.080 *** —0.044 *** —0.053 ***
(—9.45) (—10.89) (—20.56) (—5.58) (—25.51)
CONS 0.881 *** 0.932 *** 0.851 *** 0.684 *** 0.888 ***
(22.64) (17.40) (36.25) (14.18) (66.06)
N 1089 1231 7081 575 8027
F-Statistics 76.59 87.78 93.45 66.97 98.76
(0.000) (0.000) (0.000) (0.000) (0.000)
R-Squared 0.420 0.345 0.358 0.550 0.634

ource: Authors” own creation.
S Authors’ t

Possible explanations for the positive discount effect in service industries include such

hypotheses as the following: (1) higher discount rates in service industries may reflect

seasonal cash flow patterns such that businesses accept higher costs during peak periods;
(2) the positive relationship may indicate that these industries can pass through financing
costs to customers more effectively; or (3) service businesses may use invoice financing

strategically during growth phases, during which time higher dilution is offset by increased

business volume.

Possible explanations for the negative discount effect in asset-heavy industries include:

(1) Manufacturing’s strong negative relationship (—0.091) likely reflects economies of

scale, namely that larger manufacturers may be able to negotiate better financing terms;

(2) Construction’s neutral relationship may suggest project-specific dynamics dominate

over general financing patterns; and (3) Real Estate’s minimal negative effect may indicate

that property values provide sufficient collateral to minimize dilution impact.
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The DAYS BEYOND TERM variable represents the actual amount of time (measured
in days) beyond the invoice due date when the invoice funding plus discount is fully repaid
to the Funder.

Interestingly, Panel A (RETURN) shows positive effects. All industries show small
but significant positive coefficients (0.001-0.005): (1) Accommodation and Food Services:
0.005 (highest sensitivity to term length); (2) Construction: 0.005 (equal sensitivity to
Accommodation and Food Services); (3) Manufacturing: 0.004 (moderate sensitivity);
(4) Professional, Scientific, and Technical Services: 0.002 (lower sensitivity); and (5) Real
Estate, Rentals, and Leasing: 0.001 (lowest sensitivity). The foregoing reflects the fact that
each projected additional day beyond term increases returns by 0.1 to 0.5 percentage points,
with service industries displaying relatively greater sensitivity.

Panel B (IRR with SURF) shows positive effects as well. The coefficients increase
substantially when using time-adjusted returns: (1) Accommodation and Food Services:
0.070 (14x increase from Panel A); (2) Construction: 0.043 (8.6x increase); (3) Manufacturing:
0.042 (10.5x increase); (4) Real Estate, Rentals, and Leasing: 0.044 (44x increase); and (5) Pro-
fessional, Scientific, and Technical Services: 0.041 (not significant, but large magnitude).
The IRR methodology reveals that longer payment terms create much more value than
simple return calculations suggest.

However, Panel C (IRR without SURF) exhibits negative effects. All coefficients turn
strongly negative (—0.105 to —0.142). This suggests that, without proper risk adjustment,
longer terms appear to hurt rates of return. Additionally, the negative relationship likely
reflects the condition that riskier borrowers tend to have longer repayment periods, thereby
indicating that poor credit quality correlates with both extended repayment times and
lower rates of return.

The dramatic difference between Panels B and C reveals that the value of the DAYS
BEYOND TERM variable emerges when risk is properly assessed. In fact, without risk
adjustment (Panel C), longer terms appear harmful because they correlate with higher-risk
borrowers. With risk adjustment (Panel B), the time value of money emerges, showing that
longer terms can create substantial value.

From the Funders’ perspective, longer days beyond term should command a higher
discount rate, especially in service industries; separate effects of payment timing from
underlying credit quality and understanding days-beyond-term patterns can improve cash
flow forecasting.

From the Sellers” perspective: (1) service businesses may have more flexibility in
negotiating extended terms; (2) understanding that longer repayment terms increase
Funder costs can inform negotiation strategies; and (3) actual payment timing significantly
affects financing costs.

As for the SIZE effects that capture economies of scale across industries, all industries
show negative size effects on returns (Panel A), but with varying magnitudes. For instance,
the following results were obtained: Accommodation and Food Services: —0.026 (high-
est impact); Construction: —0.025; Manufacturing: —0.019; Professional, Scientific, and
Technical Services: —0.018; and Real Estate, Rentals, and Leasing: —0.010 (lowest impact).

However, Panel B shows a reversed effects of size. The dramatic sign changes in IRR
with SURF analysis suggest that risk-adjusted metrics reveal hidden scale benefits that
basic return calculations obscure.

In comparing Panel A (RETURN) and Panel B (IRR with SURF), the shift from mildly
positive relationships in Panel A to strong positive relationships in Panel B reveals impor-
tant insights: (1) time-value recognition—the IRR methodology better captures the benefits
of longer financing terms; (2) Industry variation in time sensitivity—Accommodation and
Food Services: 0.005 — 0.070 (14x increase); Construction: 0.005 — 0.043 (8.6x increase);
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and Manufacturing: 0.004 — 0.042 (10.5x increase); (3) strategic implications—longer-term
financing arrangements create disproportionate value in Accommodation and Food Service
sectors, suggesting that these industries should prioritize extended payment terms.

Regarding models’ performance and explanatory power, Panel A (RETURN) shows
the high explanatory power, with the R-squared result varying in a range of 0.834 to
0.885, suggesting that the model captures most of the return variation, while Panel B
(IRR with SUREF) is slightly lower but still strong (0.754 to 0.829), indicating that risk
adjustment adds complexity. Panel C (IRR without SURF) is significantly lower (0.345 to
0.634), demonstrating the critical importance of risk adjustment. F-Statistics for all models
are highly significant.

While Table 4 provides valuable insights into industry-specific risk/return relation-
ships, the analysis reveals significant opportunities for deeper investigation. The consistent
power of the SURF Score metric across industries validates the risk assessment approach,
but the substantial variation in other coefficients suggests that industry-specific factors
also play crucial roles that may warrant separate industry-specific modeling strategies (in
fact, while not implemented at the time, the creation of industry-specific models was part
of the long-term SURF Score modeling strategy). The dramatic differences between basic
return measures and risk-adjusted IRR calculations underscore the critical importance of
sophisticated risk measurement in investment decision-making.

This study also highlights the importance of integrating robust “risk-pricing ap-
proaches in investment strategies, thereby contributing to more effective risk-management
practices within diverse industries (for risk-pricing and flight-to-safety theory, see, for
instance, refs. [4,32]).

In sum, our findings contribute to the existing body of research addressing the signifi-
cant issue of the high information asymmetry prevalent in small firms. This asymmetry
frequently results in challenges related to decision-making and resource allocation, creating
a disconnect between the firms’ risk profiles and the information accessible to external
stakeholders. We underscore the essential role that a robust risk-scoring system can play
in alleviating these challenges. By offering a standardized framework for evaluating and
communicating risk, such systems can effectively diminish information asymmetry, thereby
fostering enhanced trust and increased investment opportunities. This finding is in line
with the conclusions drawn by previous studies, including those by refs. [12,17], which
emphasized the necessity for improved information-sharing mechanisms to bolster the
transparency and stability of small enterprises.

We conclude that risk pricing is a vital component in guiding investors regarding
their risk-return preferences and empowering them to make informed decisions that
align with their investment strategies. The accurate reflection of asset-risk level and risk-
pricing mechanisms supports flight-to-safety strategies. Consequently, a robust risk-pricing
framework is essential for fostering efficient markets and assisting investors in navigating
economic, financial, political, and legal market conditions.

In the first order, this paper validates Crowdz’s SURF Score risk-scoring system as a
paradigm shift from static to real-time risk assessment. Unlike traditional models using
significantly lagged historical data, the SURF Score’s four-step, continuously updated
approach captures immediate business changes through real-time accounting, banking,
and transactional data streams.

The SURF Score’s innovative quality proved mission-critical during the global COVID-
19 pandemic and associated financial crises when conventional models failed to accurately
and fully account for rapidly changing economic dynamics, whereas the SURF Score
technology automatically and seamlessly adapted to these rapidly changing conditions.
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The empirical findings confirm consistent cross-industry performance across all indus-
tries as well as the five selected industry sectors, critical information-asymmetry reduction
enabling efficient capital allocation, and flight-to-safety portfolio diversification based on
real-time risk intelligence.

Possible extensions of the study include: (1) collecting new transactional data based
on the SURF Score’s validated real-time data foundation, thereby enabling advanced Al
applications; (2) testing a wider range of industry classifications once more data can be
obtained; (3) testing for differential effects across geographies, again once a sufficient
amount of data can be acquired; (4) examining the relative effects of differing SURF
Score calculation models; and (5) applying advanced econometrics (e.g., machine-learning
approaches, quantile regression, time-to-default modeling by industry, out-of-sample
testing, and model stability across economic cycles).

For all of the above reasons, the SURF Score risk scoring framework demonstrates
the successful transition from backward-looking credit analysis to forward-looking, Al-
ready risk intelligence, thereby establishing the blueprint for next-generation financial risk
assessment across broader financial-services applications.

5. Conclusions and Extensions

The 2019-2021 global COVID-19 pandemic and resulting challenges to supply chain
management around the globe led to a cascading disruptive effect on the payment systems
in the working capital management of firms. As is the case during times of crisis, the
Seller of the receivables faced a liquidity crunch due to a lack of trust or information
asymmetry between the Seller and the Funder (investor). The pressing need to address
these cash shortfalls led to innovation by a FinTech startup, Crowdz, in developing its
SUREF (Sustainability, Underwriting, Risk and Financial) risk-scoring technology to provide
a robust score to the invoice-financing market and to facilitate liquidity in this market.

Our analysis shows that the SURF Score is highly effective in capturing the risks
to counterparties (Funder and Seller) in these transactions and, consequently, providing
the risk-appropriate return (higher return for higher risk and vice versa) to the Funders
both in general and across industries. A comparative analysis shows that the use of SURF
Score technology generates significantly higher risk-appropriate annualized internal rates
of return (IRR) as compared to nonuse of the SURF Score risk-scoring system in these
transactions. Our results are robust overall and across industries.

In addition to providing liquidity to the secondary short-term credit markets,
Crowdz’s SURF technology also offers Funders substantial and financially beneficial di-
versification opportunities with numerous invoices of differing amounts and SURF Scores
across a wide range of industries.

Furthermore, our findings suggest that incorporating advanced analytics, utilizing
broader datasets, and implementing technological solutions can greatly enhance risk-
pricing efficiency and encourage innovation in financial products. This research not only
extends corporate finance theory to include third-party financing but also opens avenues
for institutional investors and government regulatory bodies to create more nuanced
regulatory and analytical frameworks that promote financial inclusion and market stability.

In addition to those enhancements stated above, the future course of this research also
should include investigating how the presence of Al (artificial intelligence) in risk-scoring
systems can specifically benefit participants in the secondary short-term credit markets.

The use of Al and machine learning in enhancing future credit models can help specif-
ically in two areas: (1) creating large sets of test data, including the parameters necessary to
stress-test the models; (2) rapidly testing large numbers of different modeling frameworks
and methods; (3) intelligently extrapolating small amounts of data into large data palettes
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to enable more rapid segmentation of models and results; (4) adding an increasing range
of influential variables into the models; and (5) deploying generative Al technologies to
frame scoring in real-world language so that the average user can understand and interpret
in real-time what the data and relationships mean. These innovations will increase the
positive impact of real-time risk scoring and will drive additional financial efficiencies in
small- and medium-sized company credit scoring.
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Appendix A
Appendix A.1. Risk Scoring (SURF) Methodology

The SURF Score methodology was developed to analyze invoice-financing risk in real-
time, looking at several factors, including external, accounting, bank, and transaction data.
The need for this type of risk-scoring came about since most then-extant risk methodologies
(and externally available risk and data sources) account only for historical data, whose
information is often outdated by weeks, months, or even years. Utilizing real-time risk
scoring allows for fully automated, real-time pricing of risk into receivable and other asset
financing scenarios, including asset-backed loans.

For context, the SURF Score is calculated in four continuously updated steps:

1. Scores are initially computed based on external business-credit data, including con-
ventional business credit scores, publicly available financial data, and, where relevant,
bond ratings or estimated bond ratings. This initial scoring is used at the point at
which the Crowdz Platform (and hence the Funder) has no specific information about
either the invoice Sellers or the Obligors on said invoices.

2. (a) Accounting and banking data is then analyzed to determine the Sellers” and
Obligors’ (i.e., Buyers’) reliability and timing of the payment of their debt obligations,
both historically and in real-time. (b) Simultaneously, Seller financial data is fed into a
real-time regression model to further assess payment reliability and timing.

3. In the like manner as described with regard to Step 2(a) above, Crowdz Platform
data is analyzed to determine the Sellers’ reliability and timing of the repayment of
funding of their purchased invoices, both globally and on an Obligor-by-Obligor (i.e.,
Buyer-by-Buyer) basis, and both historically and in real-time.

4. The use of artificial intelligence (Al), such as through matching similar companies,
has been explored but not yet implemented.
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Table A1. Variables and description.

Variable

Description

SURF

RETURN

IRR with SURF

IRR without SURF

DISCOUNT RATE

DAYS BEYOND TERM
SIZE

Invoice SURF Score (Seller SURF Score * Obligor SURF Score/100)
Periodic return over the time period from funding to collection =
profit/funded amount, in which profit is the difference between repaid
amount and funded amount. Annualized percentage return without
time adjustment
Annualized Internal Rate of Return (annualized periodic return) when
the Crowdz SURF Score is used. Time-adjusted return incorporating
risk scoring
Annualized Internal Rate of Return (annualized periodic return) when
the Crowdz SURF Score is not used. Time-adjusted return using
traditional methods
Ratio that captures proportion of the original amount financed =
(Invoice Amount — Financed Amount)/Invoice Amount (i.e., the fee
that the Funder charges the Seller for the Seller’s privilege of receiving
early payment of its invoice
The number of days beyond the due date that the Seller takes until
repaying the funded amount to the Funder (i.e., Days Beyond Term)
Natural log of the invoice amount

Table A2. Correlation Matrix.

. IRR DAYS
Variable SURF  RETURN IRSIEVIZSI‘ Without DI;[;IEON BEYOND  SIZE
SURF TERM
SURF 1
RETURN —0.666 1
IRR with SURF 079 0666 1
IRR without SURF 0.141 0039 —0.130 1
DISCOUNT RATE 0174  —0592  —0.094 0115 1
DAYSBEYOND TERM  —0234  0.555 0.221 0476 0,447 1
SIZE 0136 0252 0.083 0075 0,460 0.144 1

Source: Authors” own creation.

Table A3. Internal Rate of Return comparison between using and not using the Crowdz SURF Score

for the invoice risk assessment.

Statistic IRR Without SURF IRR with SURF Difference
Mean 15.39% 16.91% 1.53%
Standard Error 0.09% 0.04% 0.11%
Median 13.77% 15.34% 2.54%
Mode 11.80% 15.29% 4.96%
Standard Deviation 12.80% 5.75% 14.69%
Sample Variance 0.02 0.00 0.02
Kurtosis 27.06 71.13 18.88
Skewness —0.65 7.59 1.32
Range 199.89% 84.90% 204.91%
Minimum —100.00% 15.00% —84.69%
Maximum 99.89% 99.90% 120.23%
Count 18,304 18,304 18,304
Confidence Level (95.0%) 0.00185 0.00083 0.00213
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WHEN USED TO GUIDE FUNDING DECISIONS, REPAYMENT OUTCOMES HIGHLY PREDICTIVE & VERY FAVORABLE

SURF SCORE CORRELATION WITH REPAYMENT OUTCOMES
Crowdz (Used SuRF Score)
Meta (Limited Reliance on SuRF Score) Fa relatio
Note: Highlighted cells below show strong correlation with SuRF Score; white cells show less correlation
# Invoices Avg Days Late % 91+ Days Late % 181+Days Late

Almost Perfect Correlation

12.8 1.28%
17.3 4.46%
#invoices  AvgDays Late % 91+ Days Late % 181+Days Late
85-94 311 40.1 17.68% 7.40%)
75-84 208 26.7 10.58% 6.25%)
65-74 42 55.4 14.29% 9.52%)
15.14%
20.52%
Combined #1Invoices  Avg Days Late % 91+ Days Late % 181+Days Late
0.18%
85-94 3,675 147 3.76% 0.68%)
75-84 1,536 214 6.58% 1.11%)
65-74 497 276 1167% 1.01%)

<65 4 55.65%
Total, 65-100 1.71%
Total, All 5.05%
Note: the above datais through May 2022

*** For Crowdz, the SuRF Score was almost perfectly correlated with repayment outcomes because of the
predictiveness of the SuRF Score and because of large sample sizes. The one cell with somewhat less
correlation is the one with the smallest sample size.

**%* Eor Meta, the SuRF Score was also correlated with repayment outcomes because of the SuRF Score's
predictiveness, even though Meta did not use the SuRF Score. The correlations were weaker for Meta because
of very small sample sizes and because Meta was very lax in collecting late repayments, particularly for Sellers
in the 85+ SuRF Score ranges.

Note: other white labels (e.g., COD, EG) have not yet generated enough results for a separate breakout.

SURF SCORE PREDICTIVENESS OF SEVERE DELINQUENCY
Crowdz (Used SuRF Score) Highly Predicti
Meta (Limited Reliance on SuRF Score) fostly P e
Note: Highlighted cells show strong SuRF Score predictiveness; white cells show less predictiveness
# Invoices Predicted % 91+ Days Late  Actual % 91+ Days Late

2.10% 1.28%
4.01% 4.46%
#Invoices  Avg Days Late % 91+ Days Late % 181+Days Late

85-94 311 3.64% 17.68% -14.04%|
75-84 208 7.38% 10.58% -3.20%|
65-74 42 11.44% 14.29% -2.85%|

539% 15.14%

1134% 20.52% -9.

i #Invoices  Avg Days late % 91+ Days Late % 181+Days Late
85-94 3675 3.64% 3.76% -0.12%|
75-84 1536 7.38% 6.58% 0.80%
65-74 497 11.44% 1167% -0.23%|

55.65%
Total, 65-100 18,771 1.71% 0.49%

Total, All 20,009 5.05% 0.77%
Note: the above data is through May 2022

*** The SuRF Score is a highly accurate predictor of severe-delinquency rates. The SuRF Score was less
predictive for Crowdz in the <65 range for other ranges because the <65 range was dominated by two Sellers,
whose repayments were largely >180 days past due, thereby somewhat skewing the results.

**** Even though Meta did not use the SuRF Score, it was still predictive of severe-delinquency rates, except
in the 85+ ranges. This lack of predictiveness was due to very small sample sizes, the dominance of a few
Sellers in these ranges, and Meta's laxness in collecting |ate repayments, particularly for Sellers in the 85+
SuRF Score ranges.

Note: other white labels (e.g., COD, EG) have not yet generated enough results for a separate breakout.

Figure A1. Repayment outcomes when using the Crowdz SURF Score.

These tables and figures present the repayment performance for invoice-funding

transactions during the time period in which the SURF Score was consistently employed

to determine funding decisions (note: during this time period, Meta, i.e., Facebook, did

not generally employ the SURF Score specifically for making invoice-funding decisions

but at least attempted to use underlying data to assess the creditworthiness of Sellers

being funded).

These tables also present the repayment performance for invoice-funding transactions

during the time period in which the SURF Score was not consistently employed to deter-

mine funding decisions (note: during this time period, Meta, i.e., Facebook, continued to

not generally employ the SURF Score for making invoice-funding decisions but also paid

significantly less attention to the potential creditworthiness of Sellers being funded).
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SURF SCORE CORRELATION WITH REPAYMENT OUTCOMES

Crowdz (Mostly Used SuRF Score) Good Correlation
Meta (Almost No Reliance on SuRF)

% 181+Days lLate

4.71%
23.40%

**Meta does not use the SuRF Score for making funding decisions. ****

#Invoices Avg Days late % 91+ Days Late % 181+Days late

Note: the above datais through October 2022.

*** When funding activities through October 2022 were taken into account, correlations between the SuRF
Score and repayment outcomes remained strong for Crowdz except in the 85-94 range. This is because Crowdz
made a business decision to continue funding invoices from a small number of Sellers in this range without
regard to their ongoing late or non-payments and their falling SuRF Scores.

**2* When funding activities through October 2022 were taken into account, correlations between the SuRF
Score and repay were further d ded for Meta, primarily because Meta's laxness in

llecting late was b ing more severe, particularly in the 85-94 SuRF Score range. Even though
samples sizes were large, late repayments were also sharply reducing Sellers’ SuRF Scores.
Note: other white labels (e.g.,, COD, EG) have not yet generated enough results for a separate breakout.

SURF SCORE PREDICTIVENESS OF SEVERE DELINQUENCY

Crowdz (Used SuRF Score) Mostly Predictive
Meta (Limited Reliance on SuRF Score)

Actual % 91+ Days Late

85-94 653 3.64% 9.76% -6.12%)
75-84 537 7.38% 1.28% 6.10%
65-74 326 11.44% 1.48% 9.96%
4.71%
23.40% 5

Combined # Invoices Avg Days lLate % 91+ Days Late % 181+Days lLate

95-100 3631 0.84% 0.53% 0.31%]|
85-94 7,388 3.64% 9.10% -5.46%
75-84 4971 7.38% 1.29% 6.09%
65-74 2631 11.44% 2.14% 9.30%

<65 8328 35.79% 33.48% 2.31%
Total, 65-100 18,621 5.19% 4.36% 0.83%
Total, All 26,949 14.65% 13.36% 1.29%

Note: the abovedata is through October 2022.

*** When funding through October 2022 was taken into account, the SuRF Score remained predictive of
severe-delinquency rates except in the 85-94 range, where Crowdz made a business decision to keep funding
invoices from a small number of Sellers in this range without regard to their ongoing late or non-payments
and their falling SuRF Scores. Outcomes were better than predicted in the 75-84 range.

**2* When funding through October 2022 was taken into account, the SuRF Score was only somewhat
predictive of severe-d elinquency rates for Meta, primarily because Meta's laxness in collections was
becoming more severe, particularly in the 85-94 SuRF Score range. Sharply declining SuRF Scores also drove
bad repayers to the bottom, making outcomes better than predicted in the 65-84 range.

Note: other white labels (e.g., COD, EG) have not yet generated enough results for a separate breakout.

Figure A2. Repayment outcomes when not using the Crowdz SURF Score.

Appendix A.2. Robustness Validation Tests

To ensure the reliability and validity of the main findings of Table 2, we conducted

a comprehensive robustness test examining potential econometric concerns that could

bias our results. Our analysis focused on four critical areas: heteroscedasticity (Table A4),
multicollinearity (Table A5), outlier sensitivity (Table A6), and temporal stability (Table A7).
The results demonstrated that our core finding—the negative relationship between SURF

Scores and returns—is robust across all specifications and validation procedures.

Table A4. Heteroscedasticity Tests.

Test (1) RETURN

(2) IRR with SURF (3) IRR Without SURF

Breusch-Pagan LM Test

x2 statistic 847.32 ***

p-value (0.000)
White Test
x2 statistic
p-value (0.000)
Robust Standard Errors Applied v

1156.89 ***

923.15 *** 1234.67 ***
(0.000) (0.000)

1287.34 *** 1567.23 ***
(0.000) (0.000)
v v

Interpretation: All models exhibited significant heteroscedasticity. Robust standard errors (Huber-White) were
applied in subsequent analyses. The superscripts *, **, and *** indicate significance at the 10%, 5%, and 1%

levels, respectively.



FinTech 2025, 4, 31

Table A5. Multicollinearity Assessment.

Variable VIF 1/VIF Assessment
SURF 1.23 0.813 Acceptable
DISCOUNT_RATE 1.45 0.690 Acceptable
DAYS_BEYOND_TERM 1.18 0.847 Acceptable
SIZE 1.67 0.599 Acceptable
Mean VIF 1.38 Low Risk

Condition Index: 8.47 (acceptable, <15). Interpretation: No evidence of problematic multicollinearity was
detected. All VIF values were <2.5 and the condition index was <15. The superscripts *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Table A6. Outlier Analysis and Winsorization Test.

Panel A. Outlier Analysis.

Outlier Detection (1) RETURN (2) IRR with SURF (3) IRR Without SURF
Observations > 3 std dev 127 (0.69%) 156 (0.85%) 234 (1.28%)
High Leverage (h > 2 k/n) 89 (0.49%) 103 (0.56%) 178 (0.97%)
High Cook’s Distance (>4/n) 23 (0.13%) 31 (0.17%) 67 (0.37%)
DFBETAS >2//n 45 (0.25%) 52 (0.28%) 98 (0.54%)
Panel B. Winsorization Test (1% and 99%).
Variable Original Coef Winsorized Coef Change

SURF (Model 1) —0.001 *** —0.001 *** 0.00%

SURF (Model 2) —0.004 *** —0.004 *** 2.50%

DISCOUNT_RATE (Model 1) —0.039 *** —0.037 *** 5.13%

Interpretation: Results are robust to outlier treatment. Coefficients remain stable after winsorization. The
superscripts *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Table A7. Temporal Stability Tests.

Panel A. Structural Break Tests.

Test Break Date F-Statistic p-Value Decision
Chow Test (COVID-19: Mar 2020) 2020-03-01 23.47 *** (0.000) Structural break
Quandt-Andrews Test 2020-11-15 28.93 *** (0.000) Structural break
CUSUM Test Multiple periods Exceeds bounds (0.021) Instability
Panel B. Sub-Period Analysis.
Period SUREF Coefficient t-Statistic R2 N
Pre-COVID-19 (Apr 2019-Feb 2020) —0.0008 *** (—18.23) 0.891 3456
Early COVID-19 (Mar 2020-Dec 2020) —0.0015 *** (—25.67) 0.847 7832
Post-COVID-19 (Jan 2022+) —0.0012 *** (—21.34) 0.873 7000
Panel C. Rolling Window Analysis (12-Month Windows).
Window End SURF Coef Std Error R? Stability
2020-12 —0.0009 0.00008 0.882 Stable
2021-06 —0.0014 0.00009 0.851 Shift
2021-12 —0.0013 0.00007 0.869 Stable
2022-06 —0.0011 0.00008 0.876 Stable
2022-09 —0.0012 0.00008 0.873 Stable

Interpretation: A significant structural break was detected around the early COVID-19 period (March 2020).
SUREF coefficient magnitude increased during crisis but stabilized post-2021. The superscripts *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

A. Standard diagnostic tests revealed the presence of heteroscedasticity across all model
specifications. The Breusch-Pagan Lagrange Multiplier test yielded x? statistics rang-
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ing from 847.32 to 1234.67, all significant at the 1% level, indicating non-constant error
variance. Similarly, White’s general test for heteroscedasticity produced x? statistics
between 1156.89 and 1567.23 (p < 0.001), confirming the presence of heteroscedasticity
in our models. This finding was not unexpected given the cross-sectional nature
of the financial-transaction data, where error variance often correlates with firm
size, transaction characteristics, or market conditions. To address this concern, we
re-estimated all models using Huber-White robust standard errors, which provide
consistent standard error estimates in the presence of heteroscedasticity of unknown
form. While the robust standard errors were systematically larger than the original
OLS standard errors, our main coefficients remained highly significant. Specifically,
the SURF Score coefficient in the return equation maintained its significance at the
1% level (t-statistic = —42.15 with robust standard errors versus —44.81 with OLS),
confirming that heteroscedasticity did not drive our core findings. The same was true
for both IRR with SURF and IRR without SURF.

Multicollinearity assessment revealed no evidence of problematic linear relationships
among our explanatory variables. The variance inflation factors (VIFs) for all variables
remained well below conventional thresholds, with individual VIFs ranging from
1.18 (DAYS BEYOND TERM) to 1.67 (SIZE) and a mean VIF of 1.38. These values
were substantially below the commonly used threshold of 5.0 and even below the
more conservative threshold of 2.5, indicating that multicollinearity was not a concern
in our specification. Additionally, the condition index of 8.47 fell well below the
threshold of 15 that would suggest moderate multicollinearity problems. The low
levels of multicollinearity enhanced confidence in the precision of our coefficient
estimates and the stability of our results.

Our outlier analysis employed multiple diagnostic measures to identify observations
that might unduly influence our results. Using studentized residuals, we identified
127 observations (0.69%) in the return model that exceeded three standard deviations
from the predicted values. Leverage analysis revealed 89 observations (0.49%) with
high leverage values exceeding the 2 k/n threshold, where k represents the number of
parameters and n the sample size. Cook’s distance identified 23 observations (0.13%)
as potentially influential, while DFBETAS analysis flagged 45 observations (0.25%) as
having a substantial impact on individual coefficient estimates. To assess the sensi-
tivity of our results to these potential outliers, we implemented winsorization at the
1st and 99th percentiles for all continuous variables. The winsorized results demon-
strated remarkable stability: the SURF coefficient in the return equation changed
by less than 0.1% (from —0.001 to 0.001), while the largest change occurred for the
DISCOUNT RATE coefficient, which shifted by 5.13% (from —0.039 to —0.037). All
coefficients maintained their statistical significance and economic interpretation after
winsorization, indicating that our findings were not driven by extreme observations.
Given that our sample period spanned significant economic disruption due to
the COVID-19 pandemic (April 2020 to September 2022), we conducted extensive
temporal stability analysis. The Chow test for structural stability, implemented with
a breakpoint at March 2020 (the onset of COVID-19 economic disruptions), yielded
an P-statistic of 23.47 (p < 0.001), providing strong evidence of a structural break.
The Quandt-Andrews unknown breakpoint test identified 15 November 2020 as
the most likely break date (F-statistic = 28.93, p < 0.001), suggesting that structural
changes occurred during the early- to mid-pandemic period. To examine the nature
of this structural change, we conducted sub-period analysis, estimating our models
separately for pre-COVID-19 (April 2019-February 2020), early COVID-19 (March-
December 2020), and post-COVID-19 (January 2022+) periods. The SURF coefficient
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exhibited variation across periods but maintained its negative sign and statistical
significance throughout. In the pre-COVID-19 period, the coefficient equaled —0.0008
(t = —18.23), intensified during early COVID-19 to —0.0015 (t = —25.67), and mod-
erated in the post-COVID-19 period to —0.0012 (t = —21.34). The R-squared values
demonstrated that model explanatory power remained high across all periods (0.847
to 0.891), suggesting that our core relationship was stable despite the magnitude
variations. Finally, the rolling window analysis using 12-month windows provided
additional evidence of temporal stability. While we observed some coefficient vari-
ation during the transition periods, the SURF Score/Return relationship stabilized
by 2021 and remained consistent through the end of our sample period. The rolling
R-squared values fluctuated minimally around their full-sample levels, indicating
that model performance was stable over time.
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Abstract: This paper assesses whether fintech mortgage lenders align pricing with borrower
risk using conforming 30-year mortgages (2012-2020). We estimate default probabilities
using machine learning (logit, random forest, gradient boosting, LightGBM, XGBoost),
finding that non-fintech lenders achieve the highest predictive accuracy (AUC = 0.860),
followed closely by banks (0.857), with fintech lenders trailing (0.852). In pricing analysis,
banks adjust the origination rates most sharply with borrower risk (7.20 basis points
per percentage-point increase in default probability) compared to fintech (4.18 bp) and
non-fintech lenders (5.43 bp). Fintechs underprice 32% of high-risk loans, highlighting
limited incentive alignment under GSE securitization structures. Expanding the allowable
alternative data and modest risk-retention policies could enhance fintechs” analytical
effectiveness in mortgage markets.

Keywords: fintech mortgage lending; risk-based pricing; default prediction; machine
learning; credit risk modeling

JEL Classification: G21; G23; G51; G55

1. Introduction

Digital lending platforms promise to replace the frictions of mortgage origination
with instant approvals, data-rich underwriting and finely tuned prices. In segments such
as unsecured consumer credit, those promises appear to hold: by ingesting alternative
variables—from cash-flow traces to digital footprints—fintech algorithms have outper-
formed legacy scorecards and expanded credit access without raising loss rates. Yet, the
largest slice of U.S. housing finance—the conforming mortgage market dominated by Fan-
nie Mae and Freddie Mac—operates inside a markedly different institutional shell. Every
loan must pass a government-sponsored enterprise (GSE) scorecard that fixes both the
information set and the modeling approach, and most credit risk is transferred to investors
within weeks via agency mortgage-backed securities. Whether a lender is a community
bank, a nationwide originator or an app-based fintech, the same standardized inputs feed
the same automated underwriting engines, and the originating institution rarely bears
long-run losses.

In the U.S. conforming mortgage market, banks refer to traditional financial institu-
tions operating under strict regulatory oversight, holding a bank charter and typically
maintaining physical branch networks. In contrast, fintech lenders are predominantly
online platforms leveraging digital technology to streamline mortgage origination, enhance
user experience and accelerate loan approval processes [1,2]. Recent studies have high-
lighted significant differences between fintech lenders and traditional banks regarding
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risk assessment capabilities, pricing strategies, and borrower targeting [3,4]. This study
specifically investigates how these two lender types differ in aligning pricing with borrower
risk within the regulated framework of U.S. government-sponsored enterprises (GSEs).
First, how accurately can lenders discriminate between borrowers who will default and
those who will not when all parties share the same mandatory data? Second, once risk is
measured, how tightly do lenders map it into interest rates, and does that mapping differ
between fintechs and incumbent banks? Answering these questions requires separating
screening—the act of predicting default—from pricing—the act of converting that predic-
tion into an interest rate. Prior work often conflates the two, using the origination APR
itself as both the lender’s risk signal and its price. Here, we deploy a two-stage empirical
framework that disentangles them: machine-learning models trained within each lender
class generate out-of-sample default probabilities, and a pooled benchmark translates those
probabilities into a fair pricing curve against which actual rates can be judged.

Leveraging 30-year fixed-rate mortgages originated from 2012 through 2020, we
find that non-fintech lenders post the highest screening accuracy (average AUC =~ 0.860),
with banks following closely (=0.857) and fintechs lagging (~0.852) despite using the
same gradient-boosting algorithms. More strikingly, banks display the steepest rate-risk
slope—about 7.1 basis points for every one percentage-point increase in predicted default
probability—and the narrowest distribution of mispricing residuals. Fintech lenders, in
contrast, exhibit a slope that is roughly 40 percent flatter (4.18 slope) and underprice
nearly one-third of the riskiest loans relative to the benchmark. The evidence suggests that
technological sophistication alone cannot overcome two structural frictions: the information
ceiling imposed by GSE scorecards and the weak incentives that arise when credit risk is
swiftly securitized.

These findings matter for both market design and consumer welfare. If alternative-
data fields were cautiously integrated into agency underwriting engines, the ceiling on
predictive accuracy might rise for all lenders, allowing genuine analytics advantages to
surface. Conversely, modest risk-retention requirements could sharpen pricing discipline
by forcing originators—fintech and bank alike—to internalize a sliver of future losses. Until
such reforms take hold, fintechs’ celebrated algorithms are likely to remain blunted in the
very market that shapes the majority of U.S. household leverage.

2. Literature Review

Fintech’s rapid rise in unsecured consumer lending is frequently attributed to its profi-
ciency in combining alternative data with machine-learning (ML) models, thus enhancing
default prediction accuracy and expanding credit access. Specifically, incorporating digital
footprint variables significantly lowers both rejection rates and subsequent delinquency
rates compared to traditional FICO-based screening methods [5]. Similarly, incorporating
even basic online behavioral signals yields considerable improvements in predictive ac-
curacy, as measured by area under the curve (AUC) [6]. Complementing this evidence,
fintech lenders have been shown to offer more finely granulated pricing of unsecured
personal loans compared to traditional banks, suggesting advanced risk differentiation
capabilities [4].

However, despite these technological advancements, mortgage markets impose in-
stitutional frictions that restrict fintech’s full potential. Within the conforming mortgage
segment, proprietary data usage by fintech lenders is constrained by standardized under-
writing systems like Fannie Mae’s Desktop Underwriter and Freddie Mac’s Loan Product
Adpvisor [7,8]. Additionally, the rapid securitization of mortgages tends to dilute incentives
for lenders to invest in granular screening processes, as documented by Keys et al. and
Acharya et al. [9,10].
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Empirical evidence regarding fintech performance in mortgage lending is somewhat
mixed. Some studies indicate efficient mortgage processing without increased default
rates [8]. Conversely, others highlight fintech lenders’ coarse pricing strategies and note
cross-subsidization within loan portfolios, suggesting limitations in fintech’s risk assess-
ment capabilities [1,3]. Furthermore, there is evidence of inclusivity shortcomings, particu-
larly affecting women, due to gaps in product suitability, transparency and trust, thereby
underscoring the importance of fairness and transparency in algorithmic design [11].

Algorithmic bias represents a critical challenge across all algorithm-driven lending
systems, including both fintech platforms and traditional banks. Such biases are attributed
primarily to skewed or incomplete training data rather than deliberate programmer in-
tent [12]. This concern aligns with findings from studies of big tech lending in China, where
algorithmic models outperform traditional credit assessments during economic downturns,
partly due to structural features like high interest rates and short maturities that mitigate
risk in unsecured lending [13,14].

Research exploring fintech’s technological edge in risk pricing further elaborates on its
potential and constraints. Some observe that fintech institutions are more responsive than
traditional banks to expansions in credit markets [15], while others discuss reintermediation
trends driven by fintech, impacting lending dynamics and borrower experiences [16]. There
are also insights into the complementary roles fintech platforms and traditional banks
play in lending markets, highlighting the distinct strengths and limitations of each [17].
Additionally, deep-learning methods have demonstrated significant potential in improving
mortgage risk prediction, reinforcing fintech’s position at the methodological forefront [18].
Complementing these methodological advancements, recent studies propose frameworks
to assess fairness in algorithmic credit scoring, addressing crucial ethical and regulatory
concerns [19].

Further complexities arise from regulatory environments. Some authors illustrate
how fintech lenders exploit regulatory arbitrage opportunities, reshaping mortgage market
dynamics and introducing competitive pressures alongside systemic risks [20]. Comple-
menting these observations, others detail how securitization processes negatively impact
distressed loan renegotiations, indicating structural barriers that fintech firms must navi-
gate [21].

Recent literature also focuses on distinguishing predictive accuracy from pricing
effectiveness. Some validate the predictive effectiveness of machine-learning models
for consumer credit risk [22]. Others examine information asymmetries prevalent in
peer-to-peer lending markets [23]. Additional studies investigate the role of machine
learning in exacerbating or alleviating disparities within credit markets [2], while others
explicitly discuss discriminatory practices and pricing inefficiencies observed among fintech
lenders [1]. Further research emphasizes the importance of clearly separating default
prediction accuracy from pricing strategies to enhance analytical clarity [6].

Against this backdrop, the current study adopts a rigorous benchmarking approach,
evaluating lender-specific screening accuracy using multiple ML classifiers. Additionally,
it introduces a pooled risk benchmark to independently assess potential mispricing in
mortgage lending. This dual-pronged methodological strategy aims to clarify fintech’s
specific limitations—whether rooted in predictive accuracy, pricing inefficiencies or a
combination of both—in the standardized and regulated conforming mortgage market.

3. Data and Sample

The dataset comprises conforming 30-year fixed-rate mortgages originated from Q1
2012 to Q1 2020, the most recent fully available public data provided by Fannie Mae
and Freddie Mac at the time of our analysis (the Fannie public data can be accessed
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here: https://capitalmarkets.fanniemae.com/credit-risk-transfer/single-family-credit-
risk-transfer/fannie-mae-single-family-loan-performance-data, and the Freddie public
data can be accessed here: http:/ /www.freddiemac.com/research/datasets/sf_loanlevel
dataset.page accessed on 16 June 2022). We restrict the sample to originations before the
widespread implementation of COVID-19 forbearance programs, which began in mid-2020
and significantly disrupted default observability by suspending delinquency reporting.
This cutoff ensures consistency in measuring loan performance and maintains the va-
lidity of our default risk modeling. We exclude loans with LTVs outside the agencies’
lending grid, as those high LTV loans are non-standard loans (the loan eligibility matrix
can be accessed at https:/ /singlefamily.fanniemae.com/media/20786/display (Fannie);
http:/ /www.freddiemac.com/singlefamily /factsheets/sell /1tv_tltv.htm (Freddie) accessed
on 16 June 2022). After excluding loans with missing covariates and non-standard LTVs, the
analysis sample comprises 6.3 million observations. The summary statistics are presented
in Table 1, and detailed variable definitions are presented in Appendix A.

Table 1. Summary Statistics by Lender Group. This table reports summary statistics for borrower
and loan characteristics (Panel A) and subsequent loan performance outcomes (Panel B) across
three lender types: Banks, Non-Fintech Non-Banks and Fintechs. All figures are computed at loan
origination unless otherwise noted.

(A) Origination Characteristics

Variable Bank Bank Non-Fintech Non-Fintech Fintech Fintech
Mean Std Mean Std Mean Std
Origination Rate (%) 4.34 0.53 4.30 0.53 4.34 0.51
Origination Balance ($) 241,827 129,780 267,520 130,120 250,602 134,174
Original LTV (%) 73.38 16.30 75.92 15.76 72.99 16.01
Original CLTV (%) 74.29 16.02 76.40 15.58 73.34 15.89
Debt-to-Income Ratio (%) 33.81 9.08 35.29 9.09 35.65 8.97
FICO Score 756.24 43.69 750.60 44.74 742.37 47.96
Refinance (%) 53.63 49.87 47.05 4991 69.87 45.88
First-Time Buyer (%) 17.63 38.11 21.26 40.92 12.70 33.29
Number of Borrowers 1.54 0.51 1.50 0.52 1.47 0.51
Mortgage Insurance (%) 22.32 41.64 30.21 45.92 24.65 43.10
Investment/Second Property (%) 12.35 32.90 12.88 33.50 9.67 29.56
MSA Unemployment Rate (%) 6.81 2.72 5.17 2.18 4.96 1.94
MSA Real Personal Income ($) 46,999.64 7158 48,890.73 7396 49,446.05 7753
AMSA Unemployment Rate (%) —0.50 0.77 —0.60 0.55 —0.58 0.52
AMSA HPI 0.0162 0.0543 0.0485 0.0420 0.0490 0.0359
(B) Loan Performance Outcomes
30 DPD in 12 Months (%) 2.23 14.76 3.62 18.67 2.68 16.16
30 DPD in 24 Months (%) 3.97 19.53 6.39 24.45 4.63 21.02
30 DPD in 36 Months (%) 5.19 22.17 8.02 27.17 5.57 22.93
90 DPD in 12 Months (%) 0.14 3.76 0.24 4.85 0.30 5.48
90 DPD in 24 Months (%) 0.44 6.60 0.64 7.97 0.80 8.89
90 DPD in 36 Months (%) 0.72 8.47 0.93 9.60 1.11 10.49
Prepaid in 12 Months (%) 6.97 25.46 9.08 28.73 11.10 31.42
Prepaid in 24 Months (%) 17.87 38.31 18.16 38.55 22.87 42.00
Prepaid in 36 Months (%) 28.85 45.31 28.33 45.06 34.27 47.46

Lenders were classified based on their regulatory identifiers and operational charac-
teristics. Specifically, banks have a bank charter and a Research, Statistics, Supervision
and Discount (RSSD) identifier issued by the Federal Reserve, while fintech lenders are
identified as non-bank entities whose mortgage origination processes are predominantly
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completed online, following previous studies [8,20,24,25]. The analysis employs borrower
FICO scores, which represent widely recognized creditworthiness measures in the U.S. A
FICO score is a three-digit number, typically ranging from 300 to 850, calculated based on
an individual’s credit history—including payment history, amounts owed, length of credit
history, new credit and credit mix—and is widely used by lenders to assess the likelihood
of timely loan repayment.

Panel A of Table 1 presents key origination characteristics of conforming 30-year fixed-
rate GSE mortgages. Fintech lenders tend to originate loans with slightly lower FICO scores
and loan-to-value (LTV) ratios compared to banks and non-fintechs. Fintech loans have a
higher proportion of refinances (70%) and lower first-time homebuyer rates. Banks lend in
areas with higher unemployment rates and lower real income, while fintechs originate in
higher-income, lower-unemployment metros.

Panel B of Table 1 summarizes loan performance across groups. Fintech loans exhibit
lower delinquency rates at 12 and 24 months compared to non-fintechs but slightly higher
than banks. Notably, fintechs demonstrate higher prepayment rates across all horizons,
consistent with more tech-savvy borrowers or aggressive rate-shopping behavior.

These patterns suggest that fintech lenders target a different risk-return profile, possi-
bly emphasizing refinance opportunities and faster prepayment cycles, while maintaining
comparable or lower default risk relative to traditional lenders.

4. Methodology

We employ a two-stage empirical framework, distinctively separating default predic-
tion (screening) from interest rate setting (pricing). This separation allows clear identifi-
cation of how lenders translate borrower risk into pricing decisions—an advantage over
approaches conflating these tasks [1]. To ensure model robustness and mitigate overfitting,
the hyperparameters for each model were carefully tuned through 3-fold cross-validation
within the training data. The use of out-of-sample area under the ROC curve (AUC) scores
further validates model generalizability. While the primary evaluation metric is AUC,
we acknowledge precision-recall curves as another valuable evaluation tool, particularly
useful in future extensions of this research.

4.1. Stage One: Lender-Specific Default Prediction and AUC Evaluation

Let the binary variable Y; indicate whether loan i becomes 90 or more days delinquent
within 36 months of origination. We denote by x; the vector of borrower- and loan-level
features available at origination (e.g., FICO score, loan-to-value ratio, debt-to-income ratio).

For each lender group ¢ € {Bank,Non — Fintech, Fintech}, we split the data into
training (70%) and test (30%) subsets using stratified random sampling. We then estimate
the probability of default using five different machine-learning models: logistic regression
(logit), random forest (RF), LightGBM (LGBM), XGBoost (XGB) and gradient-boosting
classifier (GBC).

We select these models to balance interpretability, robustness and predictive power.
Logistic regression serves as a benchmark due to its simplicity and transparency. Tree-
based models are included due to their ability to capture non-linear relationships and
interactions among features, which are common in mortgage risk prediction. Gradient-
boosting variants (GB, XGBoost, LightGBM) are especially suited for handling imbalanced
classification problems and high-dimensional tabular data. The models employed in
this study are widely used in credit and mortgage risk modeling. Their effectiveness in
accurately predicting mortgage defaults has been demonstrated in prior research [13,18,24],
supporting their application in our comparative analysis.
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Each model is trained separately for each lender group to allow for group-specific
patterns in default behavior. To ensure fair comparison and optimal performance, we tune
the hyperparameters for each model using 3-fold cross-validation within the training data.
The hyperparameters are selected based on the highest cross-validated AUC score. For
example, the regularization strength C is tuned for logistic regression, while the number
of estimators, learning rate and maximum tree depth are tuned for tree-based models.
Technical descriptions of all models are provided in Appendix B, while the full list of
candidate hyperparameter values and the selected configurations by lender group are
reported in Appendix C.

For observation i in group g, the predicted probability of default is denoted by

Pig = fo(xi).

where p;, is the predicted probability that loan i defaults, while f; represents the machine-
learning model trained and tuned specifically for lender group g.

To measure predictive accuracy, we rely on the area under the ROC curve (AUC).
Although the AUC lacks a single closed-form expression for binary classifiers, it can be
interpreted as the probability that a randomly chosen “positive” (defaulted) loan receives a
higher predicted default probability p; ; than a randomly chosen “negative” (non-defaulted)
loan. We evaluate each of the five models on the test set and select the best-performing
model (the one with the highest AUC) for subsequent analysis within each lender group.
Finally, we compute the chosen model’s out-of-sample AUC. A higher AUC, indicates
stronger discriminative power in identifying high-risk borrowers for lender group g.

4.2. Pooled Model and Predicted Risk Scores

Although we obtain separate predictions p; , by training on each lender group sepa-
rately, we also want a uniform risk benchmark that does not depend on the lender’s own
pricing or underwriting. To do this, we train a single best-performing “pooled” model on

—

all loans from all lenders, denoted by fP°°led, This model likewise uses only borrower- and
loan-level features available at origination (excluding interest rates to preserve exogene-
ity). Formally,

—

proctet = frooled (),
This pooled measure pfoaed is our baseline estimate of each borrower’s default risk,
unaffected by which lender originated the loan. The pooled model is trained on 70% of
the combined dataset and then used to predict default probabilities for the full sample.

We implement fPooled ysing LightGBM, the best-performing machine-learning algorithm
identified in the group-specific training stage. This pooled measure pf ooled gerves as our
baseline estimate of borrower risk, independent of the originating lender.

4.3. Pricing Alignment Analysis

To test whether lenders set interest rates in proportion to exogenous risk, we compare

the actual loan interest rate 7; to the pooled default probability pPOOled

1

. We employ two
complementary approaches:

1. We sort loans into deciles by pfoomd. Within each decile d € {1,...,10}, calculate the
average predicted default probability p; and the average interest rate 7;. Plotting 7
against p,; for banks, non-fintech non-banks and fintechs reveals how steeply rates
rise as risk increases; a steeper, more linear curve indicates tighter risk-based pricing,
whereas a flatter curve signals weaker sensitivity.
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2. We estimate a lender-group-specific linear regression of the form

—

led
r = oc—i—ﬁpfooe + &;.

The slope (3 captures the marginal change in the interest rate associated with a one-unit
increase in predicted default probability. A larger 3 reflects stronger risk-based pricing.
Comparing (3 across groups therefore shows which lenders adjust rates most sharply in
response to borrower risk.

4.4. Mispricing Residual Analysis
Even if average rates rise with default probability, individual loans may be over- or
underpriced relative to a benchmark pricing curve. To quantify this, we first estimate

-

pooled m
pi = fP (xi),

using all loans in a pooled regression (across all lenders). We define the fitted rate for loan
ias

—~ ooled
fi=votvipl o,

and then compute the residual (mispricing) for each loan

€ =1;—T;.

A negative €; means that the loan is underpriced (the lender charged a lower rate
than the risk-based benchmark), while a positive €; implies that the loan is overpriced.
Aggregating these residuals by lender group reveals whether fintechs, banks or non-fintech
lenders systematically deviate from risk-based prices.

5. Results
5.1. Screening Accuracy

Figure 1 and Table 2 report the out-of-sample AUCs of five machine-learning
classifiers—logistic regression (logit), random forest (RF), LightGBM (LGBM), XGBoost
(XGB) and gradient-boosting classifier (GBC)—estimated separately for banks, non-fintech
non-banks and fintech lenders.

Table 2. Out-of-Sample AUC Scores by Model and Lender Group. This table reports the out-of-sample
area under the curve (AUC) scores for five machine-learning models—logistic regression (logit), ran-
dom forest (RF), LightGBM (LGBM), XGBoost (XGB) and gradient-boosting classifier (GBC)—trained
to predict 36-month mortgage default probabilities. Models were estimated separately for bank,
non-fintech and fintech lenders using conforming loan data originated between 2012 and 2020.

Model Bank AUC Non-Fintech AUC Fintech AUC
Logit 0.8548 0.8565 0.8467
RF 0.8530 0.8568 0.8462
LGBM 0.8571 0.8600 0.8522
XGB 0.8567 0.8599 0.8532
GBC 0.8561 0.8600 0.8517

Across all lender types, LightGBM consistently posts the highest—or statistically
indistinguishable second-highest—AUC, confirming its superior ability to separate default-
ers from non-defaulters. Averaging over the five models, non-fintech lenders attain the
best overall predictive accuracy (mean AUC ~ 0.860), banks follow closely (=0.857), and

39



FinTech 2025, 4, 23

fintechs lag (~0.852). Performance within non-fintech and fintech groups is remarkably
stable across the three gradient-boosting methods (LGBM, XGB, GBC), whereas logistic
regression and random forest score a few hundredths lower. Banks show the greatest
spread, with a distinct dip for random forest and a recovery under boosting algorithms.

Out-of-Sample AUC by Model and Lender Group
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Figure 1. Out-of-Sample AUC by Model and Lender Group. This figure compares the predictive
performance of five machine-learning classifiers—logistic regression (logit), random forest (RF),
LightGBM (LGBM), XGBoost (XGB) and gradient-boosting classifier (GBC)—across three lender
groups: banks, non-fintech non-banks and fintech lenders. The AUC scores reflect each model’s
out-of-sample ability to distinguish between default and non-default mortgage loans originated from
2012 to 2020.

Taken together, the evidence highlights tree-based boosting—especially Light GBM—as
the most reliable modeling choice for high-dimensional mortgage credit data across all
lender categories.

5.2. Pricing Alignment

Next, we examine whether interest rates align with the pooled model’s default proba-

—_—
poole

bility p;
Figure 2 plots the average origination rates against decile-level predicted default

d . . . led .
. A linear regression of interest rate on p?oo “? yields

poole

probabilities p;
default probability across deciles of estimated risk, separately for banks, non-fintech non-

4. This figure plots the average interest rate against the average predicted

banks and fintech lenders. Each point represents the mean interest rate and mean predicted
risk within a decile. The upward-sloping curves reflect positive pricing alignment—higher-
risk borrowers are charged higher rates. However, the steepness and level of each curve
differ across lender types. Banks exhibit the highest average rates and the steepest pricing
gradient, suggesting stronger risk-based pricing. In contrast, non-fintech and fintech
lenders show flatter slopes, indicating weaker sensitivity of pricing to estimated borrower
risk. The results show that banks consistently charge the highest interest rates across all
deciles, followed by fintech and then non-fintech lenders.

Table 3 presents the results from lender-type-specific OLS regressions of interest
rates on the predicted default probability (PD). All coefficients on (PD) are statistically
significant at the 1% level, confirming that lenders positively adjust pricing in response
to borrower risk. Among the three groups, banks exhibit the steepest pricing sensitivity,
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with a coefficient of 7.19, indicating a strong alignment between risk and rate. Non-fintech
lenders also show meaningful alignment (5.43), while fintechs apply the shallowest pricing
slope (4.18). These results suggest that banks price risk more aggressively, whereas fintech
lenders exhibit relatively weaker sensitivity to borrower default risk, despite operating with
modern algorithms. Notably, the R-squared values remain low across all regressions (4-5%),
consistent with the fact that much of the interest rate variation is driven by factors beyond
the modeled credit risk, including competition, borrower characteristics not captured in
(I§I\D) and loan features.

Interest Rate vs. Predicted Default Risk (Deciles)
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Figure 2. Interest Rate vs. Predicted Default Risk by Lender Group. This figure plots the average
mortgage interest rate against the average predicted default risk across deciles of risk scores for three
lender groups: banks (green), non-fintech non-banks (orange) and fintech lenders (blue). The curve
indicates the extent to which each lender group aligns pricing with borrower risk. Banks show a
steeper increase in rates as risk rises, while fintech and non-fintech lenders exhibit flatter curves,
suggesting less responsive pricing to predicted risk levels.

Table 3. OLS Regression of Interest Rate on Predicted Default Probability. This table presents
results from ordinary least squares (OLS) regressions of mortgage interest rates on predicted default
probabilities (PD), estimated separately for each lender group. The intercept represents the baseline
interest rate when the predicted default is zero, and the coefficient captures the marginal effect of
default probability on pricing (i.e., the risk-based pricing gradient). R-squared indicates the model’s
explanatory power. The Akaike information criterion (AIC) reflects model fit, with lower values

indicating better fit.
Lender Type Intercept (const)  Coefficient on PD R-Squared AIC Observations
Bank 4.2735 7.1977 0.041 7,190,000 4,649,821
Non-Fintech 4.0885 5.4337 0.053 1,488,000 1,150,726
Fintech 41711 4.1804 0.046 558,100 485,519

5.3. Mispricing Summary

Using the fitted pricing curve as a benchmark, we compute the mean residuals and
the share of loans classified as under- or overpriced.
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Table 4 reports summary statistics on interest rate mispricing, calculated as the differ-
ence between the actual interest rate and the fair rate predicted by the pooled PD-based
pricing model. Banks exhibit a small positive average mispricing of +4.6 basis points,
indicating a slight tendency to overcharge relative to risk. In contrast, both fintech and
non-fintech lenders show negative average mispricing (-8.2 and -15.1 basis points, re-
spectively), suggesting systematic underpricing of riskier borrowers. The share of under-
priced loans is highest among fintech lenders (32.02%), followed closely by non-fintechs
(29.99%), while their shares of overpriced loans remain relatively low (13.5% and 15.37%,
respectively). These results imply that banks adhere more closely to risk-based pricing,
while alternative lenders—especially non-fintechs—tend to offer below-benchmark rates to
higher-risk borrowers, potentially reflecting either competitive strategies or less precise
risk-pricing mechanisms.

Table 4. Mispricing Statistics by Lender Group. This table reports summary statistics of interest
rate mispricing relative to a pooled benchmark model across three lender groups: banks, fintech
lenders and non-fintech non-bank lenders. Mean mispricing reflects the average difference between
the observed rate and the benchmark-implied rate (positive values indicate overpricing; negative
values indicate underpricing). The percentage of underpriced and overpriced loans is calculated
based on the tails of the mispricing distribution (e.g., below the 5th and above the 95th percentile).

Lender Group Mean Mispricing Std. Dew. % Underpriced % Overpriced
Bank 0.0466 0.5245 21.60% 25.87%
Fintech -0.0851 0.4319 32.02% 13.50%
Non-Fintech -0.1524 0.462 29.99% 15.37%

6. Discussion

Three forces jointly explain fintech lenders” muted alignment of price and risk
in conforming mortgages. First, regulatory constraints limit informational flexibility.
Specifically, every conforming mortgage loan must clear the standardized underwrit-
ing systems—Fannie Mae’s Desktop Underwriter (DU) or Freddie Mac’s Loan Product
Advisor (LPA). These automated platforms employ strict and uniform “scorecards” that
evaluate borrower risk based on predetermined criteria, such as credit scores, loan-to-value
ratios and debt-to-income ratios. Critically, these scorecards do not accept proprietary
fintech data or alternative risk indicators—such as real-time cash flow, rental payments or
utility bill histories—that have significantly enhanced predictive accuracy in unsecured
lending markets. Consequently, even the most advanced fintech algorithms can achieve
only incremental improvements within this rigid framework, restricting the ability to
differentiate borrower risks more effectively.

Second, incentive misalignment compounds this regulatory rigidity. Fintech and
other non-bank lenders primarily use warehouse funding, originating loans intended for
rapid sale into securitization pools backed by government-sponsored enterprise (GSE)
guarantees. This originate-to-distribute model shifts the long-term credit risk to MBS
investors, significantly weakening incentives for precise risk-based pricing. The immediate
rewards from slightly lower rates and higher origination volume thus outweigh the long-
term, dispersed default costs, making systematic underpricing rational from a business
growth perspective.

Third, competitive positioning further shapes these pricing dynamics. Fintech lenders
differentiate themselves through speed, streamlined user experiences and digital conve-
nience, whereas traditional banks leverage brand recognition, customer trust, cross-selling
opportunities and rigorous regulatory oversight. Banks also frequently retain loan servicing
rights and face capital requirements that strongly incentivize accurate upfront risk pricing.
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This strategic and regulatory alignment explains why banks consistently display steeper
rate-risk slopes compared to fintech lenders.

These dynamics underscore the structural limitations in algorithmic credit scoring
when underwriting decisions are decoupled from long-term financial accountability. How-
ever, targeted policy reforms could significantly enhance fintech lenders’ alignment be-
tween pricing and borrower risk. First, modernizing GSE underwriting scorecards to allow
carefully verified alternative data—such as rental payments, utility histories or verified
real-time financial transaction data—could meaningfully expand the informational scope,
enabling more nuanced borrower risk differentiation. Second, introducing modest risk-
retention requirements, where lenders must retain a small percentage (e.g., 5%) of each
originated loan’s risk, would align lenders’” incentives with long-term loan performance
without compromising the liquidity benefits provided by agency mortgage-backed securi-
ties. Such requirements echo existing regulatory frameworks like the Dodd—Frank Act’s
risk-retention rules and could substantially strengthen pricing discipline.

The findings also suggest several promising directions for future research. One avenue
is examining whether fintech lenders demonstrate superior performance in private-label
or non-conforming mortgage segments, where underwriting standards are more flexible,
and lenders retain greater exposure to loan outcomes. Another research direction involves
evaluating the broader welfare implications: specifically, does fintech-driven underpricing
sustainably enhance homeownership access, or does it merely shift default risks onto
government-supported entities and, ultimately, taxpayers? Finally, analyzing operational
efficiencies in post-origination loan servicing may reveal whether fintech lenders provide
measurable value that offsets weaker initial pricing accuracy. By explicitly separating
default prediction from risk-based pricing, our analytical framework provides a useful
template for exploring these critical questions in other regulated credit markets.

7. Conclusions

This study provides robust, causal evidence that fintech mortgage lenders lag behind
traditional banks in both screening accuracy and risk-based pricing, even when all parties
operate under the same GSE-mandated information regime. Using five state-of-the-art
machine-learning models that are rigorously tuned via cross-validation and evaluated out-
of-sample, we document a systematic performance gap (best-model AUC: 0.852 for fintechs
vs. 0.857 for banks). A two-stage framework that cleanly separates default prediction from
pricing further reveals that banks adjust rates by 7.2 basis points for every percentage-point
increase in predicted default probability, whereas fintechs adjust them by just 4.2 bp. These
patterns persist across more than six million conforming loans originated between 2012
and 2020, underscoring the scientific soundness and external validity of our results.

The findings carry broad international relevance. Many mortgage markets—from
Canada to the U.K. and Australia—share two key features of the U.S. conforming segment:
(i) highly standardized, regulator-approved underwriting algorithms and (ii) rapid securiti-
zation that shifts future credit losses off lenders’ balance sheets. In such environments, data
ceilings and weak ex-post incentives can blunt the very technologies that drive fintech’s
success in unsecured credit. Policymakers worldwide can therefore draw two actionable
lessons. First, cautiously expanding the set of verifiable alternative data (e.g., rental pay-
ment histories, transaction-level cash-flow data) that government or quasi-government
underwriting systems accept would raise the ceiling on predictive accuracy for all lenders.
Second, modest risk-retention rules—mirroring the 5% “skin-in-the-game” standard in
other securitized asset classes—would strengthen price discipline without unduly inhibit-
ing secondary-market liquidity. Together, these reforms could unlock fintech’s analytic
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potential while safeguarding systemic stability, rendering our results pertinent well beyond
the U.S. context.
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Appendix A. Variable Definition

Variable

Definition

Borrower and Loan Characteristics

Origination Rate

Origination Balance ($ Thousand)
Original Loan-to-Value Ratio (OLTV)
Original Combined LTV (OCLTV)

mortgage note

The dollar amount of the loan as stated on the note at the time the loan

was originated
Loan amount divided by the value of property at origination

origination divided by the value of property

The original interest rate on a mortgage loan as identified in the original

The amount of all known outstanding loans (including home equity) at

Debt-to-Income Ratio
FICO Score
Refinance

Cash-Out Refinance

Non-Cash-Out Refinance
Purchase
First-Time Home Buyer

Number of Borrowers
Has Mortgage Insurance

Mortgage Insurance Unknown

Primary Residence

Loan amount divided by borrower income at origination

Borrower’s FICO score at origination

Indicator variables for whether the loan is a home refinancing or not
Indicator variables for whether the loan is a cash-out refinance or not
Indicator variables for whether the loan is a non-cash-out (rate) refinance
or not

Indicator variables for whether the loan is a home purchase or not

An indicator that denotes whether the borrower or co-borrower qualifies as
a first-time homebuyer

The number of individuals obligated to repay the mortgage loan
Indicator variables for whether the loan has mortgage insurance or not
Indicator variables for whether the loan’s mortgage insurance status

is unknown

An indicator that denotes whether the property occupancy status is for
primary residence or not
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Variable Definition

An indicator that denotes whether the property occupancy status is for
Investment or Second Property .
secondary home/investment purpose or not

Indicator variables for whether the loan is originated through the
Correspondent Channel
correspondent channel or not
Retail Channel Indicator variables for whether the loan is originated through the retail
channel or not
Broker Channel Indicator variables for whether the loan is originated through the broker
channel or not
MSA Macroeconomic Indicators
Unemployment rate by metropolitan statistical area, seasonally adjusted;
MSA U 1 t Rat
nempioyment Rate obtained from the U.S. Bureau of Labor Statistics
MSA Real Personal Income Rea.l p.er-caplta persF)nal income (chained 2012 dollal.rs) by me’Fropohtan
statistical area; obtained from the Bureau of Economic Analysis
Loan Performance
Indicator variables for whether the loan is 30 (60/90) days past due within
12 (24/36) months after origination

Indicator variables for whether the loan is prepaid within 12 (24/36) months

30 (60/90) DPD in 12 (24/36) Months

Prepaid in 12 (24/36) Months o
after origination

Appendix B. Detailed Machine-Learning Models for Credit
Risk Modeling

1.  Logistic Regression (LR)

Objective Function: The goal of logistic regression is to find the best fitting model to
describe the relationship between the dichotomous characteristic of interest (dependent
variable) and a set of independent (predictor or explanatory) variables. Logistic regression
does this by estimating probabilities using a logistic function, which is a cumulative
logistic distribution.

N
L() = ;,;[yilog(r)i) + (1 —yi)log(1 —pi)]

1

Here, L(B) is the logistic loss function; N is the number of observations; y; is the actual
outcome; and p; is the predicted probability of the outcome being 1 for the ith observation.
The B coefficients are estimated during the training process.

Hyperparameters:

e  Regularization type (L1, L2, ElasticNet): Determines the type of regularization applied
to the model to prevent overfitting by penalizing large coefficients.

e  Regularization strength: Controls the magnitude of the regularization term. A larger
value specifies stronger regularization.

e Solver: The algorithm used for optimization (e.g., liblinear, sag, saga, newton-cg).
Different solvers are suitable for different types of data and different regulariza-
tion methods.

2. Random Forest (RF)

Objective Function: Random forest aims to reduce overfitting in decision trees by
averaging multiple decision trees” predictions, trained on different parts of the same
training set, with the goal of improving the overall accuracy. A random forest algorithm
does not have a single formula due to its ensemble nature, but it operates by building
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multiple decision trees and merging their predictions. The decision of the majority of trees
is chosen by the random forest as the final prediction.
Hyperparameters:

e  Number of trees: The number of trees in the forest. More trees increase prediction
stability but also computational complexity.

e  Max depth: The maximum depth of the trees.

e  Min samples split: The minimum number of samples required to split an internal node.

e  Min samples leaf: The minimum number of samples required to be at a leaf node.

3. Gradient-Boosting Machine (GBM)

Objective Function: GBM aims to minimize the loss function by sequentially adding
weak learners using a gradient descent algorithm. Each new model incrementally decreases
the loss function (e.g., mean squared error for regression tasks) of the entire system.

Fun(x) = Fp—1(x) + pmhm (x)

Here, F;,;(x) is the boosted model’s prediction at iteration m1; F,,_1(x) is the prediction
from the previous iteration; i, (x) is the weak learner added at iteration m; and p,, is the
learning rate.

Hyperparameters:

e Learning rate: Determines how corrections are performed in the model with each
added tree.

e  Number of learners: The total number of trees to be built.

e  Max depth of trees: The depth limit for each tree, controlling overfitting.

4. LightGBM

Objective Function: Similar to GBM, LightGBM also focuses on minimizing the loss
function but does so more efficiently for large datasets by using gradient-based one-side
sampling and exclusive feature bundling.

Hyperparameters:

Number of leaves: The maximum number of leaves in one tree.

Learning rate: Speed of model learning.
Min data in leaf: The minimum number of records a leaf may have.

Feature fraction: The fraction of features to be used for each tree, preventing overfit-
ting.

5. XGBoost

Objective Function: XGBoost aims to minimize the regularized loss function that
includes both a loss term and a regularization term, which helps in controlling overfitting
more effectively than traditional GBM.

Fu(x) = Fp1.(%) + ot (x) + AQ (I

In this formula, Q)(h,,) represents the regularization term applied to the model /,,,
adding a penalty for complexity to improve model generalization.
Hyperparameters:

e  Learning rate (eta): Determines the step size at each iteration to prevent overfitting.

e  Max depth: Maximum depth of a tree; increasing this value will make the model more
complex and more likely to overfit.

e  Subsample: The fraction of samples to be used for fitting the individual base learners.

e Colsample_bytree: The fraction of features to be used for each tree.
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Appendix C. Tuned Hyperparameters by Model and Lender Group

Notes: All models use n_estimators = 100. The learning rate (Ir) and maximum tree
depth (depth) were tuned from grids: Ir € {0.05, 0.1}, depth € {3, 6}. Logit models were
tuned over C € {0.01, 0.1, 1, 10}. Random forests were tuned over max_depth € {3, 6, 10}.

Lender Logit (C RF LGBM XGB GBC

Group ogit (C) (max_depth)  (Ir/depth) (Ir/depth) (Ir/depth)
Bank 0.1 10 0.1/3 0.1/3 0.1/3
Non- 0.1 10 0.05/3 0.1/3 0.05/3

Fintech

Fintech 0.1 10 0.05/3 0.1/3 0.1/3
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Abstract: The Lithuanian financial technology (referred to as FinTech) sector is one of
the fastest-growing financial technology centers in Europe; however, this sector faces
economic, regulatory, and technological challenges that hinder its development. This
article aims to assess the state of development of Lithuania’s FinTech sector, identify
the main challenges, and provide recommendations to promote the development of the
sector. This study uses quantitative indicators, inter-criteria correlation, multi-criteria
evaluation methods, and SWOT analysis. This article’s results will help identify the key
factors that influence the growth of the FinTech sector in Lithuania and will be useful in
shaping the sector’s further development strategy. The results of this study revealed that
factors such as favorable regulation influence the FinTech sector in Lithuania the most,
strengthening the innovation ecosystem and attracting international investments. However,
the sector still faces challenges such as a lack of skilled labor, ensuring cybersecurity, and
constant regulatory adaptation to new technologies. Based on the results of this study;, it is
recommended to pay more attention to educational programs aimed at training technology
specialists, to promote cooperation between the public and private sectors, and to further
improve the regulatory environment to ensure the sustainable and safe development
of FinTech.

Keywords: development; economic factors; fintech; fintech sector; guidelines; regulation;
technological innovations

JEL Classification: G20; G23; O16; O33

1. Introduction

The digital revolution has driven technological advances over the past few decades
that have fundamentally transformed financial markets and services [1,2]. The result of
these changes is a significant change in traditional financial processes, such as mobile
payments, money transfers, borrowing, raising financing, and asset and investment man-
agement [3]. These changes lead to the rapid development of financial technology and
significant changes in traditional financial systems, making financial transactions more
efficient, easier, and cheaper. FinTech companies, taking advantage of these innovations,
offer consumers more convenient and technology-based financial services. Globally, the
FinTech sector is expanding rapidly, becoming an essential element of the financial system,
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and opening new opportunities for both businesses and consumers [4]. A financial services
revolution is underway [5], and innovations such as artificial intelligence, blockchain tech-
nologies, and open banking continue to transform the sector, providing the opportunity to
manage data more efficiently, ensuring greater security, and creating new financial service
models. However, in a rapidly changing world of technology, any innovation can unex-
pectedly change market dynamics and influence the future of the sector. Nevertheless, the
development of the FinTech sector in Lithuania is limited by certain economic, regulatory,
and technological factors that prevent the country from maintaining its competitiveness in
the international market [6]. Therefore, Lithuania needs to adapt to these rapidly changing
circumstances and ensure that the FinTech sector can continue to grow and exploit the
opportunities provided by innovation. This article fills the knowledge gap about FinTech
development in Lithuania. A few companies are presented that implement the principles
of FinTech, but it is also important to present the main challenges that the FinTech sector in
Lithuania faces.

This article examines the following question: what are the main challenges that
the FinTech sector in Lithuania faces, and how can they be overcome to promote the
development of the sector?

The subject of this article is Lithuania’s financial technology sector.

This article aims to assess the development of the Lithuanian FinTech sector and iden-
tify the main challenges and opportunities to implement national development guidelines.

The following are tasks for achieving this goal:

e  Analyze theoretical models of financial technology development to understand their
impact on the country’s economy and the development of the financial sector.

e Develop a research methodology that would allow for a systematic assessment
of the factors of the development of the FinTech sector in Lithuania, based on
quantitative indicators.

e  Conduct an empirical study in order to identify the main factors that promote or limit
the development of the FinTech sector in Lithuania and assess their impact on the
growth of this sector.

The methods used in this article to answer the above question include an analysis
of the scientific literature and theoretical statements, the collection of secondary material,
and information processing. Comparative data analysis, inter-criteria correlation (CRITIC
method), the multi-criteria complex proportional assessment (COPRAS) method, and
SWOT analysis are performed, and a priority order of sectors is formed.

2. The Concept and Main Factors of Financial Technologies

The digital transformation highlighted by the Fourth Industrial Revolution has led
to the emergence of sophisticated technology-based financial services, known as FinTech,
which has rapidly transformed the traditional financial services space. The Fourth In-
dustrial Revolution has created an emerging environment in which more disruptive and
digitally transformative technologies such as the Internet of Things, augmented reality,
and artificial intelligence are changing the way we live [7,8]. This revolution has also
permeated the financial industry, leading to the emergence of FinTech, which is mainly
characterized by the emergence of technological innovations that help develop new prof-
itable business ideas related to financial services [9,10]. FinTech can be interpreted as the
application of information technology in the fields of finance, financial innovation, and
digital innovation. Essentially, FinTech is an abbreviation for financial technology, which
has emerged because of the application of innovative technologies. The global adoption
of FinTech is growing rapidly due to its nature, as FinTech principles are mostly applied
by those who want to change the essence of traditional financial services and promote
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the emergence of a digital revolution. FinTech is one of the most important innovations
in the financial services industry, driven by the sharing economy, regulation, policy, and
information technology [11,12].

The development of FinTech benefits from general advances in many areas, such as
blockchain, big data, machine learning, artificial intelligence, and the digital economy [13],
which have particularly influenced the overall economic growth of many countries. A
new generation of investment banking and retail companies has perfectly combined the
power of the Internet and convenient smartphones [14]. Banking applications have allowed
customers to perform digital technological transactions and weakened bank protocols,
making banks easier to access online than using traditional methods [15]. The higher
the level of the development of financial technology services, the greater the challenges
for businesses.

The FinTech business model also focuses on payment and lending services. In addition,
it includes personal financial advisory services, crowdfunding, virtual currencies, and
security (e.g., cybersecurity) [11]. Online lending services have caused controversy in
communities, including moral hazard, loan default, and information asymmetry. As a
result, regulators are encouraging innovation in the financial sector and applying consumer
protection and risk management principles to ensure that every consumer receives safe
and appropriate financial services.

The development of FinTech has not replaced traditional finance but has solved many
complex problems that have prevented the poor from accessing financial products. The
synergy of FinTech power and traditional financing methods has improved cash flow
management, and this has been especially evident during the COVID-19 pandemic [16].
The author of [17] investigated the importance of FinTech advancements in helping people
to recover faster from the economic shocks caused by the COVID-19 pandemic, so over the
past few years, FinTech innovations have enabled financial stability and social responsibility
in a pandemic-stricken world.

FinTech companies are growing rapidly around the world because their innovative
services are simple and creatively use new digital technologies. This poses a significant
threat to incumbents because their traditional way of providing financial services is complex
and subject to strict rules set by regulatory boards. Thus, existing operators need to think
about strategic alliances that could be collaborative or competitive, depending on their
business objectives. Given that FinTech has found the right balance between innovation
and efficiency and risk management [18,19], in most countries, authorities and central
banks, especially in the last three years, have started to implement FinTech technologies in
the provision of financial services. It follows that FinTech innovations have led to positive
financial intermediation and economic productivity.

In summary, it can be stated that the development of FinTech has a positive effect on
economic productivity and encourages improvement in the process of providing financial
services and the quality of the provision of financial services themselves to make them
accessible to every consumer and make traditional financial services even more qualitative.
It is necessary to promote closer cooperation between traditional banks and FinTech compa-
nies for banks to become more innovative and, by applying innovative technologies, gain
more loyal customers who can enjoy the fast and reliable financial services they receive.

2.1. The FinTech Ecosystem and the Situation of This Sector in Lithuania

The rapid development of FinTech has led to the emergence of new business models
and products that could challenge traditional financial institutions and have an impact
on financial stability [20]. The development of FinTech has led to the emergence of new
business models, the application of new technologies, and the introduction of innovative
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products and services to the market, which has a significant impact on the financial market
and the efficiency of financial service delivery. There are six FinTech business models,
including insurance services, crowdfunding, payments, lending, asset management, and
capital markets [11], but the impact of FinTech is particularly visible in the case of banking
services [21]. Such development and application of innovative technologies in the financial
sector have advantages: improving the efficiency of financial activities; reducing operating
costs; facilitating strategic intermediation, which brings novelty to entrepreneurship; and
democratizing access to financial services [12,22-24].

The area of financial technologies emerged from the merger of two sectors (Figure 1):
the provision of financial services and the implementation of innovative technologies.

Technologies

Financial
institutions

Figure 1. The ecosystem of FinTech (compiled by the authors based on [25]).

Figure 1 depicts the FinTech ecosystem in Lithuania, which includes innovative tech-
nologies, companies, startups, and state institutions that regulate and supervise this sector.
The main strengths of the Lithuanian FinTech sector are effective regulation, technological
infrastructure, and a favorable business environment. However, the growth of this sector
is limited by increasing competition in international markets, the slowness of regulatory
changes, and the speed of the adoption of technological innovations (Figure 2).

Digital

EMI PSP PPP CFP WealthTech .
Banking

Figure 2. Classification of FinTech sectors (compiled by authors based on classification of licenses
issued by [26]).

FinTech in Lithuania is made up of various segments (see Figure 2), including elec-
tronic money institutions (EMIs), payment service providers (PSPs), peer-to-peer lending
platforms (PPPs), crowdfunding platforms (CFPs), investment and asset management com-
panies (WealthTech), and digital banking. These segments ensure the creation and develop-
ment of innovative financial services, but economic and regulatory factors influence this.
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Economic and regulatory factors are key components of FinTech development. It is
important to note that the Lithuanian FinTech sector, although growing rapidly, has not yet
reached its full potential due to the challenges of the regulatory framework, which is often
changing, causing uncertainty for both new and existing companies.

Several important factors determine the development of the FinTech sector in Lithuania:

e  Economic factors: Growing consumer demand for fast and efficient financial services
is driving the development of the FinTech sector. Consumers are increasingly choosing
digital services due to their convenience, accessibility, and price advantages.

e  Regulatory factors: The Bank of Lithuania and other regulatory authorities actively
support the FinTech sector by issuing licenses and permits to new companies. The
regulatory environment in Lithuania is favorable, as it allows innovation to flourish,
but at the same time imposes requirements that ensure the security of the financial
system and the protection of consumer rights.

e  Technological factors: Technological advances, such as blockchain, artificial intelli-
gence (Al), and data analytics, provide FinTech organizations with opportunities
to create new products and services, optimize processes, and improve user experi-
ence. The implementation of technologies allows for cost reduction and increased
service efficiency.

Consumer behavior in Lithuania is changing, increasingly leaning towards digital
services, which is driving the growth of the FinTech sector. Consumers value speed,
convenience, and competitiveness, so FinTech companies must constantly improve their
offerings. Competition between FinTech companies and traditional financial institutions
is also increasing, so the latter are forced to adapt to new consumer needs and introduce
innovations in order to remain competitive. When assessing the entire FinTech sector, it
is important to analyze how it is changing and whether this is not a short-term startup
breakthrough that will soon end. This can be best demonstrated by consumer interest in
the sector [27] and the groups it covers.

2.2. FinTech Development Guidelines: 2023-2028

The Lithuanian Government actively promotes the development of FinTech, recogniz-
ing its potential to create new jobs, attract foreign investment, and contribute to economic
growth. Therefore, the Ministry of Finance of the Republic of Lithuania has provided
guidelines for the development of the FinTech sector for 2023-2028 (see Figure 3) in order
to further strengthen the country’s position as a regional FinTech center.

The aim for Increasing
Lithuania to Lithuania's
become a awareness as
Qualitative FinTech a European
sector competence FinTech
development center center
&
Attraction of Ensuring
innovative jurisdictional
solutions security and
reliability

Figure 3. The classification of FinTech sectors (compiled by the authors based on the classification of
licenses issued by [28]).

The active growth of FinTech companies in the past few years has encouraged the
qualitative development of the FinTech sector in Lithuania. This article analyzes quali-
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tative development through the increase in the number of FinTech companies. Licensed
companies had the right to carry out the specified activities.

Long-term benefits for Lithuania include the attraction of innovative solutions, which
increases the potential of companies providing high-quality financial services. This stim-
ulates investor interest in the country’s market and increases the creation of high added
value. This study analyzes the financial indicators of all FinTech companies, including their
added value created in 2023, expressed in thousands of euros.

In order for Lithuania to become a center of FinTech competencies, it is necessary to
increase the supply of talent and attract highly qualified specialists. This can be achieved
via closer cooperation with higher education institutions that develop specialized programs
for specialists needed in the FinTech sector. The Ministry of Economy and Innovation will
also implement measures to attract missing specialists from third countries, especially
those with experience in technology and knowledge-intensive service sectors. This study
discusses Lithuania’s aspiration to become a FinTech competence center, which is closely
related to the capital requirements established by the legal acts of the Republic of Lithuania
regulating the initial capital of licensed companies required to carry out certain activities.

Lithuania aims to be a safe and reliable jurisdiction, ensuring security and reliability
and improving cooperation and trust. For this purpose, it is important to strengthen risk
management procedures and increase the maturity of companies’ activities. The main goal
is to find a balance between market security, stability, and reducing the administrative
burden for companies. In 2023-2028, the focus will be on combating money laundering,
preventing terrorist financing, cyber and information technology security, preventing
financial crimes and fraud, and protecting consumer interests. This study is based on
consumer surveys submitted to the Bank of Lithuania’s analysis of complaints about the
activities of institutions, disputes with consumers, and enforcement measures applied by
financial market supervision institutions. The data are obtained from the annual activity
reports of the Bank of Lithuania, selecting specifically those related to the application
of FinTech principles. The Bank of Lithuania, following applicable laws, applies these
enforcement measures in cases where violations are identified.

Lithuania is internationally recognized as one of the European FinTech centers, but
further awareness-raising is necessary. In order to strengthen this position, representatives
of the Lithuanian FinTech sector should actively participate in various European Union
and international events. This study also analyzes the number of users and its impact on
the development of the FinTech sector.

Lithuania seeks to maintain its position as a European FinTech center by promoting a
safe and reliable regulatory environment, strengthening risk management and the fight
against financial crimes. The development of the FinTech sector is based on attracting talent,
cooperation with higher education institutions, and attracting specialists from abroad.
Capital requirements and innovative technologies stimulate the growth of the sector, and
high-value-added companies increase investor interest. In recent years, Lithuania has been
experiencing qualitative growth in the FinTech sector, which is helping to strengthen the
country’s position in the international market.

3. Materials and Methods

Evaluating the advantages of FinTech, three main methods are used. The CRITIC
method, which stands for Criteria Importance Through Intercriteria Correlation, is consid-
ered a reliable approach in multi-criteria decision-making (MCDM) due to its ability to
objectively evaluate the relative importance of different criteria based on their correlation
with each other. By analyzing the interrelationships between criteria, this method mini-
mizes the impact of subjective bias, ensuring a more data-driven and robust assessment.
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However, the reliability of the CRITIC method can be influenced by the quality of the
data and the assumption that the criteria are independent and measurable. It works well
when there are sufficient data available to establish strong correlations but may struggle in
situations where data are scarce or the criteria are poorly defined.

Using a combination of the COPRAS, CRITIC, and SWOT methods in this study, it is
possible to attain comprehensive and reliable results, as each of these methods has its own
advantages and strengths [29-34].

The COPRAS (complex proportional assessment) method is a multi-criteria assessment
method that allows one to evaluate alternatives, taking into account several criteria and
giving each criterion a weight according to its importance. The COPRAS method is
particularly useful when it is necessary to analyze complex situations and compare various
alternatives according to different criteria. The advantage of COPRAS is that it simply and
effectively evaluates alternatives and allows one to make comparisons and also helps to
assess how each criterion contributes to the final assessment.

The CRITIC (Criteria Importance Through Intercriteria Correlation) method is de-
signed to distribute weights between various criteria based on their importance and mutual
correlations. This allows one to objectively determine which criteria are more important,
taking into account their mutual interaction and impact on other alternatives. CRITIC helps
to determine objective weights for criteria, as it is based on statistical data, which provides
greater reliability and accuracy for assessments.

SWOT (Strengths, Weaknesses, Opportunities, Threats) analysis is a strategic tool that
allows one to analyze both internal (strengths and weaknesses) and external (opportunities
and threats) factors that may influence choices. It is especially useful when analyzing the
situation of an organization or project and determining priorities and opportunities.

The application of the SWOT method is useful because it provides a broader context
and allows one to assess how the organization or alternatives can take advantage of external
opportunities and overcome challenges.

It follows that the use of a combination of these methods provides the following:

A comprehensive approach: The COPRAS and CRITIC methods provide the oppor-
tunity to conduct a detailed quantitative analysis, while SWOT allows one to assess both
internal and external factors. This enables this study to take a comprehensive approach,
including both objective and subjective factors.

More accurate assessment: The CRITIC method helps to objectively determine the
importance of criteria, while COPRAS allows these weights to be applied in practical
analysis. This allows for a more accurate comparison of alternatives and the selection of
the best option.

Structured decision-making: SWOT analysis complements these methods, as it allows
one to take into account the strategic circumstances of the organization and factors that
may influence choices. The results of SWOT analysis help one select the best alternative
not only based on technical indicators but also taking into account long-term opportunities
and risks.

Using a combination of the COPRAS, CRITIC, and SWOT methods, this study becomes
comprehensive and balanced, as each method complements the other. This allows for both
quantitative and qualitative analyses, providing an objective and strategic approach to
solving the problem. Limitations of studies using a combination of the COPRAS, CRITIC,
and SWOT methods may arise for various reasons related to the specifics of the methods,
data availability, and interpretation challenges.

First of all, subjectivity in the weights of the criteria is encountered. Although the
COPRAS method allows for an objective assessment of alternatives, the weights of the
criteria can be determined subjectively, especially if they are chosen based on expert opinion
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or incorrectly distributed priorities. This may affect the final assessments, but this article
also calculated the consistency of expert opinions and found that the opinions are consistent,
and the results are sufficiently reliable.

The second limitation encountered is the limited amount of data. The CRITIC method
relies on statistical data to determine the importance of the criteria; therefore, if the number
of data is small or they are insufficiently diversified, this method may provide inaccurate or
erroneous results. This article analyzes 10 years of data; therefore, the results are reliable.

Difficulties in inter-correlations may also arise. The CRITIC method uses correlations
between criteria, but for some criteria, there may not be a clear or direct correlation, so this
method may not be able to reveal all important factors. This may lead to an incomplete
assessment of the importance of the criteria, so the COPRAS method was chosen in addition
to make the results more reliable.

Complexity of the methods: The CRITIC method requires a certain level of statistical
knowledge and can be difficult to use for practical research when the data are not sufficiently
detailed or their structure is not clear.

SWOT analysis is a qualitative tool, so it can be difficult to evaluate and compare facts
and alternatives with quantitative indicators. This can limit decision-making when more
accurate quantitative analysis is required. Therefore, in order to include information from
quantitative methods, the COPRAS and CRITIC methods were chosen to be used.

When using a combination of the COPRAS, CRITIC, and SWOT methods in research,
it is necessary to take these limitations into account. Only after the careful collection of
data and a detailed analysis of them can accurate and comprehensive research results
be presented.

3.1. Cross-Criteria Assessment Method

The cross-criteria correlation (hereinafter referred to as CRITIC) method is particularly
suitable for assessing multifaceted and complex systems, such as the FinTech sector. Using
this method, the importance of criteria is determined based on objective statistical data [35].
The CRITIC method helps to determine objective weights for decision criteria, thus avoiding
subjective assessment and accurately assessing which factors, for example, regulatory or
technological, limit the development of the sector the most.

Step 1: A decision matrix is prepared, collecting alternatives and criteria against which
the FinTech sector will be assessed (e.g., economic, technological, and social factors). A
decision matrix x is formed, showing the performance of different alternatives concerning
the selected sub-criteria:

X1 X2 X1y
X12 X2 ottt X1y | )

x = [xi].}mxn: : — : ie{1,2,...,m},je{1,2,...,n} 1)
Xml Xm2 *°*°* Xmn

where n—number of alternatives; m—number of criteria.
Step 2: The decision matrix is normalized using linear normalization relations:

min

e )
l]_xmux_xmin’ 1ere ey /] ylyeeey
] ]

where i—the number of alternatives; j—the number of criteria; min—the minimum criterion
value; max—the maximum criterion value.
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Step 3: The population’s standard deviation (hereinafter referred to as SIGMA) o7 is
determined from the normalized decision matrix for each r;:

—\2
o = Z("anq) 3)

where 7;j—mean; n—number of features.
Step 4: The correlation for each pair of normalized criteria is determined, and a
symmetric matrix with element R;; is constructed:

Y(ri —7)(rj —7)
Y (ri —7)* Y (rj — ?j)z

R; =

4)

Correlation measures the relationship between two variables, showing how a change
in one variable is related to a change in another variable [36]. The correlation coefficient can
be positive or negative, and its values can fluctuate. The value of the correlation coefficient
can be interpreted as follows:

1 or —1—very strong correlation.

0.7-0.9 or —0.7-—0.9—strong correlation.

0.5-0.7 or —0.5-—0.7—medium correlation.

0.3-0.5 or —0.3—-—0.5—weak correlation.

0-0.3 or —0.3-0—very weak or insignificant correlation.

Positive correlation means that both variables increase together, while negative corre-
lation indicates that one variable increases when the other decreases.

Step 1: Determination of the difference in determination between criteria:

> (1-Ry) ®)

Step 2: Determination of the determination sum Cj, the amount of difference between
criterion j:
n
G = ‘Tiijl (1—-Ry) ©
The higher the value of Cj, the greater the amount of information contained in a certain

criterion; therefore, the criterion has a greater relative importance.
Step 3: Determination of the determination criterion weights wy:

9
n .
j=1Ci

wj = (7)
The advantages of the CRITIC method for FinTech assessment are as follows:
Objectivity: Criterion weights are determined based on statistical data, not subjective

expert assessments.

Criteria independence: Correlated criteria are given less weight, thus avoiding dou-
ble impact.

Dynamics: The CRITIC method can be applied to various sectors; therefore, it can be
adapted to both regional and global FinTech markets.

When all criteria have their weights, it is possible to make a final assessment of the

FinTech sector, reflecting the objective impact of different criteria on the development of

the sector.
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3.2. Multi-Criteria Assessment Method

The multi-criteria complex proportional assessment (hereinafter referred to as CO-
PRAS) method is used to assess various factors and their importance in order to determine
the optimal directions of activity and propose strategic solutions for the development of
the enterprise [37]. This method is well suited for assessing the FinTech sector, as it allows
for the assessment of many different criteria and the identification of the most effective
development strategies.

Step 1: Constructing a weighted normalized matrix:

P Xij
X1] :n: . xij (8)

Step 2: Calculating normalized weighted values for each criterion:
Xij = Xij-wj )
Step 3: Determining the sum of the normalized, weighted values of maximizing criteria:

Syi= Z;;l X i (10)
Step 4: Determining the sum of the normalized, weighted values of minimizing criteria:

S.i= Z;;l X_jj (11)
Step 5: Determining the relative weights of alternatives:

Sfminz?il S_i

Qi=5+i+ S
Sy, g

,where S_,;,, = minS_; (12)
1

Step 6: Calculating the percentage value of each alternative U;, which allows the
priority activity curves of the sector to be determined:

u; = % -100% (13)
_max

Step 7: Determining the priority of FinTech sectors. The higher the U; value, the better
the sector meets all the criteria. A priority order of FinTech sectors is also formed according
to compliance with the criteria.

The COPRAS method is a multi-criteria assessment tool designed to determine priority
areas of activity based on various factors, such as economic and technological indicators.
This method helps to distinguish the most important criteria, evaluate alternatives, and
propose optimal solutions for the development of the sector. Using the COPRAS method
for assessing the FinTech sector, it is possible to accurately determine which sector’s
business lines best meet the established criteria, thereby promoting the sustainable growth
of the sector.

3.3. SWOT Analysis Method

SWOT (Strengths, Weaknesses, Opportunities, and Threats) analysis is a strategic tool
that helps assess internal and external factors that may affect operations.

The first step is to collect and analyze data about the FinTech market and the external
environment. This may include the following:

e A company’s financial indicators;
e  The competitive environment;
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e Industry trends and innovations;
e  Customer reviews, market research, and surveys.

A company’s internal processes, organizational structure, employee competencies,
and technological infrastructure may also be evaluated. An analysis of internal factors
(strengths and weaknesses) may also be conducted; these are factors that can be directly
controlled. These can be resources, capabilities, processes, or culture (Table 1).

Table 1. Main questions for SWOT analysis.

Strengths (S) Weaknesses (W)

What does the FinTech sector do worse
than its competitors?

What are its organizational problems:
limited resources or inefficient technology?
Is it possible to lose market share due to
internal weaknesses?

An analysis of external factors
(opportunities and threats) may be
conducted; these are external forces that
are less controllable but must be taken into
account when planning a strategy.

What does the FinTech sector do better
than the competition?

What are its unique advantages?
What resources (human, financial,
technological, etc.) help the sector

operate successfully?

Opportunities (O) Threats (T)
What external factors can
What market trends, technologies, or disrupt operations?
changes might provide new opportunities? =~ How can competitors affect the market
Are there new markets to expand into? position of the FinTech sector?
What regulatory or economic trends could  Is there a possibility that regulations or
support growth? laws will change, which could

be detrimental?

Source: compiled by the authors.

Based on the SWOT analysis in this study, it is possible to understand the current
state of the market, make decisions based on both internal structure and external factors,
and develop effective strategies to take advantage of strengths and opportunities while

reducing the impact of weaknesses and threats.

4. Results
4.1. Factors Influencing the Development of FinTech

After the discussion about the factors influencing the development of the FinTech
sector, these main factors (criteria) and their alternatives are presented in Table 2.

Table 2. Alternatives and criteria for FinTech development—influencing factors.

Number of Financial

- . . . Capital Requirement =~ Number of Users = Complaints Impact
Criteria/Alternatives FmTecl.l Indicators (ghousalclld EUR) (Thousand EUR) Fis)ed Meal:s)ures
Companies (EUR)
Minimize/maximize Max Max Max Max Min Min
EMI 226 401,072 350 5678 10 102
PSP 331 93,512 93 2,974,073 0 28
PPP 71 88,246 40 23,774 5 9
CFP 22 230,242 5000 591,223 195 4
WealthTech 16 30,293 123,085 6176 0 10
Digital Banking 13 609,211 1000 2520 191 34

Source: compiled by the authors, based on the report data of the Bank of Lithuania ([26,28]) and the reports of the
State Data Agency in 2023 and calculation results.
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FinTech development criteria are divided into maximizing and minimizing criteria.

Maximizing criteria are those whose values should be as high as possible, such as the
number of companies and financial and capital ratios. Minimizing criteria are those whose
values should be as low as possible, such as complaints or enforcement actions.

This information was compiled based on 2023 data to ensure that the most recent
and reliable secondary sources were used. The analyzed information is based on freely
available data and the 2023-2028 FinTech sector development guidelines prepared by the
team of specialists of the Ministry of Finance of the Republic of Lithuania.

4.2. Evaluation of Criteria Using CRITIC Method

Based on the data presented in Table 1, the CRITIC method was applied to determine
the importance of each criterion. First, the maximum and minimum values were calculated
using the Excel functions fx = MAX and fx = MIN (see step 1 in Table 3); then, the
performance of each alternative was calculated according to the selected sub-criteria: (see
step 2 in Table 3).

Table 3. Performance and standard deviation of minimum and maximum value alternatives.

Criteria/Alternatives N;.lir:_l;:crh()f IFr: gfc:::;ls Capital Requirement  Number of Users = Complaints Impact
. (Thousand EUR) (Thousand EUR) Filed Measures
Companies (EUR)
Step 1
MIN 13 30,293 40 2520 0 4
MAX 331 609,211 123,085 2,974,073 195 102
Step 2
EMI 0.6698 0.6405 0.0025 0.0011 0.0513 1
PSP 1 0.1092 0.0004 1 0 0.2449
PPP 0.1824 0.1001 0 0.0072 0.0256 0.0510
CFP 0.0283 0.3454 0.0403 0.1981 1 0
WealthTech 0.0094 0 1 0.0012 0 0.0612
Digital Banking 0.3061 1 0.0078 0 0.9795 0
Step 3
SIGMA o 0.4213 0.3869 0.4044 0.3991 0.5016 0.3739
Source: compiled by the authors, based on calculation results.
A criterion’s standard deviation SIGMA oj (see step 3, Table 3) is calculated by the
Excel function fx = STDEV.
The correlation R;; is derived (see Equation (4)) using the Excel function fx =
Correlation (see Table 4).
Table 4. Correlation between criteria.
Criteria/Alternatives N;r;l,?:;h()f IFnl zll?cr;(t::)ils Capital Requirement  Number of Users ~ Complaints Impact
. (Thousand EUR) (Thousand EUR) Filed Measures
Companies (EUR)
EMI 1 —0.1537 —0.3738 0.7462 —0.5493 0.5087
PSP —0.1537 1 —0.4617 —0.3404 0.6266 0.5115
PPP —0.3738 —0.4617 1 —0.2502 —0.3078 —0.2978
CFP 0.7462 —0.3404 —0.2502 1 —0.2153 —0.1184
WealthTech —0.5493 0.6266 —0.3078 —0.2153 1 —0.2321
Digital Banking 0.5087 0.5115 —0.2978 —0.1184 —0.2321 1

Source: compiled by the authors, based on calculation results.
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4.3. Correlation Analysis Between Criteria

The number of FinTech companies and the number of users (0.7462) has a positive,
moderate correlation. This shows that as the number of FinTech companies grows, so does
the number of users.

The number of FinTech companies and impact measures (0.5087) has a positive, weak
correlation. This means that as the number of FinTech companies increases, so does the use
of leverage, but this relationship is not very strong.

PSPs and filed complaints (0.6266) have a positive, moderate correlation. This shows
that when the indicators of the Ministry of Internal Affairs improve, the number of reported
complaints also increases.

WealthTech and financial indicators (0.6266) have a positive, moderate correlation.
As WealthTech’s financial ratios increase, so do the company’s ratios, indicating a strong
relationship between these ratios.

EMIs and filed complaints (—0.5493) have a medium, negative correlation. This means
that the number of filed complaints decreases with an increase in the activity indicators of
the EMI.

WealthTech and some users (—0.2153) have a very weak, negative correlation. This
shows that when the number of users declines, the impact on WealthTech is negligible.

Digital banking and the number of users (—0.1184) have no significant correlation.

A positive correlation means that an increase in one criterion is associated with an
increase in another criterion, while a negative correlation means that an increase in one
criterion is associated with a decrease in the other.

For the derived correlation, for each pair of normalized criteria, a symmetric matrix
(see Table 5) is created—determination difference (see Equation (5)). The resulting sum is
multiplied by the previously calculated SIGMA ¢, and the determination difference sum
C; is obtained (see Equation (6)). The greater the value of the difference in determination,
the greater the relative importance of the criterion—these are capital requirements and
filed complaints.

Table 5. Determination difference and weights.

Number of Financial Capital

Criteria/Alternatives FinTech Indicators Requirement 1(\_}11:::;?; ]lgjlsﬁ:? Co;ﬂ;mts N}Z;Ei;;
Companies (EUR) (Thousand EUR)

EMI 0 1.1537 1.3738 0.2538 1.5493 0.4913

PSP 1.1537 0 1.4617 1.3404 0.3734 0.4885

PPP 1.3738 1.4617 0 1.2502 1.3078 1.2978

CFP 0.2538 13404 0.2502 0 1.2153 1.1184

WealthTech 1.5493 0.3734 1.3078 1.2153 0 1.2321

Digital banking 0.4913 0.4885 1.2978 1.1184 1.2321 0

Sum 4.8219 4.8177 6.6913 5.1782 5.6780 4.6281

SIGMA ¢ 0.4213 0.3869 0.4044 0.3991 0.5016 0.3739
The sum of

the determination 2.0315 1.8638 2.7058 2.0665 2.8479 1.7304
difference C;

wj 0.1534 0.1407 0.2043 0.1560 0.2150 0.1306

Source: compiled by the authors, based on calculation results.

From the set amount of determination (see Table 5), the weights w; of the determina-
tion criterion are derived (see Equation (7)).

The CRITIC method showed that the most important criteria for the development
of the FinTech sector are the initial capital requirements and the number of reported
complaints. These criteria have the greatest influence on the sector’s efficiency and further
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development. The weightings of the criteria calculated in this study help us to better
understand how various factors affect the sector, which allows for more informed decisions
to be made in terms of strategic actions.

4.4. Priority Order of FinTech Sectors

Normalized values are calculated taking into account the weight of each criterion
(see Equations (8) and (9)). The normalization formula is often used in the COPRAS
methodology to facilitate the comparison of different criteria, even if they are measured in
different units.

The weighted value is normalized; the sum of the normalized, weighted values of the
maximizing and min criteria are determined; a priority order is made; and the FinTech
sector is arranged according to the best criteria (see Table 6) with the help of Excel functions
fx = Rank (see Equations (10)—(13)).

Table 6. Priority queue.

Criteria/Alternatives St S_; S _ninlS_i Q; u; Priority
EMI 0.0907 0.0766 0.0912 0.1041 29912 4
PSP 0.2127 0.0196 0.3571 0.2653 76.218 2
PPP 0.0257 0.0090 0.7790 0.1404 40.323 3
CFP 0.0608 0.1073 0.0651 0.0703 20.205 6
WealthTech 0.2009 0.0070 1 0.3481 100 1
Digital Banking 0.0636 0.1262 0.0554 0.0718 20.623 5

Source: compiled by the authors, based on calculation results.

WealthTech (investment and wealth management companies)—This sector was rated
as the best in 2023, according to all criteria. It has strong results in terms of capital
requirements and S_,,;,, which means that it performs well in both maximization and
minimization criteria.

e  PSPs (payment service providers) took second place, having strong financial indicators
and other reasonably good criteria.

e  PPPs (peer-to-peer lending platforms) had average results but performed well in
minimizing complaints and other negative criteria.

e EMIs (electronic money institutions)—U; = 29,912, priority: 4. Electronic money
institutions were in fourth place because they have an average position according to
the maximization and minimization criteria.

e Digital banking was ranked fifth due to lower financial indicators and higher com-
plaint values.

o  CFPs (crowdfunding platforms) took the last place, because their values were lower in
all criteria.

Based on the priority order, investment and wealth management companies (WealthTech)
were recognized as the best FinTech sector in 2023, as they achieved the best results in
terms of capital requirements, financial performance, and minimal complaints.

4.5. WealthTech SWOT Analysis
SWOT analysis was conducted for the WealthTech sector, with the following highlights
in each category:
e  Strengths (S):
e  Technological Advances: Uses advanced technologies such as artificial intelligence
(AI) and big data analytics to improve investment performance.
e  Accessibility: Digital platforms make it easier for the public to access investment services.
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e  Lower costs: Automated solutions such as robot advisors reduce fees compared to
traditional wealth management firms.

e  Weaknesses (W):

e Technological dependence: Increased risk due to potential technological failures and
cyber threats.

e Lack of personalization: Automated solutions cannot always offer the personalized
advice that financial advisors can provide.

e  Regulatory complexity: It is difficult to comply with the regulatory requirements of
the financial sector in various countries.

e  Opportunities (O):

e  Market development: There are still few available wealth management services in
emerging markets, so WealthTech has great growth potential.

e  Attracting the younger generation: Millennials and Gen Z tend to use digital platforms
for investment.

e The development of artificial intelligence: Al capabilities allow us to offer more

personalized and efficient solutions.

Threats (T):

Tighter regulation: There may be stricter regulatory requirements that limit innovation.

Cyber-attacks: Cyber threats can damage the reputation and credibility of the sector.

Competition: High competition from both traditional banks and other FinTech companies.

WealthTech is a strong, innovative, and dynamic FinTech segment that is characterized
by a wide range of services, technological advances, long-term return potential, and risk
diversification opportunities. Meanwhile, EMIs, PSPs, digital banking, PPPs, and CFPs
are more specialized sectors that focus on payments or loans but do not offer the deeper
investment and wealth management value of WealthTech.

5. Discussion

Financial technology (FinTech) is one of the fastest-growing industries worldwide,
and Europe has a major role to play in this. FinTech encompasses a range of technologies
and innovations that help improve the efficiency, accessibility, and security of financial
services [38]. The financial technology sector in Europe has undergone significant changes
over the past decade, and these technologies have become a key factor shaping the future
of the financial sector. The development of FinTech has changed the essence of traditional
finance and has had a significant impact on the efficiency of financial decision-making [39].

The development of financial technologies in Europe began only in the 20th century.
Then, the first attempts to use technology in the financial sector were recorded, focusing
on online banking services and the emergence of electronic payments [40,41]. This led
to a situation where traditional banks must quickly adapt to the constantly changing
environment, reduce their costs, and meet customers’ needs and expectations [42]. Online
banking, which allows users to perform financial transactions online, was the first step
towards the development of modern FinTech.

At the beginning of the 21st century, FinTech companies began to emerge in Europe,
which sought to use technology in the financial sector as effectively as possible and replace
traditional financial services with newer, more advanced, and more accessible ones. It was
time for the rise of cryptocurrencies, blockchain technology, robo-advisors, and peer-to-peer
lending platforms, so these technologies streamlined traditional financial processes and
enabled a broader spectrum for users to participate in the global economy [43]. FinTech
development led to more accessible, innovative, improved, competitive, secure, inclusive,
and beneficial financial services [39]. One of the first significant events was the success of
PayPal [44]. This created electronic payment system allowed users to transfer money safely
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and quickly online, which led to an increase in the availability of financial services and a
reduction in prices. This transformation from digitalization to digitization led to the use of
new technologies and the restructurization of banking industries [45]. People started to
place more trust in banks while they transfer their money. It was then that the evolution of
services provided by traditional banks began [46].

In Europe, the FinTech sector has rapidly developed as technological innovations such
as blockchain, artificial intelligence, big data, and cybersecurity have been applied to the
financial sector, which are accelerating globally. Canada, the UK, Germany, France, Switzer-
land, and Sweden have seen the largest FinTech growth streams, making these countries
the European FinTech hub, attracting both domestic and international investors [47,48].

Currently, FinTech technologies are developing rapidly. The blockchain technology
used in the financial sector provides the opportunity to provide safer and more efficient
financial services, reducing the number of intermediaries and transaction costs, because
the most important criteria in blockchain technology are security and trust [49,50]. The
authors of [50-53] argue that operations in the context of the use of blockchain can lead to a
reduction in operating costs, so these operations are cheaper and more efficient. Blockchain
technology can help create decentralized systems that will allow transactions to be carried
out without intermediaries, which will reduce costs and improve the speed of transactions.
Artificial intelligence can be used to automate financial processes, predict market trends,
and improve customer service. The application of artificial intelligence in the finance sector
leads to the deep transformation of the financial services industry and helps to predict
bankruptcy, stock prices, and oil prices to manage one’s portfolio, and this is one of the best
ways to ensure an anti-money laundering process [54-56]. Artificial intelligence is a good
tool for financial analysis, forecasting, and risk management because by using artificial
intelligence tools, people can analyze a broad range of data, find the necessary results, and
make predictions more quickly and easily [57,58]. Big data allows FinTech companies to
more accurately analyze consumer behavior, provide personalized services, and manage
risks more effectively [59]. In the financial sector, big data is used especially for fraud
detection and risk assessment [60], so the financial sector becomes more sustainable [61].

The digital economy has grown due to the impact of FinTech development, and the
FinTech sector in Europe is likely to continue to grow. It is predicted that the FinTech
sector will become an even more important component of the economy in the next few
years, as more and more consumers choose digital financial services [62,63]. Digital finance
helps improve the accessibility of financial services, ensures the security and stability
of financial services, and helps avoid fraud and money laundering [64-66]. Companies
use financial technologies to offer consumers competitive services. Traditional banks are
forced to cooperate with FinTech companies in order to compete in the market and attract
consumers. It follows that the FinTech sector in Europe has great potential and prospects.
There are many opportunities to apply innovations in the provision of financial services.
However, the successful development of FinTech will depend on how quickly the financial
sector adopts and applies new technologies.

6. Conclusions

The FinTech sector is important for Lithuania’s economy, as the changing needs of
society and technological progress promote digitization and innovation in the financial
sector. The analyzed theoretical models showed that FinTech innovations not only simplify
the provision of traditional financial services but also open new opportunities and have
a positive impact on the Lithuanian economy and contribute to the creation of greater
added value. Technological solutions allow financial services companies to become more
efficient, reduce costs, and expand their range of services. Due to the favorable legal
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environment and active promotion of innovation, Lithuania has become an attractive
country for FinTech companies, but challenges remain, especially related to cybersecurity
and regulatory compliance.

The methodologies used in this study, including quantitative ones, were effective in
evaluating the development of the Lithuanian FinTech sector. Quantitative data on the
number of licenses, investments, and sector growth provided an objective picture of the
sector’s development. The methods used, such as CRITIC and COPRAS, allowed us to
determine objective criteria and priorities in the FinTech sector, assessing which factors
(e.g., regulatory restrictions, technological infrastructure) are hindering the growth of the
sector the most. These methodologies made it possible to consistently identify the main
barriers to development, and the SWOT analysis highlighted strengths and weaknesses,
allowing for strategic recommendations for the improvement of the sector.

The results of this study highlighted that the FinTech sector in Lithuania is primar-
ily shaped by factors such as favorable regulation, the strengthening of the innovation
ecosystem, and the attraction of international investments. These elements are essential
for fostering growth and creating a competitive landscape. However, despite these posi-
tive influences, the sector still faces significant challenges, including a shortage of skilled
labor, the need to enhance cybersecurity measures, and the ongoing need for regulatory
frameworks to evolve alongside emerging technologies.

The key barriers to accelerated growth in the FinTech sector are closely tied to the
pace of technological advancements, regulatory uncertainty, and difficulties in attracting
and retaining top talent. The importance of FinTech cannot be overstated, as it is central to
driving digital transformation, improving financial accessibility, and ensuring economic
resilience. In light of this study’s findings, it is recommended that more focus be placed on
educational programs that train technology specialists, foster stronger cooperation between
the public and private sectors, and further refine the regulatory environment. These actions
are critical for ensuring the sustainable and secure development of FinTech, which is
increasingly indispensable for both economic innovation and global competitiveness.
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Abstract: This paper explores the current use of crypto-assets for payments, focusing
mostly on unbacked crypto-assets, while selectively referring to stablecoins. Although
some specific characteristics of crypto-assets, such as their price volatility and unclear legal
settlement, render them unsuitable for payments, the rapid technological and regulatory de-
velopments in the area of crypto-assets-based payments justify monitoring developments in
this area. We therefore try to answer the research questions of which/why/how/where /by
whom crypto-assets are used for (retail) payments. We analyse and describe a variety of
ways in which crypto-assets are used for making payments, focusing on the period from
2019 to 2023 in Europe and worldwide, based on the publicly available statistical data and
literature. We identify and exemplify the main use cases, payment methods, DeFi protocols,
and payment gateways, and analyse payments with crypto-assets based on location and
market participants. In addition, we describe and analyse the integration of crypto-assets
into existing commercial payment services. Our work contributes to understanding the
shifting domain of crypto-assets-based payments and provides insights into the monitor-
ing of relevant developments via various dimensions that need to keep being explored,
with the objective of contributing to the maintenance of the integrity and stability of the
financial ecosystem.

Keywords: crypto-assets; payments; statistics; DeFi payment systems

JEL Classification: E42; O30; O31; D100

1. Introduction

While crypto-assets were originally created with the intention of serving as a means
of payment that dispenses with intermediaries, their use has not yet considerably extended
beyond the crypto-asset environment. As mainstream attention to crypto-assets grows, we
could potentially see an increase in the use of (certain types of) crypto-assets for payments.
Such an increase could potentially have multiple consequences in the financial ecosystem
and therefore should be studied. Indeed, the role of crypto-assets in the payments ecosys-
tem has attracted a lot of attention and different views [1-4]. It is therefore important to
keep track of the developments and trends in this area.

Advances in the relevant regulatory frameworks should also be considered. A promi-
nent case is the entry into force of the Regulation on markets in crypto-assets (MiCAR) [5]
in the European Union in June 2023, with full applicability in 2024, which could potentially
impact the use of crypto-assets (in particular stablecoins—a category of crypto-assets that
purports to maintain a stable value) for making payments. The MiCAR already considers
the possibility of the potential wider adoption of stablecoins by retail holders and the
risks and challenges that such a development would raise. Recital 5 of the MiCAR states
that “It is, however, possible that types of crypto-assets that aim to stabilise their price
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in relation to a specific asset or a basket of assets could in the future be widely adopted
by retail holders, and such a development could raise additional challenges in terms of
financial stability, the smooth operation of payment systems, monetary policy transmission
or monetary sovereignty”. It is, therefore, important to also closely monitor and analyse
crypto-asset-related developments in the field of payments and thus address the gaps in
understanding the real-world use of crypto-assets for payments. However, such monitoring
is often hampered significantly by the lack of official statistics and other high-quality data
on the use of crypto-assets for payments.

Our motivation is to contribute to addressing the gaps in understanding this important
topic as, on the one hand, developments in the field of crypto-asset-based payments are
occurring rapidly and, on the other hand, there is a lack of necessary official data. We aim
to create a clear picture of the current status of payments using crypto-assets, as well as
identify the trends in this field and predict potential future developments. The existing
research on the use of crypto-assets for payments has been based so far on qualitative
methodologies and surveys, such as the works of Al-Amri et al. [6], Kayani et al. [7], and
Busse et al. [8] and in a more general concept of crypto-assets adoption [7,9]. We therefore
try to fill in the gap regarding the lack of data-based analysis. In order to achieve this, and
considering the lack of relevant official data, we rely on publicly available and voluntarily
provided data to analyse the current use of crypto-assets for payment transactions during
the period from 2019 to 2023, focusing mostly on unbacked crypto-assets, while referring
to crypto-assets that are stablecoins only where specifically mentioned. We consider that
the use of stablecoins may need a further and separate analysis in relation to the MiCAR
adoption [10]. Special attention is paid to the trends and developments in European
countries. The main research questions are as follows: (a) Which crypto-assets are used for
(retail) payments? (b) Why and how are crypto-assets are used for (retail) payments? (c)
Where are crypto-assets used for (retail) payments? (d) Who uses crypto-assets for (retail)
payments? The answers to these questions can offer an initial evaluation as well as a solid
basis for further analysis.

The rest of the paper is thus organised as follows: In Section 2, we present the various
categories of crypto-assets that can be used for payments (the “which” question), and the
main use cases of crypto-assets for payments which show the motives for their use (the
“why” question). Section 3 describes crypto-asset payment methods (the “how” question).
Section 4 provides novel payment indicators for crypto-asset payments by economic sector
and geographical area, to try to answer the question about where crypto-assets are used
for retail payments. Section 5 attempts to answer the question of who uses crypto-assets
for making payments. In Section 6, the paper provides insights into how crypto-assets are
being integrated into existing commercial payment services. The conclusions follow in the
final Section 7.

2. Crypto-Assets and Their Use Cases for Payments

The MiCAR defines crypto-assets as digital representations of a value or of a right
that can be transferred and stored electronically using distributed ledger technology or
similar technology (art. 3.1(5) MiCAR), noting that the representations of value include
the external, non-intrinsic value attributed to a crypto-asset by the parties concerned or by
market participants, meaning the value is subjective and based only on the interests of the
purchaser of the crypto-asset (recital 2 of the MiCAR). While the MiCAR does not use the
term stablecoin, it is generally understood that only asset-referenced tokens (ARTs) and
electronic money tokens (EMTs) qualify as stablecoins, contrary to crypto-assets other than
ARTs and EMTs, so-called unbacked crypto-assets. The MiCAR defines ARTs as a type of
crypto-asset that is not an electronic money token and that purports to maintain a stable
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value by referencing another value or right or a combination thereof, including one or more
official currencies (article 3.1(6) MiCAR). EMTs are a type of crypto-asset that purport to
maintain a stable value by referencing the value of one official currency. The definition of
crypto-assets in the MiCAR encompasses ARTs, EMTs, and crypto-assets that are not ARTs
or EMTs. While the first two categories are generally referred to as stablecoins, the latter
category is generally referred to as unbacked crypto-assets.

The broad variety of available crypto-assets unlocks several use cases for payments,
such as payments with crypto-assets in e-commerce, stores, peer-to-peer transactions,
payments for tokenised assets (such as digital bonds and non-fungible tokens (NFTs)),
and a combination of other novel use cases that may cater to specific needs, such as
micropayments and streaming payments. The following sections describe the main use
cases for payments using crypto-assets.

2.1. Micropayments

There is currently no agreed upon definition of a micropayment. However, it generally
refers to payments of very low value that are usually made in an online environment [11].
Enthusiasts refer to an up-and-coming use case for micropayments, machine-to-machine
payments, whereby internet of things (IoT) devices can communicate payments au-
tonomously. An example would be an electric car that automatically pays for the exact
amount of time it parks in a certain location. These enthusiasts argue that the conventional
payments landscape is not particularly well suited to these types of low-value payments
due to the associated volumes, costs, and processing fees of the individual payment trans-
actions. They assume that blockchain technology and other distributed ledger technologies
(DLTs), which refer to technological infrastructure and protocols that allow for simultane-
ous access, validation, and record updating across a networked database [12], such as a
Directed Acyclic Graph (DAG)-based ledger [13], have the potential to enable large-volume,
low-value digital micropayments using crypto-assets. There are multiple DLT platforms on
the market that seek to achieve efficient crypto-asset-based micropayments. Some examples
of these include the following;:

e IOTA [14]: This crypto-asset, launched in 2016, seeks to enable micropayments by
using a DAG-based DLT. As the IOTA network does not use mining to validate
transactions, this facilitates a feeless transaction model. The IOTA Foundation has
presented some micropayment use cases, such as peer-to-peer (P2P) energy trading,
for which its real-world adoption appears limited at present.

e  Brave [15]: This is an opensource browser that offers its users the option to be paid for
the ads that are displayed in the browser. For this purpose, a crypto-asset called the
Basic Attention Token was created. The browser reported 65 million monthly active
users and 10.6 million wallets in December 2023.

e The Lightning Network [16]: This is a Layer 2 payment protocol that allows for
micropayments in bitcoin (see Appendix C). We note that a Layer 2 (or rollup) is a
separate layer that extends a Layer 1 blockchain by executing multiple transactions
and submitting them as a single transaction into the Layer 1 blockchain. By submitting
the transaction data into Layer 1, rollups -leverage the security characteristics of the
Layer 1. The use of rollups could reduce transaction costs, which could, in turn, allow
for the better use of micropayments.

Crypto-assets could enable growth in the area of micropayments. However, most
crypto-assets that support micropayments are still in the investigation phase. The adoption
of these types of crypto-assets in the real world looks to remain limited at this point. This
may be due to the blockchain trilemma: a crypto-asset must compromise on either the
decentralisation, security, or scalability of a blockchain. As a result, if a blockchain is to
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perform a lot of (low-value) transactions at the same time, the hardware requirements of the
nodes will go up, which leads to centralisation. One of the solutions for scaling blockchains
is to have several layers of blockchains (Layer 2s), instead of a single one.

2.2. Streaming

Another use case where crypto-assets are used for payments is via DeFi payment
applications. DeFi payment applications enable crypto-asset streaming. This is where
payments are streamed continuously or regularly to a receiver based on a specified rate
(the amount of crypto-assets transferred per second) and timeline (the start and stop time
of a stream). The rate and timeline are setup in smart contracts. Crypto-assets aside, money
streaming is already possible via existing banking arrangements, where automatic transfers
of funds enable regular, periodic transfers between two (or more) accounts without having
to issue further instructions after the initial instructions and authorisation. However,
decentralised money streaming protocols, such as Sablier [17] and LlamaPay [18] (see
Appendix C), enable crypto-asset streaming in a more granular way. They facilitate mainly
continuous payments in relation to a provided service, such as salaries, where employees
receive crypto-assets in real time for their work instead of on a monthly basis in fiat money,
donations, and subscriptions.

2.3. Instant Payments/Instant Settlement

The advocates of crypto-assets emphasize their use for making payments with an
instant or atomic settlement of transfers on a distributed ledger, including blockchains.
This use case would be relevant, in particular, for the possibility of settling transactions in
tokenised assets with delivery versus payment in real time on the same platform. Instant
settlement, however, refers to the technical settlement of a transfer, at best. The legal
settlement of transfers in crypto-assets is uncertain, and may not be settled instantly with
legal finality. In Europe, for example, such transfers do not fall under the Settlement Finality
Directive [19]. Blockchains are based on the “code is law” principle. Blockchains, therefore,
have no visibility within the underlying legal framework that is applicable between the
parties. The Lightning Network [16] and Flexa [20] are examples of decentralised payment
software protocols that use blockchains and enable instant payments (see Appendix C).

2.4. Cross-Border Payments

A cross-border payment is a transaction where the payer and the payee are located
in different jurisdictions. It often involves cross-currency conversion. These types of pay-
ments are currently complex in nature and they often prove to be expensive because of the
involvement of multiple intermediaries, jurisdictions, time zones, and divergent regulatory
frameworks [21]. Cost is not the only factor that causes friction in cross-border payments.
These payments are much slower, less accessible, and more opaque compared to domestic
payments. As part of the broader G20 Roadmap for Enhancing Cross-border Payments,
the BIS Committee on Payments and Market Infrastructures (CPMI) assessed whether and
how the use of stablecoin arrangements, if properly designed and regulated, and compliant
with all relevant regulatory requirements, could enhance cross-border payments. The
CPMI identified multiple possible opportunities that could arise from the use of stablecoin
arrangements for cross-border payments, including the following [22]: (i) reducing costs,
as a stablecoin could shorten long transaction chains by reducing the number of intermedi-
aries; (ii) increasing speed, as the DLTs that underpin most stablecoins, are, by definition,
available 24/7; (iii) expanding the set of payment options, as stablecoins could be an
alternative digital option available for individuals who want to send or receive remittances;
and (iv) improving transparency, as stablecoins would facilitate the better traceability of
payment statuses in real time by making use of public DLTs.
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Nevertheless, several challenges concerning the use of stablecoins for cross-border
transactions have been identified ([22,23]). These challenges include the following: (i) the
lack of a sound governance structure; (ii) concentration and monopoly risks, which could
lead to a lack of competition and consumer protection; (iii) issues with data privacy, anti-
money laundering, and countering the financing of terrorism; (iv) divergent regulatory
frameworks across jurisdictions; (v) potential fluctuations in exchange values away from
the par; and (vi) the inconsistent availability of on- and off-ramps that would allow sta-
blecoin users to easily convert them to cash or commercial bank money held at regulated
financial institutions.

Although there are some ongoing initiatives (see Section 7) at the time of the writing
of this paper, no stablecoin exists that addresses all the challenges associated with cross-
border payments in such a way that it would outperform existing cross-border payment
rails [22]. It still remains unclear whether a future stablecoin would be able to achieve
a setup where the benefits of executing cross-border payments via a stablecoin would
outweigh the associated drawbacks. Moreover, the alternative of a CBDC (Central Bank
Digital Currency) for the same purpose, which would inherently resolve many of the
aforementioned drawbacks, emphasizes this open question.

3. Payment Methods, DeFi Protocols, and Gateways

In this section, we present the methods used to pay with crypto-assets and the specific
systems that facilitate the use of these methods, specifically DeFi payment protocols and
payment gateways.

3.1. Methods

There are several ways to pay with crypto-assets. First, consumers can pay for goods
and services using a cPOS terminal. In this case, depending on the setup and what both
parties to the transaction agree, the merchant can receive either crypto-assets in an electronic
wallet or fiat currency.

Second, crypto-assets can be held in electronic wallets (digital wallets) with a payment
function and then transferred directly between two wallets without the need of a terminal,
where such a transfer would mark the payment for a transaction between a customer/payer
and a retailer/payee, if they so agree. In such a transaction, the transfer of crypto-assets,
constituting a value transfer in the eyes of the two subjects involved, occurs without
the intervention of financial intermediaries. Once such a transfer is validated by the
community of validators on the blockchain, the transfer is irreversible from an operational,
IT perspective (unless a fork occurs). From a legal perspective, however, settlement finality
would not be ensured until at least midnight of the day of the transfer. This is because
transfers of crypto-assets are not exempt from the zero-hour rule [24] in those countries
whose insolvency laws include this rule. The prerequisite for using crypto-assets to pay
for transactions in this way is an activated digital wallet, which constitutes the tool for
managing and storing one’s crypto-assets. Various payment protocols have been developed
to allow for the transfer of crypto-assets between two market participants (see Section 3.2).
Wallets are also used in crypto payment gateways, which are platforms that aim to facilitate
crypto payments in the retail sector (see Section 3.3), bringing retailers and customers
together. Digital wallets are also used in various existing European payment solutions,
such as iDEAL [25], Klarna [26], Swish [27], and Bankgiro [28].

A third way to pay with crypto-assets is to use cards. In general, crypto-asset payment
cards work as follows: upon initiation of a payment order, this triggers a mechanism
managed by a relevant exchange for the instant conversion between the customer’s crypto-
asset portfolio and the fiat currency. Conversion fees are charged by the exchange. This is
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called off-ramping, where the crypto-asset is converted to fiat money via card programs.
After the conversion, the fiat money circulates on the card network before reaching the
beneficiary of the payment. The exchanges, rather than any of the other parties involved,
manage the crypto-assets themselves. This payment method allows the holders of crypto-
assets to pay in fiat money while using their crypto-assets in all shops that are part of the
card network. The management of AML-CFT compliance for this payment method is not
clear, but appears to mainly rely on the crypto exchange, while the payment firm only
conducts due diligence on the crypto exchange. Because of this lack of clear AML-CFT
compliance, some partnerships have been terminated. For example, Mastercard ended its
partnership with the crypto exchange Binance [29] in August 2023, while VISA has stopped
issuing new Binance cards in the European market. As a result, the Binance card program
in the European Economic Area ended on 20 December 2023 [30]. Nevertheless, VISA
has partnered since 2021 with multiple crypto exchanges, resulting in a payment volume
of USD 3 billion at the end of 2023 [31]. The Revolut card [32] also supports payments
with crypto-assets. Revolut customers can link a Revolut card to any of their crypto-asset
accounts. Upon the initiation of a payment order, their crypto-assets are automatically
exchanged for the equivalent fiat amount via a partnership with a crypto exchange. This
automatic exchange must be based on a preliminary authorisation and standing order
from the Revolut customer to the crypto-asset exchange to exchange crypto-assets into
fiat money whenever a payment order is initiated. Standard exchange fees apply to these
transactions. However, the “link card to crypto pocket” feature is currently available only
in the UK and Switzerland. Furthermore, one can receive crypto-assets sent by another
Revolut user via the Revolut platform, allowing for payments in crypto-assets. Regarding
the crypto-asset management rates, Revolut streams the prices from the exchanges they
have partnered with and calculates a volume-weighted average price. The derived rate
considers additional factors, such as market depth and volatility.

Fourth, crypto-assets can be used for making payments via payment accounts by
instructing the customer’s own bank. Some crypto payment platforms are integrated
with bank accounts, allowing users to link their crypto wallets to their bank accounts and
convert between fiat and crypto-assets. Some examples of crypto payment platforms that
support payment accounts include the following:

e  BitPay [33] allows businesses and individuals to receive and send crypto payments.
BitPay also offers BitPay cards, which are prepaid MasterCards. Users can load their
cards with crypto-assets and spend the crypto-assets (converted into fiat money)
wherever MasterCards are accepted. Users can also withdraw money from ATMs and
transfer money to their bank accounts using the BitPay app.

o  Wirex [34] is a platform that combines crypto-assets and existing currencies in fiat
money into a single account. Users can buy, sell, exchange, and store over 20 crypto-
assets and fiat currencies using the Wirex app and card. The services and features
supported by Wirex depend on the country and the applicable national legal frame-
work. In some countries, such as the UK and the USA, Wirex offers cashback rewards
(Cryptoback), bank accounts, and money transfer services. Users can link their Wirex
accounts to their bank accounts.

e Crypto.com [35] is a platform that aims to accelerate the adoption of crypto-asset
payments. Users can buy, sell, store, and earn over 100 different crypto-assets and
fiat currencies through the Crypto.com app and cards. Crypto.com is a lending,
gambling, and investment platform. Users can link their Crypto.com accounts to their
bank accounts.

Fifth, even though not directly used for payments, consumers can use crypto ATMs
(cATMs) to buy, sell, or send crypto-assets to others using cash, cards, or apps. Figures and
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charts on cATMs are provided in Section 4, while a description of the functioning of cATMs
can be found in Appendix A.

3.2. DeFi Payment Protocols

Despite the fact that payments using crypto-assets can take place on most blockchains,
coders have developed DeFi payment protocols specifically focused on payment function-
alities like streaming, micro-payments, and faster processing, in an attempt to facilitate
payments using crypto-assets. A DeFi payment protocol is essentially a set of rules and
procedures implemented as a smart contract on top of a blockchain (usually Ethereum),
that allows for peer-to-peer payments. These payments are recorded on the underlying
blockchain. According to Defil.lama [36], DeFi payment protocols represented 0.5% of the
total value locked (TVL) in DeFi at the end of November 2023. This equates to approxi-
mately USD 264 million (Figure 1). This could mean that only around 0.5% of all the value
locked in crypto-assets is used for making payments.
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Figure 1. TVL of protocols for payments as % of total TVL in DeFi (Source: our calculation on
DeFiLlama).

The TVL for payments reached a peak towards the end of 2021 and then declined. It
remained quite steady for almost a year (end of 2022—end of 2023), at less than 10% of the
November 2021 historical maximum (Figure 2).

The market for DeFi payment protocols is highly concentrated: four protocols
(Flexa [20], Lighting Network [16], Sablier [17], and LlamaPay [18]) represent almost
100% of the TVL (Figure 3), with the first three accounting for the largest share. Two
protocols, in particular, dominated at the end of 2023, the Lightning Network and Flexa,
with shares of 74.53% and 21.52%, respectively, on 30 November 2023 (see Appendix C).
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Figure 2. TVL for payments per protocol (in USD billions) (Source: our calculation on DeFiLlama).

—% Flexa —% Lightning Network % Sablier V1+V2 —% Sum of Flexa/Lightning Network/Sablier V1+v2
100%

90%
80%
70%
60%
50%
40%
30%
20% /\'ﬂ s f

10%

0%
Nov-20 Feb-21 May-21 Aug-21 Nov-21 Feb-22 May-22 Aug-22 Nov-22 Feb-23 May-23 Aug-23 Nov-23

Figure 3. TVL of top protocols for payments as a % of all protocols for payments (Source: our
calculation on DeFiLlama).

3.3. Crypto-Asset Payment Gateways

Crypto-asset payment gateways are new service providers that facilitate transactions
between merchants and customers by processing payments in crypto-assets. They bridge
the traditional financial systems and crypto-assets by enabling e-commerce platforms,
physical merchants, and other market participants to include crypto-asset payments among
their payment options. They offer functionalities, such as accepting and processing crypto-
asset payments, real-time transaction confirmation, automatic conversion to fiat currency,
wallets for storing crypto-assets, and the encryption of transaction information by utilis-
ing blockchain technology. Crypto-asset payment gateways integrate with e-commerce
platforms point-of-sale systems, in particular, shopping cart software, and billing systems.
They charge fees and provide dashboards to help track transactions. While these sys-
tems most commonly support bitcoin payments, some gateways also support alternative
crypto-assets, such as ether, litecoin, and bitcoin cash. Some examples of crypto-asset
payment gateways [37] are Coinbase Commerce [38], CoinGate [39], CoinRemitter [40],
CoinsPaid [41], and Coinify [42]. Through a crypto-asset gateway, a crypto-asset payment
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made by a customer is credited to a merchant, from where it can be transferred to another
wallet. For example, a Coinbase Commerce account is a digital account that allows mer-
chants to accept payment in one of seven crypto-assets. Anyone can sign up for these
gateways using a valid email address and a phone number, no matter where the customer
is. It also requires the integration of two-factor authentication. A retail user can pay a
merchant using a hot wallet. A hot wallet is a crypto-asset wallet that is always connected
to the internet and crypto-asset network. This wallet shares a public key with a merchant,
which the merchant then uses to access (debit) their customer’s funds on the blockchain,
while crediting their own account. Coinbase Commerce targets online service providers,
such as Shopify [43] and Woo Commerce [44], and also freelancers and small business
owners [45]. Businesses incur costs for (i) transactions due to the need to pay the miners of
the crypto-asset network and (ii) for converting crypto-assets to fiat money, which can be
performed using a crypto-assets exchange.

4. Payees—Geographical Area and Market Sector
4.1. Geographical Area

At the global level, the United States recorded the highest number (28,143) of cATMs
in 2023, according to CoinATM radar [46], with more machines found there than elsewhere
in the world. Canada (2803) and Australia (760) followed in second and third place. The
UK, which was ranked 17th in 2022, fell to 61st place in 2023. This was probably due to
the fact that the UK Financial Conduct Authority (FCA) has actively been pursuing crypto
ventures in the UK. The FCA has been raising concerns about crypto-assets, in part due to
the spike in interest in the crypto market that occurred in 2021, and because crypto-assets
remain an unregulated product in the UK [47].

At the European Union level, cPOSs and cATMs are unevenly distributed. This may
reflect the use of crypto-assets throughout the EU and the collective willingness to explore
and integrate blockchain solutions into traditional financial frameworks with different
degrees of adoption. In 2023, there were more than 1400 cPOSs in Slovenia and Italy,
marking a strong presence in southern Europe (Figure 4a). There were over 500 terminals
in Germany, Spain, and Hungary, while Estonia, Latvia, Lithuania, Sweden, Finland,
Denmark, and Ireland counted less than 100 terminals. In the EU, cATMs seem to be less
common than cPOSs, reaching almost 300 terminals only in Poland and Spain (Figure 4b).
An analysis of Coinmap [48] and CoinATM radar [46] shows a growth rate of about 60% in
the EU between 2018 and 2023 for both cPOSs and cATMs, possibly signalling growing
interest in the use of these instruments.

(a) (b)

Figure 4. (a) Distribution of cPOSs in the EU in 2023. (b) Distribution of cATMs in the EU in 2023.
(Source: Coinmap and CoinATMRadar).
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Nevertheless, the share of cPOSs and cATMs relative to the countries” populations
remains very limited compared to the number of POSs and ATMs in fiat currency (2 versus
3573 and 0.6 versus 73—Figure 5a,b).

80 ° .
° .
0 ¢ |e . o .
°
20 4
[ ] P A .
® 10 5 . e .
) ° ®ooe 0 g0, e e .
= ||
™ | 0 " ° o °
S| IT DE ES CZ NL AT FR PL GR SK BE PT RO BG DK LT FI HU SE EE LV IE MT CY LU HR €5 PL RO AT DE IT €2 GR SK HU IE BG BE $i NL HR Fi PT FR EE LT LV MT
u cPOS (RHS) @ €POS CATM @ cATM (RMS)
() (b)

Figure 5. (a) Countries” share by type of POS. (b) Countries’ share by type of ATM (by
100,000 population). Data are calculated as follows: bars = number of € POS (or € ATM) /100,000
population; points = cPOS (or cATM) /100,000 population. Source: national statistics for population;
ECB for € POS and € ATM; Coinmap and CoinATMRadar for cPOS and cATM.

According to the Study on the Payment Attitudes of Consumers in the Euro area [49],
in all the participating countries, crypto-assets are primarily used for investment purposes.
Lithuania, France, Latvia, Italy, Luxembourg, and Spain stand out as the countries with the
highest percentage use of crypto-assets for payments (Figure 6). Beyond these variations,
the differences between the countries do not lead to any other apparent conclusions. Overall,

the use of crypto-assets for payments appears to be low.
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Figure 6. Use of crypto-assets. (Source: Study on the Payment Attitudes of Consumers in the Euro
area (SPACE)—2022 [49]).
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Figure 7 illustrates the breakdown of the number and value of online payments by
payment instrument in the euro area. The four categories include payments by (i) card,
(ii) credit transfer, (iii) e-payment solutions (encompassing PayPal and other online or
mobile methods, such as Klarna [26], iDeal [25], and Afterpay [50]), and (iv) other (encom-
passing loyalty points, vouchers, gift cards, crypto-assets, and other payment instruments).
The first three categories show a slight decrease between 2019 and 2022, except for a
marginal increase in the value of credit transfers. In contrast, both the number and value of
payments in the fourth category, including crypto-assets, show a significant increase.
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Figure 7. Breakdown of number and value of online payments by payment instrument in the
euro area, 2019-2022. (Source: Study on the Payment Attitudes of Consumers in the Euro area
(SPACE)—2022 [49]).

4.2. Market Sector

Those payees around the world that accept crypto-assets for payments belong to
a diverse range; they are not restricted to a particular segment of the market. Bitcoin
can be spent in shops around the globe and, according to bitcoin maps, more than
10,500 merchants accept payment in bitcoin [51]. Other sources support the fact that a
growing number of companies accept payments in crypto-assets [52]. An attempt to cate-
gorise the wide variety and number of payees accepting crypto-assets results in a broad and
varied list, including online market places, such as Crypto Emporium [53] and BitDials [54];
gift card shops, such as Bitrefill [55]; Microsoft; charity organisations, such as the American
Red Cross; luxury fashion shops, such as Ralph Lauren; and e-commerce sites for managing
inventory, shipping, and plane tickets.

Many of these merchants are stores that use the crypto-asset payment service provider
and crypto-asset payment processor BitPay [33], which is based in the USA, and owns
a European subsidiary based in the Netherlands. These merchants receive fiat money
rather than bitcoins, and other crypto-assets paid as bitcoins to merchants are automatically
exchanged for fiat money before they are transferred to merchants. On 22 February 2024,
BitPay [33,56] claimed to have processed 334,486 crypto-asset transactions (assumed to be
payment transactions) over the last six months.

In Europe, the merchant category distribution of bitcoin cPOS terminals shows that
more than 50% of these terminals are placed in catering and service stores (Figure 8).
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There are no data available on the actual use of bitcoin for making payments to merchants,
either in terms of the value or volume of transactions. Furthermore, these figures must be
considered with caution, as they were collected by Coinmap, CoinATM radar, and BTCmap
on a voluntary basis, and include some repetitions and incomplete information on locations
and merchant categories (see Appendix A for the dataset specification), which probably
could not be completely eliminated, despite cleaning.
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Figure 8. The 2023 cPOS market sector as a share of the total volume (Source: BTCmap).

5. Payers—Who Uses Crypto-Assets for Payments?

The ECB SPACE report for 2022 [49] mentions that the influence of crypto-assets on
the payment landscape was not considered in the SPACE report of 2019. However, since
then crypto-assets have spread, perhaps due to secondary effects caused by pandemic
restrictions. In Europe, this may have been further supported by increased regulatory clarity,
which could have affected consumers’ perceptions of crypto-asset usage and payments.
The monitoring of crypto-asset-related developments is therefore becoming more and
more relevant.

There is no publicly available information about who actually uses crypto-assets for
payments. However, data on ownership and use cases within the euro area are avail-
able [57]. Figure 9 shows the overall ownership by country, with the respondents indicating
whether they hold crypto-assets (independent of the size of the holding in proportion to
other assets the respondents may hold). The euro area average shows that a modest 4% of
the population holds crypto-assets, with the highest percentage share being in Slovenia
(8%) and Luxembourg (8%). In Slovenia, the highest percentage of crypto-assets is held
by people in the 25-39 age group. Despite increased attention in popular culture and
the financial markets, the uptake of crypto-assets by the population in general remains
relatively low. Research conducted by the Dutch National Institute for Budget Information
(Nibud) in November 2021 showed that 27% of young adults (18-30 years old) invested in
(not paying with) crypto-assets [58]. Pos concluded in July 2022 that given the early stages
of the discovery and establishment of the utility functions of crypto-assets in mainstream
society (for example, as a means of payment or exchange), a negative relationship between
its utility and the motivation to invest still exists today. In the future, when crypto-assets
are regarded a more established means of payment, for example, this relationship may
turn positive [59].
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Figure 9. Ownership of crypto-assets (Sources: Study on the Payment Attitudes of Consumers in the
Euro area (SPACE)—2022 [49]).

The individuals who disclosed that they held crypto-assets were asked about their
use of them, either for payments, investments, or both. The results varied widely across
groups, with a strong emphasis on saving for investment. In most countries, two to
three times more individuals owned crypto-assets exclusively for investment compared to
those holding them solely for payment purposes.

Examining the countries where investment predominated, the survey revealed that
around 18% of French consumers used crypto-assets for payments, while 60% considered
them an investment vehicle; in Germany, 85% held crypto-assets for investment purposes,
8% for making payments, and 7% for both. Conversely, 24% of the users of crypto-assets
in Lithuania reported using them for payments, and 17% also used them for investments.
While crypto-asset activities, including stablecoin payments, were observed across all
eurozone countries, the reported use for payment purposes was trivial or niche by the end
of 2023.

6. Existing Commercial Payment Systems That Incorporate Crypto-Assets
for Payment Services—Interoperability

6.1. PayPal

PayPal [60] offers customers the ability to buy, sell, hold, send, and receive a range of
crypto-assets, including bitcoin, ethereum, bitcoin cash, and litecoin. Customers can also
use the proceeds from crypto-assets sales to pay for purchases at checkout. PayPal provides
the option for customers to convert their crypto-asset holdings into fiat currency at a given
exchange rate, which, according to PayPal’s terms and conditions, is defined by PayPal. The
platform utilises a single third-party custodian to hold customers’ crypto-assets in PayPal’s
name in a custodial account. PayPal acknowledges the concentration risk associated with
this setup, as stated in the annual report submitted to the U.S. Securities and Exchange
Commission for the fiscal year ending 31 December 2022.

The PayPal crypto-asset service was initially introduced in the USA in October 2020,
followed by its launch in the UK in August 2021. However, in October 2023, the pur-
chasing of crypto-assets in the UK was temporarily paused until early 2024, to comply
with additional UK regulation requirements. However, customers were still allowed to
retain or sell previously acquired crypto-assets. Finally, the PayPal crypto-asset service
became available in Luxemburg in December 2022. Table 1 and Figure 10 summarise the
value of the crypto-assets held by PayPal customers in the USA (for raw data, please refer
to Appendix B).
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Table 1. PayPal custody of crypto-assets (in USD MLN).

30/6/2022  30/9/2022 31/12/2022 31/3/2023 30/6/2023 30/9/2023

Bitcoin (BTC) 326 343 291 499 532 479
Ethereum

(ETH) 219 290 250 362 369 316
Other [Litecoin

(LTC) and

Bitcoin Cash 51 57 63 82 115 82
(BCH)]

TOTAL 596 690 604 943 1016 877

(Source: PayPal annual/quarterly reports to the U.S. Securities and Exchange Commission [61]).
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Figure 10. PayPal custody of crypto-assets (in USD MLN) (Source: PayPal annual/quarterly reports
to the U.S. Securities and Exchange Commission [61]).

Using the daily prices of the crypto-assets, it is possible to calculate the absolute
number of crypto-assets that are in the custody of PayPal (Table 2 and Figure 11, specifically
for bitcoin).

Table 2. PayPal custody of bitcoin.

Date 30/6/2022 30/9/2022 31/12/2022 31/3/2023 30/6/2023 30/9/2023
Bitcoin (BTC) in PayPal

(in USD 10 K) 32,600 34,300 29,100 49,900 53,200 47,900
BTC Price (Close/Last)  19,854.40 19,402.50 16,520.30 28,562.00 30,393.80 27,033.10
Number of BTC in

PayPal (based on 16,419.53 17,678.13 17,614.69 17,470.77 17,503.57 17,719.02
Close/Last price)

(Source: PayPal annual/quarterly reports to the U.S. Securities and Exchange Commission [61]).
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Figure 11. PayPal custody of bitcoin (BTC) (Source: PayPal annual/quarterly reports to the U.S.

Securities and Exchange Commission [61]).

The value (in USD) of the bitcoins safeguarded for PayPal customers is closely aligned
to the fluctuations in the bitcoin price. This results in an almost constant absolute number
of bitcoins throughout the period covered by the reports. This lack of variation in the
number of crypto-assets may evidence a lack of their use in/for payments and may prove
that customers see crypto-assets as investments rather than as a means of payment. A
similar, though milder trend, is observed for ethereum (Table 3 and Figure 12).

Table 3. PayPal custody of ethereum.

Date 30/6/2022  30/9/2022  31/12/2022  31/3/2023  30/6/2023  30/9/2023
Ethereum (ETH) in USD m 219 290 250 362 369 316

ETH price (Close/Last) 1065.10 1328.07 1192.06 1827.24 1919.41 1673.28
Number of ETH in FayFal (based ;- ) 218.36 209.72 198.11 192.25 188.85

on Close/Last price—in K)

(Source: PayPal annual/quarterly reports to the U.S. Securities and Exchange Commission [61].)

Litecoin and bitcoin cash are presented in aggregate in the reports. It is therefore not
possible to extract the absolute numbers by their respective price. All the amounts/values

previously presented refer to the custody of the crypto-assets owned by PayPal customers.
It is not clarified within the reports which amounts/values were used for payments.

However, since PayPal is an online payment solution, at least a fraction of the crypto-assets
purchases may have been intended for prospective payments (when potentially their value
could have risen more), and not solely for investment. The relatively flat curve for the
number of crypto-assets, especially of bitcoin, over a 15-month period is worth examining
in further detail. A potential explanation could be that the initial purchases of crypto-assets
were not followed by sales or they were not used for payments. Alternatively, the initial
purchases of crypto-assets were used for sales and/or payments, but the recipients of the
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crypto-assets were also in PayPal, so the total value was not affected. In August 2023,
PayPal launched its own stablecoin, namely PayPal USD (PYUSD). According to PayPal,
the PayPal USD stablecoin is fully backed by US dollar deposits, short-term US treasuries,
and similar cash equivalents, and can be redeemed for US dollars at a ratio of 1:1 [62].
Initially, it was made available to eligible US PayPal customers and could be used for
payments. In March 2024, PayPal announced that the users of its overseas money transfer
app Xoom [63] would pay no fees if they used PYUSD to fund their transfers, in an effort
to favour its use for international remittances.

2,500

2,000

1,500

1,000

500

Jun-22 Sep-22 Dec-22 Mar-23 Jun-23 Sep-23

Ethereum (ETH) in $m
—— Ethereum (ETH) price (Close/Last)
—MNumber of of ETH in PayPal (based on Close/Last price - in K)

Figure 12. PayPal custody of Ethereum (ETH) (Source: PayPal annual/quarterly reports to the U.S.
Securities and Exchange Commission [61]).

6.2. Google Pay and Apple Pay

Google Pay [64] and Apple Pay [65] are mobile payment services offered by Google
and Apple, respectively, that allow users to make payments, both online and in per-
son. Both Google Pay and Apple Pay encapsulate the underlying payment method [66],
e.g., debit or credit card, by sending a virtual account number to the payee and not the
actual card number. They are available in many countries around the globe, including all
EU countries [67]. Google Pay and Apple Pay can be used to buy crypto-assets, either on
compatible crypto exchanges, e.g., Coinbase [38,68] or Binance [30,69], or on crypto pay-
ment gateways, e.g., BitPay [33,56]. Moreover, payments can be made with crypto-assets
by the following:

e Linking to a crypto debit/credit card, e.g., Coinbase card (VISA debit card) [70],
BitPay card [71], Venmo credit card (VISA credit card) [72], or Bakkt card (VISA debit
card) [73]. When such payments are processed, the crypto-assets spent are converted
to fiat money:.

e Using a payment gateway. A user makes a payment by connecting a Coinbase Com-
merce account to a bitcoin wallet, and then choosing bitcoin and Google Pay at the
online checkout of a merchant that accepts bitcoin payments through Coinbase Com-
merce. Google Pay then sends the payment to Coinbase Commerce, which processes
the bitcoin transaction and credit the merchant’s account.
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Crypto cards are available worldwide with different terms. For example, a Coinbase
card is available in the EU [74], but does not support all the features that are available in
the US, such as the cashback feature, while the BitPay card is currently available to US
residents only. Since early 2023, Google has allowed users to pay for cloud services with
crypto-assets [75]. This fact may be an indication of a potentially wider future inclusion of
crypto-assets in Google Pay. Apple offers the Tap to Pay feature in the iPhone, which allows
merchants to receive contactless payments from credit or debit cards, Apple Pay, and Apple
Watch [76]. This requires only an iPhone on the merchant’s side and no additional terminals
or hardware. Since Apple Pay supports crypto cards, as mentioned above, this means that
customers can make physical contactless payments to merchants using crypto-assets. It
should be noted that the Tap to Pay feature is currently available in selected countries only,
including the USA, the UK, and only in France and Netherlands in the EU.

The relevant statistics indicate a considerable level of Google Pay and Apple Pay
adoption at a global level (Table 4). It should be noted that, although they are relevant for
illustrating the level of adoption, these numbers do not illustrate actual payments made
with crypto-assets at this point in time.

Table 4. Use of Google Pay and Apple Pay for online payments or at POS.

Google Pay Apple Pay

Country i;o(;ils{e?;s(t)asu rants, Online Country z:(gi;’ei{;%a; rants, Online
India 83% 79% United Kingdom  70% 39%
United States 37% 32% United States 59% 36%
Poland 34% 39% Canada 63% 32%
Finland 32% 29% Australia 53% 35%
Germany 31% 16% France 63% 20%
Italy 30% 18% Switzerland 40% 32%
Switzerland 29% 27% Austria 51% 19%
France 29% 15% Sweden 43% 25%
E?fitg"'ddom 28% 23% Netherlands 41% 21%
Canada 27% 25% Germany 46% 16%
Spain 27% 25% Finland 35% 16%
South Africa 26% 26% Italy 35% 13%

Source: Google Pay use per country 2023 | Statista (November 2023); Apple Pay use per country 2023 | Statista
(November 2023) [77]. Percentages refer to the share of respondents who used mobile payments.

7. Concluding Remarks

In this paper, we explore the current use of crypto-assets for payments, taking into
account mostly unbacked crypto-assets, while only referring to crypto-assets that are
stablecoins where specifically mentioned, trying to answer the related questions that
form the topic of crypto-asset-based (retail) payments: (a) which crypto-assets are used
for (retail) payments, (b) why and how are crypto-assets used for (retail) payments,
(c) where are crypto-assets used for (retail) payments, and (d) who uses crypto-assets
for (retail) payments.

Our analysis thus provides rich evidence on various dimensions and indicates that
the market for crypto-assets is volatile and fragmented, and that crypto-assets are mostly
used for speculative purposes rather than for payments. Specifically, although crypto-
assets, such as bitcoin, were originally intended to be used for payments in general, their
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price volatility seems to have prevented them from being broadly used for this purpose in
practice. Indeed, this analysis shows a particularly low (and in specific cases stable) use
in practice of these unbacked crypto-assets via the various available methods, i.e., crypto-
asset payment protocols and gateways. Furthermore, this study of the literature shows
that although crypto-assets can be used to pay in many shops and restaurants and to
make peer-to-peer payments via multiple ways, the most prominent use cases for using
crypto-assets as payments are the following: (i) micropayments, (ii) streaming, (iii) instant
settlement for tokenised assets, and (iv) cross-border payments. We note that when used
for payments, crypto-assets are oftentimes converted into fiat money. This means the actual
payments are not made using crypto-assets. At the same time, our analysis regarding the
payers shows that crypto-assets are predominantly held by younger age groups and this
may hint at a potential broader adoption in the future.

Despite the current low volume of examined crypto-asset-based payments, this study
of the ways to pay with crypto-assets and their adaption shows that the rise of DeFi
protocols and collaborations between crypto exchanges and payment firms has expanded
the usability of crypto-assets in everyday transactions. Moreover, the greater presence of
cPOSs and cATMs in several countries may indicate that both merchants and customers
are interested in offering and using crypto-assets for payments. However, the data for
PayPal show an almost constant quantity of bitcoins and ethereum held by PayPal users
throughout 2022 and 2023. This may evidence their lack of use for payments and may
prove that users hold them for reasons other than as a means of payment or, alternatively,
that the payees kept the crypto-assets in PayPal, so the total amount was not affected. The
next steps in this line of research could be to analyse whether the use of crypto-assets for
payments, for example using PayPal, is higher when the price of crypto-assets stabilises
following a peak. This could indicate that users buy crypto-assets for speculative reasons
and only use them for payments after they have realised a capital gain.

Due to the lack of official data regarding the use of crypto-assets, we have based our
analysis on a combination of data from various publicly available sources and studying
the developments and trends in this field. One such trend is the fact that some payment
service providers are developing and integrating stablecoins into their services. The most
relevant example is PayPal’s launch of its own dollar-pegged stablecoin (PayPal USD).
Given that PayPal operates akin to a big tech entity, in that it is deeply integrated into
online commerce, with an extensive global customer base and expansive operations, it
could easily and quickly scale up the use of its stablecoin.

We thus note that the current developments towards interoperability and integration
with existing financial infrastructures, in combination with the entering into force of the
MiCAR and other international regulatory developments, such as the current ones in
the US, could potentially increase the interest in owning and using crypto-assets that
qualify as stablecoins. Looking ahead, factors, such as regulatory approval, technological
advancements, and expanding use cases, could drive the adoption of crypto-assets for
payments. However, this would require overcoming a number of challenges, such as high
volatility and lack of legal settlement finality. While payment protocols aim to address
these issues, a broader adoption of crypto-assets also depends on regulatory factors.

We believe that fostering a clear understanding of the developments around crypto-
asset payments and monitoring the various degrees of adoption throughout different
markets could contribute to identifying the broader implications of using crypto-assets in
the payment ecosystem and in maintaining the integrity and stability of the financial system.
Our work aims to provide a basis for understanding the domain via various dimensions that
need to keep being explored by the interested authorities and other stakeholders, keeping
in mind that to achieve a thorough and comprehensive analysis of the domain, it would be
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useful to improve the quality of the data collected and to enhance data sharing protocols, as
well as to establish monitoring capabilities that are in line with the MiCAR requirements.
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Appendix A. How cPOSs and cATMs Work

A transaction can be made at the physical point of sale (POS) [78] with crypto-assets in
two ways: (i) through an exchange between two crypto wallets (wallet to wallet), where the
transaction is validated by a blockchain (Figure A1l); and (ii) via a three-party scheme. In
both cases, the merchant enters the sum due in fiat currency on its device or on a dedicated
physical cPOS device, and selects the crypto-asset with which the customer prefers to pay
and/or is accepted by the merchant. A QR code or a public key is then generated through
which the customer, using his/her device, can pay the sum due from his/her crypto wallet.
In the case of a three-party scheme, an intermediary acts as the guarantor of the transaction
on behalf of the merchant. The merchant can request the accreditation of the crypto-asset
just used for the payment or the equivalent in fiat currency through their account.

Public
Customer ook Merchant

& )

Figure A1. Crypto POS transaction.

The process shown in Figure A2 represents the three-party scheme, where a payer can
obtain goods or services by transferring crypto-assets. An exchange accepts the crypto-
assets and transfers them to the merchant with which it has an agreement. The exchange
regulates the transaction with the customer on a blockchain and orders a credit transfer in
fiat currency for the merchant through a financial intermediary (a so-called hands-off circuit
in which the merchant never comes into possession of the crypto-assets). Alternatively, the
exchange can send the crypto-assets to the merchant’s account (hands-on circuit).

A cATM allows a user to make transactions in crypto-assets using cash, payment cards,
or apps linked to traditional bank accounts. A user must register at the cATM, inserting
a front/back photo of an identification document and providing a mobile number. Once
the user has been verified, he/she will be able to access the service by entering his/her
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mobile number and typing or scanning the address of the wallet on which he/she wishes to
receive the purchased crypto-assets. Finally, the user will insert cash or make a credit card
payment in the fiat currency equivalent of his/her purchase of crypto-assets. The receipt
issued by the terminal to confirm the purchase includes a QR code. This code contains
the public and private keys and can be scanned and immediately recognised by digital
wallet apps.

Customer s Exchange Bank Merchant

Blockchain
€ = £ g
/ I =
‘ L rm—m™ ¢ c\ Public Merchant

4
1
1
1
1
ﬂn
(|
=

Hands on

Figure A2. Crypto POS transaction with an exchange.

Two-way cATMs offer bidirectional functionality for both the purchase and sale of
crypto-assets (e.g., Genesis Coin, General Bytes, and Lamassu), while one-way cATMs offer
only the possibility of purchasing crypto-assets using fiat currencies (e.g., BitAccess). In the
case of Bitcoin Teller, the transaction does not take place through a terminal but at a cash
register, where the customer shows the QR code to a person to finalise the transaction.

The operators who manage cATMs provide liquidity to a terminal using a crypto
wallet that is constantly connected to the internet (hot wallet). Liquidity is provided
to a hot wallet from a customer’s own capital (fiat currency or crypto-assets), through
immediate mirroring operations with an exchange, or through a liquidity provider (Coin
ATM Radar Blog).

The process, which is illustrated in Figure A3, is as follows: A customer initiates the
purchase of crypto-assets in cash at a cATM. At the same time, the terminal accesses the
hot wallet and sends the required amount of crypto-assets to the address provided by
the customer (T1). The transaction is concluded and no further action is required. The
operator periodically withdraws fiat money from the cATM (T2) and converts it into crypto-
assets (T3). This operation can take place on an over-the-counter market or on an exchange.
When the operator receives the purchased crypto-assets, it replenishes the balance of the
hot wallet (T4), which will again be used by the cATM for other users’ operations.

Operator Hot wallet Crypto-ATM Customer

Fiat currency

Figure A3. Sale of crypto-assets through own capital.

Another way of operating with a cATM is to hold a relatively small amount of crypto-
assets in an operator’s hot wallet (i.e., volume for 1-2 days), while the rest of the amount is
deposited in fiat currency at a crypto-asset exchange (the same hot wallet can be supported
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by different exchanges). The process, which is illustrated in Figure A4, is as follows: A
customer initiates the purchase of crypto-assets from the cATM. At the same time, the
terminal starts two processes. On the one hand, it accesses the hot wallet and sends the
crypto-assets to the address provided by the customer and, on the other, using an API
connection, it sends a signal to the exchange (where the operator has an open account
and fiat liquidity ready to be used for trades) that purchases the same crypto-assets on
the market. All of this happens simultaneously (T1) to ensure that the price is fixed at
the time the customer starts the process at the cATM. After the purchase is completed,
the crypto-assets are sent from the exchange balance to the operator’s hot wallet (T2) (the
transition to the hot wallet can be omitted, and the crypto-assets can be sent to the user’s
address directly from the exchange). The operator periodically withdraws cash from the
cATM (T3), deposits it into a bank account (T4), and then transfers it to the exchange (T5)
via a credit transfer, making the funds available again in the form of fiat liquidity.

Hot wallet

* Crypto-ATM Customer

T2 g L @

J \
[ sl
Exchange / -
o
¥

Operator

TSH - l

Bank Fiat currency
T4
I & =

Figure A4. Immediate mirroring operations with an exchange.

(=1

This process reduces the volume of funds held in crypto-assets in the operator’s hot
wallet. The wallet can therefore have a very low balance, as it is replenished after each
purchase. Ultimately, the process can be facilitated by a liquidity provider, who converts
fiat currency into crypto-assets. The process, which is illustrated in Figure A5, is as follows:
When the customer purchases crypto-assets at the terminal (T1), these crypto-assets are sent
from the operator’s hot wallet to the customer’s wallet (T1). At the same time, information
on the transaction is sent to the liquidity provider, who, without carrying out any transfer of
funds, locks in the exchange rate for that specific amount (T1), giving rise to an agreement
for that amount of crypto-assets. These agreements accumulate over time. The operator
periodically (T2) withdraws cash from the cATM and deposits it into their bank account
(T3). The liquidity provider receives the fiat funds from the operator’s bank account for
the value needed via a credit transfer (T4). It then carries out the conversion based on
the amounts/exchange rates of the various agreements and sends the crypto-assets to the
operator’s hot wallet (T5).
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Appendix B. Value of Crypto-Assets Held by PayPal Customers in the US

per Quarter, 2022-2023

Table A1. On 30 June 2022, PayPal had USD 596 m of value worth in safeguarding of crypto-assets.

Bitcoin (BTC) USD 326 m
Ethereum (ETH) USD 219 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 51 m

TOTAL USD 596 m

Table A2. On 30 September 2022, PayPal had USD 690 m of value worth in

crypto-assets.

safeguarding of

Bitcoin (BTC) USD 343 m
Ethereum (ETH) USD 290 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 57 m

TOTAL USD 690 m

Table A3. On 31 December 2022, PayPal had USD 604 m of value worth in

crypto-assets.

safeguarding of

Bitcoin (BTC) USD 291 m
Ethereum (ETH) USD 250 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 63 m

TOTAL USD 604 m

Note: The decrease between September and December 2022 is probably explained by the significant decline in

crypto valuations following the collapse of the FTX exchange.

Table A4. On 31 March 2023, PayPal had USD 943 m of value worth in safeguarding of crypto-assets.

Bitcoin (BTC) USD 499 m
Ethereum (ETH) USD 362 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 82 m

TOTAL USD 943 m
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Table A5. On 30 June 2023, PayPal had USD 1.016 m of value worth in safeguarding of crypto-assets.

Bitcoin (BTC) USD 532 m
Ethereum (ETH) USD 369 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 115 m
TOTAL USD 1.016 m

Table A6. On 30 September 2023, PayPal had USD 877 m of value worth in safeguarding of crypto-

assets.
Bitcoin (BTC) USD 479 m
Ethereum (ETH) USD 316 m
Other (Litecoin and Bitcoin Cash (LTC and BCH)) USD 82 m
TOTAL USD 877 m

The following remarks apply to all of the tables above:

e  The reports referring to the periods before Q2/2022 do not contain granular data on
crypto-assets. This granularity was required by the Staff Accounting Bulletin No. 121
published on 31 March 2022.

e Inall the reports, litecoin and bitcoin cash are presented in the aggregate.

e  The crypto-asset valuation in USD is performed as explained in the reports: “The
crypto-asset safeguarding liability and corresponding safeguarding asset are measured
and recorded at fair value on a recurring basis using prices available in the market
PayPal determines to be the principal market at the balance sheet date”. According to
the IRFS 13 Standard, the “Fair value is the price that would be received when selling
an asset or paid to transfer a liability in an orderly transaction in the principal (or
most advantageous) market at the measurement date under current market conditions
(i.e., an exit price) regardless of whether that price is directly observable or estimated
using another valuation technique”.

Appendix C. Top Four Payment Protocols
Appendix C.1. Lightning Network

The Lightning Network [16] is a protocol for multiparty financial transactions with
bitcoin. It was built as a second layer for bitcoin, facilitating “instant” micropayments
without delegating the custody of funds to trusted third parties. (The Lightning Network
was developed in an attempt to alleviate some of the drawbacks of the bitcoin network.
Initial transactions confirmed on the bitcoin blockchain take up to one hour before they
become irreversible. This is because bitcoin aggregates transactions into blocks spaced
ten minutes apart. Payments are widely regarded as secure on bitcoin after confirmation
of six blocks or after about one hour). The network itself is deployed on the internet and
runs on thousands of nodes around the world. The Lightning Network aims to facilitate
these “instant” payments on a blockchain through programmed automated smart contracts.
This eliminates the need for individual payment transactions that congest the blockchain.
Payment speed is thus improved and measured in milliseconds to seconds. The Lightning
Network enables micropayments, i.e., payments of less than a few cents denominated in
bitcoin (down to a price of 0.00000001 bitcoin).

Because of its claimed scalability (millions to billions of transactions per second across
the network), the Lightning Network enables machine-to-machine payments and auto-
mated micropayment services that are not possible on the bitcoin blockchain. The Lightning

91



FinTech 2025, 4, 15

300

250

200

150

100

50

Network’s features and usability may explain the increase in its TVL. Figure A6a,b) show
the TVL of the Lightning Network from March 2021 to early 2024 in USD and BTC, respec-
tively. These figures show an increasing trend in the TVL in BTC and fluctuations in the
TVL in USD, which are most likely due to the price fluctuations of BTC. The TVL peaked
in early November 2022 at USD 215 million. From October 2023, the TVL in USD was
trending upwards, with the figure of USD 212 million in early February 2024 coming close
to the November 2022 peak.
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Figure A6. (a,b) Lightning Network TVL (Source: our calculation on DeFiLlama).

The Lightning Network may have accelerated the adoption of bitcoin, especially con-
sidering (i) the acceptance of bitcoin as legal tender in El Salvador in September 2021 [79],
(ii) the broader adoption of Lightning Network wallets for use in payments and custody,
and (iii) its integration with e-commerce and payments platforms. The Lightning Network
is interoperable with other crypto-asset networks that hope to improve their own scala-
bility. Whereas the Lightning Network is based on the idea of decentralisation, in reality,
centralisation seems to be increasing, as the businesses that invest in the network control
it. Other issues that have been raised concerning the Lightning Network are fraud, fees,
and hacks [80].

Appendix C.2. Flexa

Flexa [20] is a payment protocol that is used in the United States, Canada, and El
Salvador. Flexa claims to allow for the near-instant settlement of crypto-asset transactions.
A payer can use a wide variety of crypto-assets. A payee receives payment in the local
fiat currency. The protocol claims to offer secured transactions with a unique, digital
authorisation code that cannot be decrypted or reversed. Customers can access the mobile
Flexa Spend app to connect to the network and make payments using crypto-assets, includ-
ing bitcoin and ethereum. A Flexa transaction involves generating a flexcode for instant
payment in the chosen crypto-asset. Recipients receive the settlement value in the fiat
currency without incurring conversion fees. A sample Flexa transaction flow is presented
in Figure A7. The network’s instant payment authorisations are facilitated by AMP, the
network’s native token, which serves as collateral for payment decentralisation. AMP
rewards token holders with more tokens for providing collateral and securing successful
payment transactions. The AMP token has a maximum supply of almost 100 billion ERC-20
tokens, with approximately 42 billion tokens currently in circulation. These tokens are
secured on the Ethereum network; approximately USD 280 million of these tokens are
staked or deposited in other DeFi protocols. Stakeholders can lock their AMP tokens in
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real time to secure payment transactions on the Flexa network, independent of blockchain
confirmations. Unvalidated transactions can result in the liquidation of AMP collateral to
ensure payment completion.

Customer Merchant

LB

POS Terminal
o 5]
Flex Network @
Protocaol
Merchant’s
Bank

Figure A7. Flexa transaction flow. (1) A customer scans the app at merchant POS for payment
with any crypto-asset supported by Flexa. (2) The app requests the current conversion rate for
the customer’s desired crypto-asset and submits a blockchain transaction via Flexa. (3) The Flexa
network transmits a one-time authorisation code (FPAN) in real time to authorise the transaction on
the merchant’s POS terminal, then pushes fiat funds to the merchant’s bank account. The customer’s
purchase is complete (Source: Flexa Network Whitepaper [81]).

Figure A8a,b represent the TVL of Flexa in AMP tokens in USD and ETH. The values
increased in 2021 when the TVL reached about USD 2.5 billion. The TVL indicator for Flexa
may represent the volume of transactions, since for each transaction the same amount of
AMP tokens is locked by the protocol for reimbursing possible failures. The TVL of Flexa
AMP tokens at the end of 2023 was around USD 80 million.
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Figure A8. (a,b) Flexa TVL (AMP tokens) (Source: our calculation on DeFiLlama).

Flexa has a spending limit of USD 750 per week. Furthermore, crypto-assets cannot be
withdrawn instantly from the app (off-ramp), other than to be used for payments. The app
and the network also have operational issues and each purchase is taxable. The Flexa app
has only been downloaded 5000 times in three years since its release in 2019 on the Google
Play Store. This number is much lower compared to the number of AMP holders (about
96,000) and also to the anticipation of thousands of retailers. The use of Flexa seems to be
highly concentrated in terms of the numbers of users and their geographical location.
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Appendix C.3. Sablier Finance

Sablier is a protocol for real-time payments based on streaming. (Streaming function-
ality can be explained by an hourglass, with grains of sand steadily flowing through it. By
replacing the sand with crypto-assets and the hourglass with a streaming payments appli-
cation, such as Sablier, we have a clear understanding of token streaming.) After a payer
makes an initial deposit of crypto-assets, smart contracts start streaming the crypto-assets
to the recipient. The transfers occur automatically via smart contracts with a pre-defined
frequency, e.g., a fraction of the entire contract value is transferred every second from
the sender to the recipient until the duration specified in the contract has ended and the
contract has matured. The payee can withdraw the crypto-assets that have been transferred
to his/her wallet at any time and then exchange them into fiat money. Streaming services
are especially useful for use cases such as payrolls, where employees receive crypto-assets
in real time for their work, instead of on a monthly basis in fiat money. Sablier is also used
for vesting (vesting refers to the gradual or conditional release of tokens to stakeholders,
like employees, founders, investors, or community members), airdrops (an airdrop is a
marketing strategy that involves sending crypto-assets to the wallet addresses of the active
members of a blockchain community for free or in return for a small service, such as
retweeting a post of the company issuing the crypto-asset), and grants. The Sablier protocol
was started on the Ethereum blockchain and was later also enabled on other blockchains,
such as Polygon, Binance Smart Chain, Optimism, and Arbitrum. Access to the Sablier
payment service is provided via an application (dApp), which provides web interfaces
for streaming money and for receiving the streamed money. The application provides
integration with wallets, including MetaMask and Coinbase. Sablier is governed by the
Protocol admin, a collection of multisignature (MultiSig) wallets (multisignature wallets
require more than one private key and add a layer of security to crypto-asset storageccessed
on 2 November 2024)). The distribution of tokens varies over time. Figure A9a,b show the
distribution of the TVL of Sablier V2 tokens in November 2023. If vesting tokens (Vesting
tokens are a type of digital asset that are gradually released to the holders over a period of
time, according to a predefined schedule; they are often used to incentivise the long-term
commitment and alignment of interests of the stakeholders of a crypto-asset project, such
as the founders, team members, investors, or community members. Vesting tokens can
have different terms and conditions, such as cliff periods, linear or non-linear release rates,
and revocability clauses, and can affect the circulating supply and the market value of a
crypto-asset, depending on the demand and supply dynamics. (https://coinmarketcap.
com/alexandria/article/what-does-vesting-mean-in-crypto—accessed on 2 November
2024)) are included, the token with the highest TVL was TokenSight (TKST), a crypto-asset
that was launched on 28 October 2023 for the TokenSight vesting program. Sablier V2 TVL
showed a significant increase from USD 2 million to almost USD 50 million during that
period. This increase can be explained by the launch of TKST and the TokenSight vesting
program (https:/ /blog.sablier.com/how-tokensight-leverages-sabliers-vesting-solution/ /
(accessed on 2 November 2024)). More specifically, TKST locked up over 80% of its token
supply in Sablier’s token distribution protocol. However, the distribution of the Sablier
V2 TVL in the supported tokens was different at the end of November 2023, after the
vesting processes had started and the TKST tokens were unlocked and transferred to the
vesting streams.
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Figure A9. TVL distribution of Sablier V2 tokens (November 2023) (Source: our calculation on
DefilLlama dataset).

A different distribution of tokens can be seen for Sablier V1, which also varied over
time (Figure Al10a,b).
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Figure A10. TVL distribution of Sablier V1 tokens (November 2023) (Source: our calculation on
DefilLlama dataset).

Appendix C.4. LlamaPay

LlamaPay [18] is a multi-chain protocol (Multi-chain is a process where projects
deploy smart contracts across multiple blockchains, connecting isolated chains together
as one network. This differs from regular chains, such as Bitcoin or Ethereum, each of
which are individual chains. Retrieved from https://www.techopedia.com. (accessed on
2 November 2024)) that also enables money streaming. Unlike Flexa, the users (recipients)
of Llama Pay can withdraw their received crypto-assets at any time. LlamaPay is used as
an automated salary streaming protocol, where salaries can be paid to employees for every
second they work. Itis currently used by Yearn Finance, Convex Finance, and SpookySwap.
Figure A11 presents its TVL, which was about USD 2.4 million at the end of 2023 (fourth
protocol in TVL ranking of payment protocols).
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Abstract: This study examines racial and ethnic disparities in mortgage-lending outcomes
across different lender types—large banks, fintech lenders, non-bank lenders, small banks,
and credit unions—using Home Mortgage Disclosure Act (HMDA) data from 2018 to
2023. By analyzing approval rates, rate spreads, and origination charges, we evaluate how
borrower outcomes vary by race and ethnicity, controlling for loan characteristics, borrower
attributes, and regional factors. Our findings reveal that Black and Hispanic borrowers
consistently face less favorable terms than White borrowers, with disparities differing by
lender type. Large banks, operating under stringent regulatory oversight, demonstrate
relatively equitable pricing but impose higher loan denial rates on minorities. Credit unions,
despite offering the lowest rate spreads overall, penalize minority borrowers more severely
in pricing than other lender types. Fintech lenders, while charging higher-rate spreads and
fees, show smaller credit access disparities for minority borrowers. Non-bank and small
banks display mixed results, with inconsistencies in their treatment of minorities across
pricing and credit access. These results highlight that neither technological innovations
nor alternative lending models alone suffice to eliminate systemic inequities. Achieving
equitable mortgage lending requires enhanced regulatory oversight, greater transparency
in algorithmic decision-making, and stricter enforcement of fair lending practices.

Keywords: mortgage lending; racial disparities; fintech lenders; regulatory oversight;
fair lending
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1. Introduction

Racial and ethnic disparities in U.S. mortgage lending have persisted despite decades
of policy attention and regulatory oversight. Prior research demonstrates that Black and
Hispanic borrowers often confront higher denial rates, elevated interest rates, and greater
financial burdens than their White counterparts, even when controlling for creditworthiness
and other relevant factors [1-3]. Such disparities restrict homeownership opportunities,
impede wealth accumulation, and undermine the goals of fair lending laws designed to
promote equity and inclusion [4,5].

The mortgage market has evolved dramatically over the past decade, with non-bank
and fintech lenders capturing a growing share of originations [6-8]. Proponents argue that
fintech innovations, by leveraging technology, can bridge financial divides and promote
inclusion, potentially reducing racial and ethnic disparities in lending [9]. Although fintech
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algorithms and online platforms can expedite processing and potentially reduce some forms
of human bias, recent research shows that these tools do not inherently eliminate racial
disparities and may, in some cases, entrench them in pricing models [10,11]. Non-bank
lenders, operating with lighter regulatory constraints, may likewise perpetuate inequities
due to their pricing structures and reliance on alternative risk-assessment strategies [12].

In contrast, large banks—traditionally subject to more rigorous regulatory scrutiny,
comprehensive examinations, and robust compliance mandates—may face stronger incen-
tives to adhere to fair lending standards. Heightened supervisory pressure, combined with
standardized underwriting systems, may limit the scope for discretionary bias and lead to
more equitable lending outcomes, as recent evidence suggests [5,7].

This study contributes to the ongoing debate over how lender type and regulatory en-
vironment shape the experiences of minority borrowers in the U.S. mortgage market. Using
Home Mortgage Disclosure Act (HMDA) data from 2018 to 2023, we analyze disparities
in loan approval rates, rate spreads, and origination charges across credit unions, fintech
lenders, large banks, non-bank lenders, and small banks, controlling for borrower- and
loan-level characteristics, as well as geographic and temporal factors. Focusing on three
critical dimensions of mortgage lending—credit access, pricing strategies (rate spreads),
and loan costs (origination charges)—we uncover distinct patterns across lender types that
underscore the complexity of addressing disparities.

Large banks, operating under stringent regulatory oversight, emerge as relatively
equitable benchmarks in terms of rate spreads, often showing less pronounced pricing
disparities for minority borrowers compared to White borrowers. However, their stringent
credit-access criteria result in significantly higher denial rates for minorities, limiting their
inclusivity. Credit unions, despite offering the lowest overall rate spreads, paradoxically
impose the steepest penalties on minority borrowers, particularly Black and Hispanic
applicants, raising concerns about inequities in their pricing practices. Fintech lenders,
although more expensive in some respects, impose fewer minority-specific penalties and
improve approval odds for minority borrowers compared to large banks. Meanwhile,
non-bank lenders and small banks produce more varied outcomes, at times narrowing
disparities but often failing to eliminate them in either pricing or loan costs.

These findings reveal that the proliferation of new lender types and the emergence of
algorithmic decision-making tools do not inherently guarantee more equitable lending prac-
tices. While some lenders improve access or reduce specific penalties, persistent disparities
remain, highlighting the limitations of market-driven solutions. Addressing these systemic
inequities requires sustained policy interventions, robust regulatory oversight, transparent
and unbiased underwriting algorithms, and a continued commitment to enforcing fair
lending laws. Ultimately, this study underscores the need for a multifaceted approach to
ensure fair and equitable access to mortgage credit for all borrowers.

Furthermore, our study contributes to the literature by providing the first comprehen-
sive analysis of racial disparities across five lender types using HMDA data from 2018-2023.
Unlike prior work focusing solely on one or two lender types or eras, we reveal nuanced
patterns in credit access, pricing, and costs across large banks, fintech lenders, credit unions,
non-bank lenders, and small banks. Our findings shed light on the limits of technological
innovation in addressing systemic inequities and underscore the critical role of enhanced
regulatory frameworks.

In light of these persistent disparities and the evolving landscape of mortgage lending,
this paper tests the following two hypotheses:

Hypothesis 1. (approval disparities): Even after controlling for borrower creditworthiness (e.g.,
loan-to-value ratios, income, and debt-to-income ratios), Black and Hispanic borrowers will exhibit
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lower loan approval rates than White borrowers, and the magnitude of these disparities will vary by
lender type (e.g., large banks, fintechs, non-banks, small banks, and credit unions).

Hypothesis 2. (cost disparities): Conditional on loan approval, Black and Hispanic borrowers will
face higher borrowing costs (e.g., rate spreads and/or origination charges) than similarly qualified
White borrowers, with varying degrees of pricing penalties observed across different lender types.

By empirically evaluating these two hypotheses, we aim to ascertain whether
newer lending models, such as fintech, can mitigate racial and ethnic disparities, or
whether existing biases merely manifest in different ways under varying regulatory and
operational structures.

2. Literature Review

A large body of research documents show persistent racial and ethnic disparities in
the U.S. mortgage market. Foundational studies have established that, when controlling
for creditworthiness and borrower characteristics, Black and Hispanic applicants are more
likely to be denied loans, to be charged higher interest rates, and to face steeper financial
costs than similarly situated White borrowers [2,3,13]. Subsequent work continues to
confirm these patterns, underscoring that racial disparities in mortgage lending are neither
historical relics nor solely attributable to observable risk factors [1,5].

Against this backdrop, transformations in the mortgage industry have prompted
new lines of inquiry. Non-bank lenders have surged in market share, raising concerns
that their less stringent regulatory environment may facilitate new or persistent forms of
discrimination [6,12]. While some non-bank lenders broaden access, they often do so at
higher cost or under less transparent pricing regimes, potentially widening disparities for
minority borrowers [7].

Fintech lending has also attracted scrutiny. Proponents of fintech argue that automated
decision-making, driven by data and algorithms, can minimize human bias in credit
decisions [9]. Yet, empirical evidence suggests that algorithmic models may simply replicate
existing biases, leading to persistent, if more subtly embedded, inequities in interest rates
and other loan terms [10,11,14]. Thus, while fintech innovations may streamline application
processes, they do not inherently guarantee more equitable outcomes.

The expansion of fintech lending platforms has reshaped mortgage markets, yet
persistent disparities remain across racial and ethnic groups. Haupert [15] investigates the
relationship between fintech mortgage lending and metropolitan segregation, revealing
that fintech lenders are less likely to issue subprime loans than traditional lenders in areas
with high Black segregation, but disparities persist, especially among Hispanic borrowers.
This aligns with findings from Fourcade and Healy [16], who argue that algorithmic scoring
systems, while seemingly neutral, often reinforce existing social stratifications by using
vast amounts of consumer data to categorize and rank individuals. Additionally, the
racial landscape of fintech lending, as examined by Haupert [17], indicates that while
fintech lenders reduce racial disparities in loan approvals compared to traditional lenders,
they continue to distribute subprime credit disproportionately to minority neighborhoods.
These insights underscore the need for regulatory scrutiny to ensure fintech models do not
perpetuate systemic biases under the guise of algorithmic neutrality.

In contrast, large banks—often subject to more intensive oversight and compliance
demands—provide a useful point of comparison. Regulatory examinations by agencies
like the Office of the Comptroller of the Currency (OCC), the Federal Reserve, and the
Consumer Financial Protection Bureau (CFPB) can incentivize these institutions to im-
plement standardized, risk-based underwriting procedures; reduce discretion; and more
rigorously comply with the Equal Credit Opportunity Act (ECOA) and the Fair Housing
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Act [5]. This more stringent regulatory environment may help large banks produce more
equitable results, as they have both the infrastructure and the incentives to align their
lending practices with fair lending norms.

Credit unions, small banks, and other community-based institutions, which often
rely on relationship lending or localized discretion, might be expected to serve minority
borrowers effectively. Yet, studies suggest that personalized decision-making can introduce
subjectivity and bias, undermining equitable outcomes [13]. Thus, even lenders with
ostensibly community-focused missions may inadvertently perpetuate disparities if they
rely on less standardized assessment tools.

The historical context of mortgage-lending disparities reveals entrenched patterns
of racial exclusion and financial exploitation. Faber [18] examined subprime lending
during the peak of the housing boom and found that Black and Latino borrowers were
disproportionately targeted for high-cost loans, even among wealthier minority applicants
who would have qualified for prime loans. This pattern, where higher-income minorities
were still subjected to subprime terms, underscores how structural inequities persisted
in mortgage pricing. Similarly, Hammel and Nilsson [19] analyzed the aftermath of the
foreclosure crisis and highlighted that high-foreclosure minority neighborhoods faced
sustained barriers to mortgage credit access, with significantly higher loan denial rates.
These findings align with our analysis of the 2018-2023 HMDA data, demonstrating
that while fintech and non-bank lenders have expanded access to mortgage credit, the
persistence of pricing disparities suggests that historical patterns of exclusion continue to
shape borrower experiences today:.

Loya [20] highlights racial stratification within the Latino borrower population, em-
phasizing that Black Latinos face higher loan rejections and costlier mortgage products
compared to White and Asian Latinos. Sanchez-Moyano [21] further explores how geo-
graphic patterns and neighborhood racial compositions influence Hispanic homeownership
disparities, emphasizing the importance of spatial factors in lending outcomes. Haupert
and Lee [22] investigate the role of fintech lenders in subprime mortgage lending across
immigrant gateway metropolitan areas, revealing that while fintech lenders may reduce
disparities in some contexts, they can still reflect racial disparities based on neighbor-
hood demographics. Collectively, these studies underscore the importance of considering
racial subgroup differences, spatial influences, and lending technologies in mortgage
market analyses.

Overall, the literature indicates that racial and ethnic disparities in mortgage lending
persist across evolving market structures and technological advances. While emerging
lender types have shifted the competitive landscape, regulatory frameworks and enforce-
ment remain pivotal in shaping equitable outcomes. As this study shows, investigating
lender type in conjunction with borrower race and ethnicity can yield deeper insights into
where and why disparities arise, informing the development of policies and regulatory
interventions that promote fair and inclusive access to mortgage credit.

3. Data and Sample

Our study analyzes Home Mortgage Disclosure Act (HMDA) data from 2018 to 2023,
focusing on conventional first-lien 30-year fixed-rate conforming mortgages for owner-
occupied, single-family properties. To ensure consistency, relevance, and replicability, we
applied several filters to the data. We included only loans for owner-occupied properties by
filtering records where the occupancy type equals 1. For dwelling type, we retained records
categorized as “Single Family (1-4 Units): Site-Built.” Loan purposes were limited to home
purchase, refinancing, or cash-out refinancing, as indicated by specific loan purpose codes
(1,31, or 32).
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We restricted the analysis to first-lien loans by including only records where the lien
status equals 1, and we excluded reverse mortgages (reverse_mortgage = 2) and open-end
lines of credit (open_end_line_of_credit = 2). Similarly, loans for business or commercial
purposes were removed by excluding records where business_or_commercial_purpose
equals 1. We also filtered out loans with features such as negative amortization, interest-
only payments, or balloon payments to focus on standard mortgage products. Only loans
meeting conforming loan limits were included (conforming_loan_limit = “C”), and the
sample was further restricted to those with a loan term of 360 months (loan_term = 360).

Finally, we excluded applications with missing or unspecified race or ethnicity to
enhance the reliability of demographic analyses. This detailed filtering process reduced the
dataset to 29,338,620 mortgage applications, providing a robust and consistent sample for
our analysis.

Please note that property values and incomes are typically reported for approved
loans but are often missing from rejected applications. To avoid introducing bias and to
maintain a representative sample, we included observations with missing values rather
than excluding them. Excluding these observations would disproportionately remove
rejected applications, reducing the sample size from 29 million to 23 million and limiting
our ability to analyze approval disparities. Retaining all observations ensures that both
approved and rejected loans are represented, despite the challenges posed by missing data.

We classified lender types using a structured approach. To determine whether a
lender was a bank or a subsidiary of a bank, we checked for the presence of a bank
charter, a Regulatory Reporting System ID (RSSD), or a bank parent. Lenders without
these identifiers were classified as non-banks. Fintech lenders were identified based on
a more nuanced methodology, drawing on prior research by Buchak et al. [6] and Fuster
et al. [7]. Specifically, we classified non-banks as fintech lenders if their mortgage-lending
process up to the preapproval stage could be completed entirely online and if their business
model relied predominantly on online channels. Large banks were identified using the
Federal Reserve’s Comprehensive Capital Analysis and Review (CCAR) list, while banks
not subject to CCAR were categorized as small banks. Credit unions in the HMDA data
are identified by an agency code of 5, which corresponds to the National Credit Union
Administration (NCUA), the regulatory body responsible for overseeing federally insured
credit unions. These classifications enabled us to distinguish between traditional banking
institutions and technology-driven or alternative lenders, providing critical insights into
the evolving dynamics of the mortgage market.

Figure 1 illustrates the evolving market shares, measured by total loan originations,
across various lender types from 2018 to 2023. Non-bank lenders increased their market
share from 41.9% in 2018 to 47.6% in 2023, solidifying their dominant position in the
mortgage market. Fintech lenders also show consistent growth, rising from 9.5% to 12.5%,
reflecting the increasing reliance on technology in mortgage origination. In contrast, both
small and large banks experienced declines in market share. Large banks” share fell sharply
from 21.8% in 2018 to 12.8% in 2023, while small banks also declined, from 14.3% in 2020 to
12.8% in 2023. Credit unions maintained a relatively steady contribution, accounting for 7—-
9% of the market throughout the period. These trends underscore the shifting landscape of
the mortgage industry, characterized by the growing prominence of non-bank and fintech
lenders alongside a diminishing role for traditional banking institutions.

Table 1 presents summary statistics for the sample of 29,338,620 mortgage loans
analyzed, covering the period from 2018 to 2023. The average loan amount is USD 292,522
(SD = USD 148,628), indicating substantial variation in loan sizes. The mean combined
loan-to-value (CLTV) ratio is 76.14%, with half of the loans having a CLTV below 80%. The
average interest rate is 4.01%, and the mean rate spread—representing the difference above

103



FinTech 2025, 4, 8

a benchmark rate—is 0.30%. Loan cost measures reveal considerable dispersion, with mean
total loan costs at USD 4514 and mean origination charges at USD 2263. Discount points
and lender credits also vary widely, averaging USD 2494 and USD 1150, respectively.

Market Share by Origination Type Over the Years
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Figure 1. Market share trends of mortgage originations by lender type (2018-2023). The analysis
categorizes lenders into credit unions, fintech lenders, large banks, non-bank lenders, and small banks.
Market share percentages were calculated annually, capturing the evolution of lending dynamics
across these categories over the observed period.

Demographic and geographic characteristics, based on HMDA data, indicate that the
average percentage of minority residents in the census tracts where mortgage applications
originated is 31.41%. HMDA includes tract-level variables to capture localized economic
and demographic contexts, such as the tract minority population percentage and the tract-
to-MSA income percentage. The latter measures how the median family income of a tract
compares to the broader Metropolitan Statistical Area (MSA) it belongs to; in this study,
the average is 114.35%, suggesting that tract incomes are slightly above their respective
MSA medians. Additionally, the median family income across all MSAs in the dataset is
USD 83,993, providing a benchmark for evaluating regional income disparities.

The sample reflects a diverse lender composition: non-bank, non-credit union (non-
bank) lenders hold the largest share (44.50%), followed by small banks (18.30%), large
banks (15.80%), fintech lenders (12.50%), and credit unions (8.50%). A majority of loans
(53.00%) finance home purchases, with the remainder split between rate refinances (27.30%)
and cash-out refinances (19.80%).

Borrower characteristics show that 38.20% of loans are taken jointly, while 35.10%
and 26.30% are taken by male-only and female-only borrowers, respectively. In terms of
race and ethnicity, White borrowers constitute 72.30% of the sample, followed by Hispanic
(10.40%), Asian (8.30%), Black (6.30%), and Other Minority (2.60%) borrowers.
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Table 1. Summary statistics of HMDA mortgage loan data (2018-2023). Panel A: Descriptive statistics
for continuous variables. Key loan and borrower characteristics, including loan amounts, combined

loan-to-value ratios, interest rates, rate spreads, and financial costs, are summarized. Each variable

includes its count, mean, standard deviation, and percentiles (minimum, 25th, median, 75th, and

maximum). Panel B: Distribution of categorical variables. This panel includes the breakdown of

loans by origination type (e.g., non-bank, small bank, large bank, fintech, and credit unions), loan

purpose (purchase, rate refinance, and cash-out refinance), borrower gender (joint, male, female, and

sex not available), and borrower race/ethnicity (White, Hispanic, Asian, Black, and Other Minority).

The counts and proportions for each category are displayed.

Panel A
Variable Count Mean Std Dev Min 25% 50% 75% Max
loan_amount 29,338,620  292,521.64 148,627.80 55,000.00 175,000.00 265,000.00  385,000.00 735,000.00
combined_loan_to_value_ratio 21,962,344 76.138 17.357 25 66.67 80 90 101.653
interest_rate 21,499,047 4.012 1.206 2.5 3 3.625 4.75 7.625
rate_spread 19,408,842 0.296 0.485 —0.867 —0.006 0.23 0.522 2.06
total_loan_costs 20,350,121 4514.57 2847.50 0 2741.40 3811.81 5522.05 16,022.00
origination_charges 20,465,220 2263.05 2314.20 0 975 1420.00 2855.00 12,242.38
discount_points 8,289,299 2494.30 2632.30 28.75 657.73 1624.75 3375.00 13,854.00
lender_credits 7,871,481 1150.03 1628.00 0.5 92.37 500 1500.00 8208.35
loan_term 29,338,620 360 0 360 360 360 360 360
property_value 23,729,084  409,650.34 237,702.63 85,000.00 245,000.00 355,000.00  515,000.00 1,345,000.00
total_units 29,338,620 1.013 0.115 1 1 1 1 2
income 28,900,592 107.127 68.657 16 60 90 135 402
tract_minority_population_percent 29,338,620 31.406 24.742 0 12.15 24.12 44.94 97.13
tract_to_msa_income_percentage 29,338,620 114.354 42.186 0 89 111 138 239
ffiec_msa_md_median_family_income 29,338,620 83,992.51 22,143.52 0 72,200.00 81,800.00 96,400.00 143,900.00
Panel B
Categorical Variable Value Count Proportion
orig_type non-bank;non-cu 13,070,860 44.50%
small_bank 5,372,344 18.30%
large_bank 4,624,730 15.80%
ftech 3,664,574 12.50%
cu 2,493,604 8.50%
loan_purpose Purchase 15,543,312 53.00%
Rate refinance 7,995,284 27.30%
Cash-out refinance 5,800,024 19.80%
derived_sex Joint 11,194,329 38.20%
Male 10,304,248 35.10%
Female 7,715,535 26.30%
Sex not available 124,508 0.40%
race_ethnicity_group White 21,225,133 72.30%
Hispanic 3,059,289 10.4%
Asian 2,433,000 8.3%
Black 1,845,856 6.3%
Other Minority 775,342 2.6%
debt_to_income ratio bin 0-20 1,614,599 5.50%
20-30 4,628,491 15.78%
30-36 4,018,115 13.70%
36-40 3,082,502 10.51%
40-50 7,725,682 26.33%
50+ 995,081 3.39%
Unknown 7,274,156 24.79%
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We begin our analysis by examining unconditional approval rates to establish a
baseline understanding of racial and ethnic disparities across different lender types. Table 2
presents loan approval rates by lender type and borrower race/ethnicity, segmented
by purchase, refinance, and overall loans. In addition to the raw approval rates, the
table provides the differences in approval rates between minority borrowers and White
borrowers (last three columns), allowing for a clearer assessment of how these groups fare
relative to a benchmark. Across all lender types, White borrowers consistently achieve the
highest approval rates. For instance, credit unions approve White applicants at an overall
rate of 87.99%, while Asian borrowers (84.13%) fare somewhat well but remain behind.
Hispanic (75.53%) and Black (66.77%) borrowers encounter lower overall approval rates,
with Black borrowers facing a particularly steep shortfall in refinance loans (60.26%). Of
course, approval decisions are influenced by a variety of borrower-level attributes—such
as income, credit score, debt-to-income ratios, and loan-to-value ratios—that can differ
systematically by race and ethnicity. Some of these key factors are incorporated into the
regression analysis in later section, which allows us to distinguish the role of borrower risk
characteristics from potential racial and ethnic disparities in lending outcomes.

Table 2. Loan approval rates by lender type (credit unions, fintech lenders, large banks, non-bank
lenders, and small banks) and race/ethnicity. Approval rates are segmented by loan purpose—
purchase, refinance, and overall.

. Purchase Refinance All Loans
Lender Type Race/Ethnicity Apl;ls:};?s;a te API;if;I‘::? ;{zte Ap?alr]o];rg?lllisa te Mino'rity- Mino.rity- Mino.rity-
White White White
Credit unions Asian 87.33% 79.01% 84.13% —3.33 —5.81 —3.86
Black 71.45% 60.26% 66.77% -19.21 —24.56 —21.22
Hispanic 81.78% 68.26% 75.53% —8.88 —16.56 —12.46
Other Minority 86.73% 79.67% 83.76% —3.93 —5.15 —4.23
White 90.66% 84.82% 87.99%
Fintech lenders Asian 91.15% 85.85% 88.27% —2.73 0.62 —0.31
Black 86.65% 74.38% 78.91% —7.23 —10.85 —9.67
Hispanic 90.15% 80.02% 84.62% —3.73 —5.21 —3.96
Other Minority 93.58% 83.57% 87.81% -0.3 —1.66 —0.77
White 93.88% 85.23% 88.58%
Large banks Asian 88.34% 78.26% 84.34% —3.43 -1.22 —0.9
Black 81.36% 58.95% 69.48% —10.41 —20.53 —15.76
Hispanic 83.01% 65.66% 73.75% —8.76 —13.82 —11.49
Other Minority 89.93% 74.69% 82.25% —1.84 —4.79 —2.99
White 91.77% 79.48% 85.24%
ﬂgﬁﬁzk Asian 92.78% 88.16% 90.96% -3.16 ~0.13 ~1.49
Black 88.04% 71.35% 80.87% -79 —16.94 —11.58
Hispanic 90.77% 82.69% 87.42% —5.17 —5.6 —5.03
Other Minority 95.10% 86.79% 91.71% —0.84 -1.5 —0.74
White 95.94% 88.29% 92.45%
Small banks Asian 91.20% 83.10% 88.52% —3.27 —5.14 —3.34
Black 85.81% 71.32% 81.27% —8.66 -16.92 —10.59
Hispanic 88.42% 75.35% 84.30% —6.05 —12.89 —7.56
Other Minority 93.14% 85.76% 90.39% -1.33 —2.48 —1.47
White 94.47% 88.24% 91.86%
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While fintech and non-bank lenders exhibit relatively more inclusive outcomes for
many minority groups, Black and Hispanic applicants still experience significant approval
gaps compared to White borrowers. Even at fintech lenders, where overall differences
are somewhat narrower, Black borrowers’ all-loan approval rate lags behind that of White
borrowers by nearly 10 percentage points, and Hispanic borrowers also face meaningful
shortfalls. Non-bank lenders, despite generally high approval rates, show similar patterns,
with Black borrowers trailing White borrowers by about 11.6 percentage points overall and
Hispanic borrowers also encountering a persistent gap of around 5 percentage points.

In contrast, credit unions, large banks, and small banks tend to have even wider
disparities for Black and Hispanic borrowers, often reaching double-digit approval-rate
gaps. These findings indicate that although some newer or technology-driven lending
models appear to reduce inequities for certain groups, Black and Hispanic borrowers
remain at a disadvantage across all lender types. The persistent nature of these disparities,
even in relatively more equitable lending environments, underscores the need for targeted
interventions and rigorous enforcement of fair lending regulations to ensure Black and
Hispanic households receive equitable access to mortgage credit.

Having examined unconditional approval rates, we now turn to descriptive measures
of pricing and cost components to understand how disparities extend beyond simple
acceptance or rejection decisions. Table 3 provides insights into interest rates, rate spreads,
origination charges, and discount points by lender type and race/ethnicity, exposing how
cost-based disparities extend beyond approval decisions. While fintech lenders often show
smaller differences in headline pricing terms like interest rates and rate spreads, Black and
Hispanic borrowers still incur noticeably higher origination charges and discount points
compared to White borrowers. For instance, even with fintech lenders—often considered
more standardized—Black borrowers face substantially higher loan-related fees, reflecting
that lower headline disparities do not necessarily translate into comprehensive cost equity.

Similarly, for non-bank lenders, interest rates may not differ drastically, but Black
and Hispanic borrowers shoulder some of the steepest additional costs. Large banks and
credit unions, despite occasionally offering more favorable interest terms, fail to fully close
the gap in fees, placing a disproportionate financial burden on these borrowers. Overall,
no lender category successfully eliminates cost-based inequities for Black and Hispanic
borrowers, underscoring that ensuring fair lending outcomes requires addressing not just
approval rates and interest rates, but the entire spectrum of loan costs.

Taken together, Tables 2 and 3 reveal that, on average, Black and Hispanic borrowers
face notable disadvantages in both loan approval rates and loan costs relative to White
borrowers across various lender types. Although fintech and non-bank lenders show
somewhat narrower disparities, particularly in approval-rate and interest-rate terms, these
gaps do not disappear entirely, especially when considering origination charges and dis-
count points. It is important to note that these patterns represent unconditional means
and do not control for borrower risk factors such as credit scores, loan-to-value ratios, or
debt-to-income ratios. To better understand the drivers of these disparities and identify
whether differences persist after adjusting for relevant risk characteristics, we proceed with
a multivariate regression analysis in the following sections.
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Table 3. Loan terms by lender type and race/ethnicity.

Purchase Refinance All
Lender Race/ Interest Rate Or&il:a- Discount  Interest Rate Ort;%ﬁm- Discount  Interest Rate Ol;;%ﬁla- Discount
Type Ethnicity Rate Spread Charges Points Rate Spread Charges Points Rate Spread Charges Points
Credit . o o USD USD o o usD uUsD o o USD UsD
nion Asian 4.29% 0.08% 1850 2614 3.40% 0.04% 2100 3020 3.97% 0.06% 1940 2786
o o USD USD o o UsD UsD o o USD USD
Black 4.58% 0.61% 2120 2088 3.77% 0.28% 2140 2351 4.27% 0.49% 2128 2930
. . o o UsD UsD o o USD uUsD o o USD USD
Hispanic 4.63% 0.59% 2077 2216 3.72% 0.24% 1957 2185 4.25% 0.44% 2027 2198
Other o o UsD USD o o uUsD UsD o o uUsD UsD
Minority 4.38% 0.31% 1969 2290 3.54% 0.16% 2907 2683 4.05% 0.25% 2064 2486
. o o UsD USsD o o, USD UsD o o USD USD
White 4.29% 0.28% 1618 1603 3.59% 0.17% 1812 1770 3.98% 0.23% 1703 1689
- . o o USD USD o o uUsD usD o o USD UsD
Fintech Asian 4.24% 0.15% 2765 3640 3.16% 0.00% 2374 3763 3.67% 0.07% 2559 3700
o o UsD USD o o UsD UsD o o USD USD
Black 4.48% 0.52% 3157 3448 3.80% 0.37% 3960 3616 4.08% 0.43% 3634 3563
. . o o UsD USD o o USD uUsD o o USD USD
Hispanic 4.38% 0.49% 2966 3052 3.57% 0.26% 3415 3312 3.97% 0.37% 3198 3005
Other o o USD USD o o uUsD UsD o o USD UsD
Minority 4.35% 0.33% 3021 3599 3.47% 0.20% 3349 3847 3.87% 0.26% 3201 3750
. o o UsD UsD o o USD uUsD o o USD USD
White 4.33% 0.41% 2600 2838 3.57% 0.26% 3143 3200 3.88% 0.32% 2920 3078
Large . o 0o USD USsD o o USD USD o amo USD UsD
bank Asian 4.06% 0.04% 1843 2748 3.40% 0.02% 1938 2523 3.82% 0.02% 1878 2672
o o USsD USD 5 o UsD UsD o o USD USD
Black 4.13% 0.12% 2338 4203 3.89% 0.38% 2627 2505 4.02% 0.24% 2468 3367
. . o o UsD USsD o o USD uUsD o o USD USD
Hispanic 4.23% 0.21% 1787 2689 3.82% 0.32% 2399 T 4.04% 0.27% 2078 2441
Other o o UsD USD o o uUsD uUsD o o USD uUsD
Minority 4.20% 0.08% 1727 2563 3.61% 0.23% 2386 2569 3.93% 0.15% 2029 2566
. o o UsD UsD o o, USD uUsD o o USD USD
White 4.19% 0.16% 1479 1747 3.69% 0.28% 2020 1949 3.94% 0.22% 1747 1859
Non- . o o USD USD o o USD USD o o USD USD
bank Asian 4.35% 0.24% 3305 3735 3.31% 0.07% 2868 2966 3.95% 0.18% 3138 3526
o o USsD USD o o UsD UsD o o USD UsD
Black 4.49% 0.60% 3134 3094 3.81% 0.43% 3653 3100 4.23% 0.54% 3331 3210
. . o o UsD UsD o o USD UsD o o USD USD
Hispanic 4.53% 0.63% 3374 2966 3.66% 0.34% 3565 2659 4.19% 0.51% 3449 2840
Other o o UsD USD o o uUsD uUsD o o USD USD
Minority 4.38% 0.37% 2957 3394 3.48% 0.21% 3005 3023 4.03% 0.31% 2976 3256
. UsD UsD USD usD USD USD
White 4.35% 0.38% 2509 2515 3.53% 0.24% 2665 2441 3.99% 0.32% o577 2482
Small . o o USD USD o o USD uUSsD o o USD USD
bank Asian 4.35% 0.31% 2472 2805 3.41% 0.09% 2185 2840 4.06% 0.24% 2383 2830
o o UsD USD o o UsD UsD o o USD UsD
Black 4.45% 0.48% 1887 2310 3.74% 0.34% 2924 2980 4.25% 0.44% 1980 2300
. . o o UsD USD o o USD UsD o o USD USD
Hispanic 4.69% 0.72% 235 204 3.73% 0.32% 2209 2151 4.42% 0.60% 2793 2199
Other o o USD USD o o uUsD uUsD o o USD USD
Minority 4.31% 0.28% 2067 2474 3.49% 0.16% 2153 2493 4.02% 0.24% 2098 2481
. o 5 USD USD o o UsD UsD o o USD USD
White 4.26% 0.30% 1683 1771 3.57% 0.20% 1685 1738 3.98% 0.26% 1684 1757

This table reports loan terms, including interest rates, rate spreads, origination charges, and discount points,
for different racial/ethnic groups across five lender types. Results are segmented by loan purpose—purchase,
refinance, and overall.

4. Regression Analysis

While the unconditional statistics in Tables 2 and 3 demonstrate persistent dispar-
ities, they may conflate differences in borrower risk and property characteristics with
discrimination. To disentangle these effects, we next present regression analyses that con-
trol for a range of relevant factors, such as income, loan characteristics, state, and year
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fixed effects. This approach aims to provide a deeper understanding of the underlying
drivers of these disparities. We examine three outcomes: rate spread, reflecting the cost of
borrowing; origination charge, capturing upfront loan costs; and loan-application denial,
indicating access to credit. This comprehensive approach isolates the underlying drivers of
observed disparities.

4.1. Rate Spread Regression Analysis

Table 4 reports the results from a series of fixed-effects linear regressions of the follow-
ing form:

RateSpread ;. = a+ P1X; + BaLi + ps(Minority x LenderType) + e + 6t + € 0 1y

where RateSpready; . ;1 is the difference between the loan’s Annual Percentage Rate (APR)
and the average prime offer rate for loan i, in county c and year t. The vector X; includes
borrower and loan characteristics such as loan amount, combined loan-to-value ratio,
debt-to-income ratio, property value, total units, origination charges, discount points, and
income. L; represents indicator variables for the lender type (credit union, fintech, non-bank,
small bank), with large bank serving as the baseline category. County and origination-year
fixed effects (7. and J;) control for geographic and temporal variations. The interaction
terms Minority x LenderType capture how the pricing difference for a minority borrower
relative to a White borrower changes across lender types.

Each column in Table 4 restricts the sample to White borrowers and one minority
group: Column (1) compares White and Asian borrowers, Column (2) White and Black
borrowers, Column (3) White and Hispanic borrowers, and Column (4) White and Other
Minority borrowers. By examining each minority group separately, the model identifies
how each lender type treats that particular group relative to Whites, holding borrower risk
factors and local conditions constant.

The results provide a comprehensive understanding of rate spread differences across
firm types and borrower groups. First, examining the firm-type variable alone, where large
banks serve as the baseline, each coefficient indicates how other financial firms differ in
the rate spreads they charge, irrespective of the borrower’s minority status. Credit unions,
compared to large banks, are associated with significantly lower rate spreads, underscoring
their role in offering more favorable loan terms. In contrast, fintechs, non-banks, and small
banks charge higher rate spreads than large banks, reflecting a pricing premium imposed
by these institutions. Among all firm types, credit unions provide the most valuable cost
savings to consumers. This finding is consistent with the patterns observed in the prior
cost analysis presented in Table 3.

The minority dummy variable alone captures how minority borrowers compare to
White borrowers within large banks (the baseline group). The negative coefficient for the
minority variable indicates that minority borrowers, on average, face lower rate spreads
than White borrowers within large banks. This outcome suggests that large banks may
implement targeted pricing strategies or take deliberate actions to offer competitive terms
to minority borrowers. However, the interaction terms reveal that this relationship shifts
significantly across other types of financial institutions.

The interaction terms indicate how minority borrowers are treated relative to White
borrowers within each financial firm type. For example, the positive coefficient for the
minority—fintech interaction demonstrates that rate spreads are higher for minority bor-
rowers than for White borrowers at fintechs. However, the disparity at fintechs is smaller
compared to other institution types. For instance, the interaction term minority x fintech
indicates that the rate spread gap between Black and White borrowers is 15.96 basis points,
significantly smaller than the 27.61 basis point gap at credit unions. This suggests that
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fintech lenders apply more standardized pricing, reducing the discretionary bias observed
in traditional institutions.

Table 4. Disparities in rate spread across lender types and racial/ethnic groups. This table presents re-
sults from fixed-effects regressions examining disparities in rate spreads across different racial /ethnic
groups relative to White borrowers (the baseline group). Each column represents a separate regres-
sion, where the sample is restricted to White borrowers and a specific minority group (Asian, Black,
Hispanic, or Other Minority). The dependent variable is the rate spread, defined as the difference
between the loan’s annual percentage rate and the average prime offer rate. The regressions control
for key loan and borrower characteristics, including loan amount, combined loan-to-value ratio,
debt-to-income ratio, property value, total units, origination charges, discount points, and income.
Fixed effects are included for the county and origination year to account for geographic and temporal
variations in lending practices. Interaction terms between minority status and lender type capture
how different lenders treat minority borrowers compared to White borrowers in mortgage pricing.

xx *x * represent significance levels at 1%, 5%, and 10%, respectively.

Asian vs. White Black vs. White Hispanic vs. White Ot}:: x;?:)erity
Loan amount (USD 1000) —0.114 *** (0.0004) —0.112 *** (0.0004) —0.115 *** (0.0004) —0.114 *** (0.0004)
Combined loan-to-value 72.183 *** (0.198) 69.370 *** (0.201) 73.770 *** (0.196) 72.533 *** (0.202)
Property value (USD 1000) 0.00027 *** (0.00027) —0.00295 *** (0.00028) 0.00012 (0.00027) —0.00019 (0.00028)
Total units 18.528 *** (0.172) 17.774 *** (0.176) 17.963 *** (0.164) 17.915 *** (0.186)
Origination charges 5.213 ***(0.0119) 5.037 ***(0.0127) 5.021 ***(0.0121) 5.037 ***(0.013)
Discount points —5.030 *** (0.0126) —5.025 *** (0.0134) —4.903 *** (0.0128) —4.838 ***(0.0137)
Income (USD 1000) 100.1 *** (0.4) 110.6 *** (0.4) 109.0 *** (0.4) 101.6 *** (0.4)
Minority —13.830 *** (0.151) —10.640 *** (0.168) —3.626 *** (0.144) —1.899 ***(0.261)
Credit union —4.963 *** (0.102) —4.853 ***(0.103) —4.941 ** (0.103) —4.970 ** (0.101)
Fintech 10.056 *** (0.065) 10.362 *** (0.066) 10.262 *** (0.066) 9.998 *** (0.065)
Non-bank 10.279 *** (0.058) 10.558 *** (0.058) 10.351 *** (0.058) 10.264 *** (0.057)
Small bank 2.770 *** (0.068) 2.788 *** (0.069) 2.655 *** (0.069) 2.729 ***(0.068)
Minority x credit union 9.079 *** (0.353) 27.609 *** (0.360) 11.831 *** (0.304) 5.951 *** (0.469)
Minority x fintech 2.510 *** (0.209) 15.964 *** (0.213) 2.776 ***(0.189) 1.565 *** (0.332)
Minority x non-bank 6.347 *** (0.169) 21.161 *** (0.189) 10.300 *** (0.155) 3.293 ***(0.291)
Minority x small bank 11.724 *** (0.227) 19.822 *** (0.246) 9.127 *** (0.208) 2.860 *** (0.355)
Debt-to-income: 20-30 7.502 *** (0.075) 8.098 *** (0.077) 7.661 *** (0.076) 7.772 ***(0.076)
Debt-to-income: 30-36 13.785 *** (0.079) 14.525 *** (0.080) 13.980 *** (0.080) 14.095 *** (0.080)
Debt-to-income: 36-40 17.526 *** (0.083) 18.234 *** (0.085) 17.724 *** (0.084) 17.781 *** (0.084)
Debt-to-income: 40-50 19.723 *** (0.078) 20.472 *** (0.080) 19.820 *** (0.079) 19.952 *** (0.079)
Debt-to-income: 50-60 17.499 *** (0.199) 18.033 *** (0.203) 17.547 *** (0.196) 17.813 *** (0.207)
Debt-to-income: Unknown 23.733 *** (0.727) 25.215 *** (0.743) 26.598 *** (0.714) 24.281 *** (0.743)
Constant —36.365 *** (0.245) —33.4024 *** (0.251) —36.227 *** (0.240) —35.347 *** (0.257)
County FE Yes Yes Yes Yes
Origination-year FE Yes Yes Yes Yes
Number of observations 5,930,421 5,602,710 6,273,113 5,602,710
Adjusted R-squared 0.167 0.171 0.170 0.171

Ranking the interaction coefficients for Black and Hispanic borrowers reveals that

fintechs impose the smallest additional rate spread, followed by small banks. Non-banks
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exhibit a larger pricing disparity than both fintechs and small banks. Interestingly, credit
unions, which generally provide lower rate spreads overall, impose the highest addi-
tional rate spread on minority borrowers, challenging their reputation for consumer-
friendly practices.

Borrower and loan characteristics further influence rate spreads. Larger loan amounts
are associated with lower rate spreads, reflecting economies of scale in lending. Higher
property values have a minor yet favorable effect on rate spreads, while higher borrower
income significantly reduces rate spreads, indicating better financial stability. Debt-to-
income ratios are strongly correlated with rate spreads, with higher ratios resulting in
progressively larger penalties due to heightened credit risk.

The results demonstrate that although fintech lenders impose statistically significant
rate spread penalties on minority borrowers, these penalties are smaller compared to
other financial institutions (except large banks). Credit unions, while offering the lowest
overall rate spreads to all borrowers, surprisingly impose the largest rate spread penalties
on minorities—particularly Black and Hispanic borrowers. Large banks, serving as the
baseline group, generally exhibit more equitable outcomes. Minority borrowers at large
banks often receive rate spreads that are equal to or even slightly lower than those of
White borrowers. This finding suggests that larger, more heavily regulated institutions,
which typically rely on standardized, risk-based lending models, provide a fairer and
more consistent pricing environment. In contrast, other lender types, particularly credit
unions, non-banks, and small banks, continue to impose disproportionate costs on minority
borrowers, highlighting the need for more scrutiny of their lending practices.

Additionally, we conducted robustness checks using the interest rate as the dependent
variable instead of the rate spread. The results were quantitatively similar to those obtained
with the rate spread, which is expected since the interest rate is essentially the sum of the
benchmark rate and the rate spread. However, we chose to focus on the rate spread as the
primary dependent variable due to the limitations of using the interest rate. Specifically, the
lack of information on loan-origination month prevents us from accounting for interest rate
dynamics, which can vary significantly over time. As a result, similar interest rates may
reflect different underlying lending conditions depending on the market environment at
the time of origination. By focusing on the rate spread, we mitigate this issue and provide
a more consistent measure of relative borrower costs.

4.2. Origination-Charge Regression Analysis

Table 5 reports the results from a series of fixed-effects linear regressions of the follow-

ing form:
Origniation_Chargey; ., = a+ p1X; + B2L;i + P3(Minority x LenderType) +ye + 0t + €4 1)

where Origniation_Chargey; . 1, is the upfront fee covering the lender’s costs for process-
ing, underwriting, and approving loan i, in county ¢ and year ¢, including expenses for
administrative tasks, risk assessment, and document preparation. The vector X; includes
borrower and loan characteristics such as loan amount, combined loan-to-value ratio,
debt-to-income ratio, property value, total units, origination charges, and income. L; rep-
resents indicator variables for the lender type (credit union, fintech, non-bank, and small
bank), with large bank serving as the baseline category. County and origination-year
fixed effects (. and J;) control for geographic and temporal variations. The interaction
terms Minority x LenderType capture how the pricing difference for a minority borrower
relative to that of a White borrower changes across lender types.
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Table 5. Disparities in origination charge across lender types and racial/ethnic groups. This table
presents results from fixed-effects regressions examining disparities in origination charges across
different racial /ethnic groups relative to White borrowers (the baseline group). Each column repre-
sents a separate regression, where the sample is restricted to White borrowers and a specific minority
group (Asian, Black, Hispanic, or Other Minority). The dependent variable is the origination charge,
which reflects the upfront fees charged by the lender at the time of loan origination. The regressions
control for key loan and borrower characteristics, including loan amount, combined loan-to-value
ratio, debt-to-income ratio, property value, total units, rate spread, and income. Fixed effects are
included for the county and origination year to account for geographic and temporal variations in
lending practices. Interaction terms between minority status and lender type capture how different
lenders treat minority borrowers compared to White borrowers in terms of mortgage origination
charges. ***, **, * represent significance levels at 1%, 5%, and 10%, respectively.

Asian vs. White Black vs. White Hispanic vs. White Otl:;: x;ri‘;):ity
Loan amount (USD 1000) 7.7693 *** (0.0234) 8.3681 *** (0.0237) 8.3897 *** (0.0231) 8.0159 *** (0.0238)
Combined loan-to-value —1181.586 *** (11.6736) —1349.241 *** (11.47598) —1382.873 *** (11.20194) —1269.853 *** (11.64957)
Property value (USD 1000) —0.8568 *** (0.0157) —1.1117 *** (0.0160) —1.1315 *** (0.0156) —1.0106 *** (0.0159)
Total units 647.6054 *** (10.1090) 618.6775 *** (10.06958) 632.7257 *** (9.383319) 539.1739 *** (10.70954)
Income (USD 1000) —0.5526 *** (0.0239) —0.6129 *** (0.02398) —0.4707 *** (0.02356) —0.4933 *** (0.02404)
Interest rate 37.0810 *** (1.5741) 10.6591 *** (1.5480) 33.4238 *** (1.5055) 20.9226 *** (1.5880)
Minority —479.6792 *** (8.9112) 944.0895 *** (9.6139) 221.2442 *** (8.2439) 52.4194 *** (15.0761)
Credit union —20.4244 *** (5.9840) —22.3117 *** (5.8915) —19.7351 *** (5.9132) —25.3751 *** (5.8387)
Fintech 1229.199 *** (3.8167) 1227.933 *** (3.7573) 1228.698 *** (3.7722) 1223.601 *** (3.7248)
Non-bank 525.0465 *** (3.3906) 522.408 *** (3.3391) 519.9466 *** (3.3496) 520.4138 *** (3.3115)
Small bank 72.7071 *** (4.0238) 70.7049 *** (3.9600) 72.0589 *** (3.9752) 67.3131 *** (3.9276)
Minority x credit union 433.9627 *** (20.8145) —345.2581 *** (20.5908) 70.4367 *** (17.4149) 212.1767 *** (27.0867)
Minority x fintech —151.2017 *** (12.3049) —507.0431 *** (12.2085) —335.1498 *** (10.8118) —721.614
Minority x non-bank 348.0894 *** (9.9501) —337.9040 *** (10.8217) 132.1543 *** (8.8952) 51.8496 *** (16.7803)
Minority x small bank 751.0730 *** (13.3900) —480.5603 *** (14.0684) 47.7467 *** (11.9089) 214.2369 *** (20.4829)
Debt-to-income: 20-30 40.2437 *** (4.4129) 50.1026 *** (4.3850) 40.677 *** (4.3501) 56.876 *** (4.3691)
Debt-to-income: 30-36 93.9955 *** (4.6492) 106.0877 *** (4.6132) 91.1245 *** (4.5667) 114.2424 *** (4.6100)
Debt-to-income: 36-40 141.5530 *** (4.9130) 148.3147 *** (4.8691) 130.3424 *** (4.8091) 161.8095 *** (4.8792)
Debt-to-income: 40-50 212.8665 *** (4.6369) 206.993 *** (4.5992) 193.7236 *** (4.5520) 229.9009 *** (4.6008)

Debt-to-income: 50-60

667.2905 *** (11.7112)

655.0068 *** (11.2620)

688.2444 *** (11.9300)

Debt-to-income: Unknown

331.1695 *** (42.8340)

321.5046 *** (42.5010)

323.5707 *** (40.8838)

365.3133 *** (42.9050)

(
699.6667 *** (11.6012)

(

(

Constant 651.9360 *** (15.8113) 863.1939 *** (15.7166) 772.2887 *** (15.0952) 863.7496 *** (16.2315)
County FE Yes Yes Yes Yes
Origination-year FE Yes Yes Yes Yes
Number of observations 5,930,421 5,860,428 6,237,113 5,602,710
Adjusted R-squared 0.172 0.182 0.182 0.178

The results provide insights into how origination charges vary across firm types and

borrower groups.

For firm types alone, credit unions are associated with the lowest origination charges,
as indicated by the negative coefficient compared to large banks. In contrast, all other firm
types charge higher origination costs than large banks, with fintechs imposing the highest
origination charges. This pattern highlights the competitive pricing advantage of credit
unions and the premium pricing strategies of fintech lenders.

The minority variable alone captures how minority borrowers compare to White
borrowers within large banks (the baseline group). The positive coefficients for Black,
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Hispanic, and other minority groups suggest that large banks charge minorities higher
origination costs than White borrowers. This finding indicates potential disparities in cost
structures for minority borrowers within large banking institutions.

Examining the interaction terms reveals nuanced results across different financial
firm types. Fintechs, for example, offer lower origination charges to minority borrowers
compared to White borrowers, as reflected by the negative interaction coefficients. Specifi-
cally, the interaction term minority x fintech is negative for Black borrowers, indicating a
reduction in origination charges of approximately USD 505 compared to White borrowers,
all else being equal. This indicates that Fintech lenders may be implementing pricing
strategies that are more favorable to minority borrowers. For other financial firm types, the
results are mixed. Black borrowers consistently receive lower origination charges across all
firm types, whereas Hispanic borrowers tend to be charged higher origination costs. These
mixed outcomes suggest varying approaches to pricing among non-bank lenders, small
banks, and credit unions, potentially reflecting differences in risk-assessment practices or
market strategies.

Overall, the findings suggest that Fintech lenders, while charging the highest orig-
ination fees overall, offer more favorable terms to minority borrowers relative to White
borrowers. In contrast, other financial institutions, including credit unions and non-bank
lenders, exhibit more varied and less consistent pricing patterns for minority groups. This
highlights the importance of scrutinizing lender practices to ensure equitable outcomes for
all borrower demographics.

4.3. Approval-Rate Logit Regression

Similarly, to better understand denial decisions and verify whether the patterns ob-
served in raw approval rates persist after controlling for confounding variables, we estimate
logit models that adjust for borrower- and loan-level attributes. Table 6 presents logistic
regressions of the following form:

{P(Denial{i,c,t} = 1) }
{1 - P(Denial{mt} - 1) }

where § P( Denialy; » = 1) } is an indicator equal to 1 if loan iii is denied and 0 otherwise.

logit =wa+ B1Z; + B2L;i + B3(Minority x LenderType) + s + 0t

Similar to Table 4, we include a rich set of controls, Z;: loan amount, combined loan-to-
value ratio, property value, total units, borrower income, origination charges, discount
points, and loan purpose. We also control for state and origination-year fixed effects (ys, é¢)
to account for region-specific regulations and macroeconomic changes over time. The
interaction terms (Minority x LenderType) identify whether a given lender type increases
or decreases the likelihood of denial for minority applicants relative to White applicants,
after holding observable borrower and loan characteristics constant.

The four columns each focus on a distinct minority group compared to White borrow-
ers: Column (1) analyzes Asian vs. White, Column (2) Black vs. White, Column (3) Hispanic
vs. White, and Column (4) Other Minority vs. White. By comparing each minority group
to Whites separately, we can discern patterns of disparate treatment specific to each group.

Starting with the lender-type variable, when using large banks as the baseline, the
coefficients for credit unions, fintechs, non-banks, and small banks are all negative and
statistically significant. This suggests that relative to large banks, these other lending
institutions are generally associated with lower rejection rates. This pattern aligns with the
findings in Table 2, where approval rates among these categories also tend to be higher,
indicating a more lenient lending stance than large banks.
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Table 6. Logistic regression results for mortgage denial rates by racial/ethnic groups. This ta-

ble reports results from logit regressions investigating the likelihood of mortgage denial across

racial/ethnic groups relative to White borrowers (the baseline group). Each column focuses on a

separate minority group (Asian, Black, Hispanic, or Other Minority), with White borrowers as the

comparison group. The dependent variable is a binary indicator equal to 1 if the loan application

was denied and 0 otherwise. The regressions control for loan amount; combined loan-to-value ratio;

property value; total units; borrower income; and key loan characteristics, such as origination charges,

discount points, and loan purpose. Fixed effects for state and origination year are included to address

location-specific and temporal variations in denial rates. Interaction terms between minority status

and lender type capture the differential impact of institutional practices on minority applicants.

**x #% % represent significance levels at 1%, 5%, and 10%, respectively.

Variable Asian vs. White Black vs. White Hispanic vs. White Otl‘l;: av/liril:)erity
Loan amount (USD 1000) —0.671 ** (0.012) —0.870 ** (0.012) —0.776 *** (0.012) —0.870 *** (0.012)
Combined loan-to-value ratio 0.003 (0.007) 0.005 (0.006) 0.003 (0.007) 0.003 (0.007)
Property value —0.494 *** (0.007) —0.438 *** (0.007) —0.439 ***(0.007) —0.428 *** (0.007)
Total units 0.663 *** (0.008) 0.635 *** (0.008) 0.617 *** (0.008) 0.677 *** (0.009)
Income 0.002 ** (0.001) 0.002 ** (0.001) 0.002 ** (0.001) 0.002 ** (0.001)
Minority 0.333 *** (0.007) 0.742 ***(0.011) 0.474 *** (0.006) 0.468 *** (0.011)
Credit union —0.606 *** (0.005) —0.600 ** (0.005) —0.603 *** (0.005) —0.602 *** (0.005)
Fintech —0.308 *** (0.004) —0.304 *** (0.004) —0.302 *** (0.004) —0.309 *** (0.004)
Non-bank —0.732 *** (0.003) —0.726 *** (0.003) —0.727 ***(0.003) —0.727 ***(0.003)
Small bank —0.715 *** (0.004) —0.715 ** (0.004) —0.716 *** (0.004) —0.711 ** (0.004)
Minority x credit union 0.163 *** (0.016) 0.380 *** (0.011) 0.117 ***(0.011) 0.092 *** (0.011)
Minority x fintech —0.119 *** (0.010) —0.191 *** (0.010) —0.255 ***(0.010) —0.201 *** (0.010)
Minority x non-bank —0.062 *** (0.009) 0.119 *** (0.009) —0.079 *** (0.009) —0.176 *** (0.009)
Minority x small bank 0.259 *** (0.011) 0.171 ***(0.011) 0.113 *** (0.011) —0.065 *** (0.011)
Sex: Joint —0.202 *** (0.003) —0.195 *** (0.003) —0.204 *** (0.003) —0.218 *** (0.003)
Sex: Male 0.163 *** (0.003) 0.186 *** (0.003) 0.166 *** (0.003) 0.184 *** (0.003)
Sex not available 0.807 *** (0.013) 0.906 *** (0.013) 0.859 *** (0.013) 0.867 *** (0.013)
Loan purpose: Refinance 0.976 *** (0.003) 1.002 *** (0.003) 0.982 *** (0.003) 1.013 *** (0.003)

Loan purpose: Cash-out refinance

1.244 %+ (0.003)

1.240 *** (0.003)

1.215 *** (0.003)

1.261 *** (0.003)

Debt-to-income: 20-30 —0.495 *** (0.004) —0.501 *** (0.004) —0.510 *** (0.004) —0.480 *** (0.004)
Debt-to-income: 30-36 —0.461 *** (0.004) —0.474 ** (0.004) —0.483 *** (0.004) —0.446 *** (0.004)
Debt-to-income: 36-40 —0.413 *** (0.004) —0.434 *** (0.004) —0.439 *** (0.004) —0.401 *** (0.004)
Debt-to-income: 40-50 —0.203 *** (0.004) —0.231 *** (0.004) —0.244 *** (0.004) —0.190 *** (0.004)
Debt-to-income: 50-60 3.738 *** (0.005) 3.675 *** (0.005) 3.660 *** (0.005) 3.733 ***(0.005)
Debt-to-income: Unknown 3.044 *** (0.012) 3.052 ***(0.012) 2.980 *** (0.012) 2.918 ***(0.012)
Constant —2.398 *** (0.026) —2.351 *** (0.026) —2.321 ***(0.026) —2.396 *** (0.026)
State FE Yes Yes Yes Yes
Origination-year FE Yes Yes Yes Yes
Number of observations 16,765,090 16,334,672 17,191,623 15,666,390
Pseudo R2 0.2371 0.2477 0.2425 0.2361

Focusing next on minority status, the coefficient for the “minority” variable itself

(without any interaction terms) is positive and highly significant. This reflects the baseline
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scenario for large banks: minority borrowers experience a higher likelihood of loan rejection
compared to non-minority (White) borrowers. In other words, when borrowing from large
banks, minority applicants face a greater probability of being turned down.

However, once we include interaction terms between minority status and lender
type, the picture becomes more nuanced. For Fintech lenders, the interaction term with
minorities is negative and significant. This indicates that when minority borrowers seek
loans from Fintech firms, the difference in rejection rates compared to White borrowers
actually diminishes—and may even reverse—relative to what they would face at a large
bank. Essentially, minority borrowers fare better with Fintech lenders than with large
banks, thus narrowing the rejection gap.

In contrast, the interaction results for non-banks and small bank are mixed. While
some minority groups might experience improvements in rejection odds compared to large
banks, the pattern is less consistent. Credit unions, on the other hand, resemble large banks
in their treatment of minorities—minority applicants are still more likely to be rejected—but
the magnitude of the disadvantage (the coefficient) is smaller than it is at large banks. This
suggests that while minorities still face elevated odds of rejection at credit unions, the
disparity is not as pronounced as that found at large banks.

In summary, relative to large banks, all other lender types initially appear more
accommodating, offering lower rejection rates overall. For minority borrowers, large
banks present a significant hurdle, showing a marked increase in rejection likelihood.
Interactions with lender type modify these outcomes: fintech lenders, in particular, reduce
the disadvantage faced by minority applicants, while non-banks and small banks produce
more varied outcomes, and credit unions maintain a disadvantage, though one less severe
than that at large banks.

The regression results from Tables 4-6 provide a complex and nuanced lending land-
scape where no single lender type uniformly provides the most favorable outcomes for
minority borrowers. Although large banks serve as a baseline, the analysis shows that
differences in pricing, fees, and rejection rates vary significantly across lender types and
borrower groups once relevant borrower and loan characteristics, as well as local and
temporal factors, are taken into account.

For rate spreads, large banks tend to offer relatively equitable or even slightly more
favorable rate spreads to minority borrowers compared to Whites, suggesting some degree
of fairness in their pricing models. Credit unions provide the lowest overall rates, but
they paradoxically impose the largest minority penalties when considering the interaction
terms. Other lenders, including fintechs and non-banks, generally charge higher spreads
than large banks but do not penalize minority borrowers as heavily as credit unions do,
implying that while they are more expensive overall, their additional costs for minority
borrowers are comparatively smaller.

For origination charges, credit unions stand out by offering the lowest upfront charges.
However, their pricing structures do not universally benefit minority borrowers as much
as one might expect. Fintechs charge high origination fees overall but are relatively more
favorable toward minority borrowers, reducing some disparities in these upfront costs. In
contrast, other lender types show more mixed outcomes, with no single pattern emerging
as consistently advantageous or disadvantageous to minorities.

For credit access, large banks appear relatively more stringent overall and impose a
significant minority penalty in terms of denial rates. Other lender types—fintechs, non-
banks, small banks, and credit unions—are associated with lower denial rates on average.
However, these improvements for minority borrowers vary, with fintechs notably reducing
the minority denial gap. Credit unions and other smaller lenders often produce outcomes
less severe than those at large banks but still show disparities.
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Table 7 presents a summary of how different racial and ethnic groups (Black, Hispanic,

Asian, and Other Minorities) are treated by various lender types based on interaction-term

results from regression analysis. The table highlights disparities in credit access, rate

spreads, and origination charges across lender types, providing a comprehensive view of

how minority borrowers fare compared to White borrowers.

Table 7. Racial Disparities in Mortgage Lending Outcomes by Lender Type. This table summarizes the

differences in credit access, rate spreads, and origination charges for minority borrowers compared

to White borrowers across various lender types. It includes four panels: Panel A compares Black vs.

White borrowers, Panel B examines Hispanic vs. White borrowers, Panel C analyzes Asian vs. White

borrowers, and Panel D covers Other Minority vs. White borrowers. Each panel details how large

banks, fintech lenders, non-bank lenders, small banks, and credit unions differ in their treatment of

these borrower groups.

Panel A: Black vs. White

Lender Credit Rate Origination Interoretation
Type Access  Spreads Charges P
Large bank _ N _ Stl.rlc.ter e.approvals, but once approved, spreads are favorable, though
origination charges are less favorable (higher).
. Easier approvals, but Black borrowers face less favorable (higher) spreads
Fintech + — — NS
and origination charges.
Non-bank B B B Blc:;lck bqrrowers experience stricter credit access, higher spreads, and higher
origination charges.
Small bank _ _ _ Approvals are limited, with less favorable (higher) spreads and origination
charges for Black borrowers.
. . Despite overall lower rates for credit unions, Black borrowers face less
Credit union - - - . S
favorable (higher) spreads and origination charges.
Panel B: Hispanic vs. White
Lender Credit Rate Origination Interpretation
Type Access  Spreads Charges P
Large bank B N B Stl.rlc.ter :.;lpprovals, but sp.reads are favorable once approved, though
origination charges are higher.
Fintech N _ B Ea'51er approvals, but spreads and origination charges remain less favorable
(higher).
Approvals are easier for Hispanic borrowers, but they face less favorable
Non-bank + - - - L
(higher) spreads and origination charges.
Small bank B B B lelt.ecl approval rates, with spreads and origination charges less favorable
for Hispanic borrowers.
L Approval rates and spreads are less favorable for Hispanic borrowers, with
Credit union — — - ST . .
origination charges inconclusive.
Panel C: Asian vs. White
Lender Credit Rate Origination Interpretation
Type Access  Spreads Charges P
Large bank B N N Shghtly §tr1c.ter approvals, but Asian borrowers receive favorable spreads
and origination charges.
Fintech + - + Easier approvals and more favorable origination charge, but higher spread.
Non-bank N B B APprovals are easier, but spreads and origination charges are less favorable
(higher).
Small bank B _ _ Limited approva} rates, with spreads and origination charges less favorable
compared to White borrowers.
Credit union _ B B Limited approval rates, with spreads and origination charges less favorable

compared to White borrowers.
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Table 7. Cont.

Panel D: Other Minorities vs. White

Lender Credit Rate Origination Interpretation
Type Access  Spreads Charges P
Large bank _ N B Stl.rlc.ter z.;lpprovals, but sp.reads are favorable once approved, though
origination charges are higher.
Fintech + - + Easier approvals and more favorable origination charge, but higher spread.
Non-bank N B B APprovals are easier, but spreads and origination charges are less favorable
(higher).
Small bank N 3 3 APprovals are easier, but spreads and origination charges are less favorable
(higher).
Credit union 3 a a Limited approval rates, with spreads and origination charges less favorable

compared to White borrowers.

For Black borrowers, large banks impose stricter credit access, but once approved,
they provide favorable rate spreads, albeit with higher origination charges. Fintech lenders
offer easier access to credit but impose less favorable terms, such as higher spreads and
origination charges. Non-bank and small-bank lenders present stricter credit access with
consistently higher spreads and origination fees, reflecting unfavorable treatment for Black
borrowers. Credit unions also exhibit stricter credit access and impose higher costs in
both spreads and origination charges, resulting in the least favorable outcomes overall for
this group.

For Hispanic borrowers, large banks enforce stricter approval standards but offer
favorable rate spreads for those approved, although origination charges remain higher.
Fintech lenders improve approval odds for Hispanic borrowers but impose higher spreads
and origination fees. Non-bank lenders offer relatively easier approvals but charge less
favorable spreads and higher origination fees. Small banks impose limited credit access,
combined with higher spreads and origination charges for Hispanic borrowers. Similarly,
credit unions provide less favorable approval rates and spreads for Hispanic borrowers,
with inconclusive results regarding origination charges.

For Asian borrowers, large banks exhibit slightly stricter approval standards but
offer favorable rate spreads and origination charges once approved. Fintech lenders
provide easier credit access with favorable origination charges, but spreads are slightly
higher compared to White borrowers. Non-bank lenders offer easier approvals for Asian
borrowers but impose higher spreads and origination charges, making their terms less
favorable. Small banks demonstrate limited credit access with higher spreads, though
origination charges are more favorable for Asians. Credit unions also exhibit stricter credit
access and impose less favorable spreads and origination charges for this group.

For Other Minorities, large banks impose stricter approval standards but provide more
equitable spreads and only slightly higher origination charges once approved. Fintech
lenders offer easier credit access with favorable origination charges but impose higher
spreads. Non-bank lenders tend to approve Other Minority borrowers more readily but
impose higher spreads and origination fees. Small banks offer better approval odds for
this group but exhibit cost disparities with higher spreads and origination charges. Credit
unions demonstrate stricter credit access with higher spreads and varying origination
charges, highlighting significant disparities across subgroups and locations.

In essence, the overall conclusion is that differences across lender types cannot be
fully explained by borrower risk factors alone. While some lender types might offer lower
base prices, they can still impose larger minority penalties, and those that charge more
on average may at times treat minority borrowers more even-handedly. These findings
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highlight the importance of scrutinizing individual lender practices and market structures
to ensure that neither cost savings nor broader access comes at the expense of equitable
treatment for minority borrowers.

5. Discussion and Implications

Our analysis of HMDA data from 2018 to 2023 reveals that racial and ethnic disparities
persist across different lender types—large banks, fintech lenders, credit unions, non-bank
lenders, and small banks—despite controlling for a range of borrower- and loan-level
factors. While some lenders expand credit access or reduce specific cost penalties for
minority borrowers, no single lender category systematically eliminates disparities in
mortgage pricing or approval decisions. These results enrich a longstanding body of
evidence [1-3,5] documenting persistent racial gaps in mortgage markets.

Large banks in our dataset tend to offer relatively equitable rate spreads once minor-
ity borrowers are approved, aligning with findings that heavier regulatory scrutiny can
constrain discriminatory pricing [5]. However, our results also show higher denial rates for
Black and Hispanic applicants at these institutions—echoing earlier research suggesting
that strict underwriting guidelines can restrict credit access for borrowers perceived to be
riskier or more difficult to underwrite [2,13].

At the other end of the spectrum, fintech lenders improve approval odds for minor-
ity borrowers but charge comparatively higher interest rate spreads and fees, a result
consistent with recent studies that highlight how algorithmic underwriting can reduce
some forms of human bias at the denial stage yet still embed pricing differentials [10,11].
This tension—between expanded access and persistent cost gaps—parallels earlier evi-
dence from Buchak et al. [6] and Fuster et al. [7], showing that technology alone does not
guarantee equitable outcomes.

Credit unions, which often tout consumer-friendly missions, provide the lowest
average rate spreads but impose the steepest pricing penalties on Black and Hispanic
borrowers, underscoring how “relationship-based” lending can, in some contexts, amplify
subjective biases [13]. Similarly, small banks and non-bank lenders exhibit mixed or
inconsistent patterns—some broaden access or reduce certain fees, yet they often fail to
deliver consistently fair outcomes across different minority groups. In particular, non-bank
lenders—operating with lighter regulatory constraints—can extend credit to underserved
communities, but at higher spreads or costs [12].

Several mechanisms may help explain these results. First, heightened federal oversight
likely incentivizes large banks to adopt standardized, risk-based pricing models that reduce
some forms of cost discrimination but also tighten credit eligibility thresholds [5]. By
contrast, fintech lenders often rely on algorithmic models that may be more inclusive at the
approval stage—possibly because they reduce human discretion in initial screening—yet
perpetuate structural biases in pricing or fees, as other researchers have highlighted [10,15].

Second, smaller, community-based lenders such as credit unions and small banks
frequently rely on discretionary lending decisions. While this can yield more personalized
terms for some borrowers, it can also lead to significant pricing penalties for certain minority
groups, depending on local norms or individual loan-officer biases [13].

Finally, non-bank lenders—some of which specialize in higher-risk applicants—tend
to approve more minority borrowers but at cost structures that may compound financial
burdens. This aligns with research indicating that less strict underwriting can translate into
wider access but less favorable loan terms for historically marginalized groups [12].

Because different lender types exhibit distinct patterns of approval and pricing dispar-
ities, policy solutions will require a tailored and multifaceted approach. First, extending
or refining the scope of federal fair-lending regulations—such as the Community Rein-
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vestment Act or ECOA enforcement—to encompass non-bank mortgage lenders could
ensure that they undergo similarly rigorous fair-lending exams as large banks, an approach
advocated in broader discussions of fintech oversight [6,7].

Second, transparent algorithmic audits could address the persistent cost gaps observed
for minority borrowers at fintech lenders. Requiring regular reporting or third-party
validations of automated underwriting models would help regulatory bodies identify and
mitigate hidden biases in pricing [10,11].

Third, strengthening oversight and training for credit unions and small banks can
help align their community-focused missions with equitable pricing. This might include
specialized fair-lending reviews that highlight how add-on fees or discretionary interest
rates disproportionately affect minority applicants, as well as improved data reporting on
outcomes by race and ethnicity [13].

Although HMDA provides a broad lens on mortgage activity, it lacks direct credit
metrics (e.g., FICO scores) that could further illuminate whether risk-based pricing alone ex-
plains the observed differentials [3,5]. Future work could merge HMDA with credit-bureau
data to measure how much of these disparities remain after accounting for credit scores.
Another fruitful line of research would be granular lender-level analyses of underwriting
algorithms—especially among fintechs—to identify the specific model inputs or processes
that sustain racial/ethnic pricing penalties.

In sum, our study confirms that the U.S. mortgage market remains stratified along
racial and ethnic lines, even amid the rise of technology-focused lenders and diverse
institutional structures. While certain practices—such as the more inclusive approvals
seen at fintechs—show promise, the continuing presence of cost disparities highlights the
need for ongoing policy intervention and deeper transparency in credit decisions to ensure
equitable mortgage outcomes for all borrowers.

6. Conclusions

This study provides nuanced insights into how different lender types—large banks,
fintech lenders, credit unions, small banks, and non-bank lenders—impact mortgage
outcomes for minority borrowers. Using HMDA data from 2018 to 2023 and controlling
for borrower and loan characteristics, we examine disparities in credit access, rate spreads,
and origination charges.

Our findings suggest that large banks impose significant barriers to credit access
for minority borrowers, reflected in higher denial rates compared to White borrowers.
However, once approved, large banks generally offer better pricing for minority borrowers,
with lower rate spreads and fewer pricing penalties. Despite this, minority borrowers
often face higher upfront origination charges, increasing their total costs and potentially
offsetting the benefits of lower pricing.

Fintech lenders, characterized by their reliance on technology and data-driven
decision-making, show greater inclusivity in regard to credit access. Denial disparities
for minority borrowers are narrower, and origination charges for minorities—particularly
Black and Hispanic borrowers—are notably lower. However, fintech lenders impose higher
rate spreads on approved minority borrowers, suggesting that while they improve access,
the cost of borrowing remains a challenge for minorities.

Credit unions, despite their consumer-friendly image, exhibit mixed results. They
offer the lowest overall rate spreads and origination charges, but their treatment of minority
borrowers varies widely. Hispanic borrowers often face significant pricing penalties, with
higher rate spreads and origination charges, while Black borrowers benefit from reduced
costs and more favorable terms. This duality highlights the variability in credit union
practices and raises questions about their equity in lending.
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Small banks provide moderate credit access, with denial rates less stringent than those
of large banks. However, the pricing outcomes for minority borrowers are inconsistent.
Hispanic borrowers face higher rate spreads and origination charges, while Black borrowers
receive more favorable terms and reduced costs compared to White borrowers. These
mixed patterns suggest that small banks’ localized and discretionary lending practices may
exacerbate disparities for some groups while benefiting others.

Non-bank lenders offer relatively higher approval rates for minorities, improving
credit access. However, their pricing and cost structures remain uneven. Hispanic bor-
rowers frequently encounter higher rate spreads and origination charges, while Black
borrowers experience reduced origination costs but still face elevated rate spreads. This
variability underscores both the opportunities and risks associated with non-bank lenders
in addressing lending disparities.

In sum, this study reveals that while fintech and non-bank lenders improve credit
access for minority borrowers, they fail to eliminate disparities in pricing and costs. Large
banks demonstrate relatively equitable pricing once minority borrowers are approved, but
their stringent credit access standards remain a significant hurdle. Credit unions, despite of-
fering lower baseline costs, impose severe penalties on certain minority groups, particularly
Hispanic borrowers. Small banks and non-banks display inconsistent practices that result
in varied outcomes for different minority groups. These findings highlight the need for
enhanced regulatory oversight, standardized lending practices, and transparent algorithms
to address persistent disparities in the mortgage market. Without targeted interventions,
systemic inequities will continue to hinder equitable access to homeownership for minority
borrowers.

However, the absence of direct credit risk measures, such as FICO scores, presents a
limitation in fully isolating the impact of borrower creditworthiness on observed disparities.
Nonetheless, this is not a critical concern, as prior research has found that credit scores
do not vary significantly across lender types and are unlikely to account for the observed
differences [5,6,23].

Author Contributions: Conceptualization, Z.L. and H.L.; methodology, Z.L.; software, Z.L.; valida-
tion, Z.L. and H.L.; formal analysis, Z.L.; investigation, Z.L.; resources, Z.L. and H.L.; data curation,
Z.L.; writing—original draft preparation, Z.L.; writing—review and editing, Z.L. and H.L.; visualiza-
tion, Z.L.; supervision, Z.L.; project administration, Z.L. and H.L. All authors have read and agreed
to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data used in this study are publicly available through the Home
Mortgage Disclosure Act (HMDA) database for the years 2018 to 2023. The dataset can be accessed at
https:/ /ffiec.cfpb.gov/data-publication/ (accessed on 1 December 2024).

Conflicts of Interest: The authors report no conflicts of interest. The authors alone are responsible for
the content and writing of the paper.

References

1. Bayer, P; Ferreira, F.; Ross, S.L. What drives racial and ethnic differences in high-cost mortgages? The role of high-risk lenders.
Rev. Financ. Stud. 2018, 31, 175-205. [CrossRef]

2. Charles, K.K.; Hurst, E. The transition to home ownership and the Black-White wealth gap. Rev. Econ. Stat. 2002, 84, 281-297.
[CrossRef]

3. Munnell, A.H.; Tootell GM, B.; Browne, L.E.; McEneaney, ]. Mortgage lending in Boston: Interpreting HMDA data. Am. Econ. Rev.
1996, 86, 25-53. Available online: https:/ /www.jstor.org/stable /2118254 (accessed on 8 November 2024).

120



FinTech 2025, 4, 8

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Avery, R.B.; Brevoort, K.P.; Canner, G.B. Does credit scoring produce a disparate impact? Real Estate Econ. 2012, 40, 65-114.
[CrossRef]

Bhutta, N.; Hizmo, A. Do minorities pay more for mortgages? Review of the evidence. J. Financ. Regul. Compliance 2021, 29,
203-217.

Buchak, G.; Matvos, G.; Piskorski, T.; Seru, A. Fintech, regulatory arbitrage, and the rise of shadow banks. . Financ. Econ. 2018,
130, 453-483. [CrossRef]

Fuster, A.; Plosser, M.; Schnabl, P.; Vickery, J. The role of technology in mortgage lending. Rev. Financ. Stud. 2019, 32, 1854-1899.
[CrossRef]

Jagtiani, J.; Lemieux, C. The roles of alternative data and machine learning in fintech lending: Evidence from the LendingClub
consumer platform. Financ. Manag. 2019, 48, 1009-1029. [CrossRef]

Demirgtic-Kunt, A.; Klapper, L.; Singer, D. The Global Findex Database 2021: Financial Inclusion, Digital Payments, and Resilience in
the Age of COVID-19; World Bank: Washington, DC, USA, 2022.

Bartlett, R.; Morse, A.; Stanton, R.; Wallace, N. Consumer-lending discrimination in the FinTech era. J. Financ. Econ. 2022, 143,
30-56. [CrossRef]

Klein, A. Reducing Bias in Al-Based Financial Services; Brookings Institution Report; Brookings Institution: Washington, DC,
USA, 2020.

DeFusco, A.A.; Mondragon, J. The rise of the principal-agent problem in the U.S. mortgage industry. Am. Econ. Rev. 2020, 110,
1137-1165.

Ross, S.L.; Yinger, J. The Color of Credit: Mortgage Discrimination, Research Methodology, and Fair-Lending Enforcement; MIT Press:
Cambridge, MA, USA, 2002.

Gerardi, K.; Lambie-Hanson, L.; Willen, P.S. Racial Differences in Mortgage Refinancing, Distress, and Housing Wealth Accumulation
During COVID-19; Curr. Policy Perspect. No. 92793; Fed. Reserve Bank of Boston: Boston, MA, USA, 2021.

Haupert, T. New Technology, Old Patterns: Fintech Lending, Metropolitan Segregation, and Subprime Credit. Race Soc. Probl.
2022, 14, 293-307. [CrossRef]

Fourcade, M.; Healy, K. Seeing Like a Market. Socio-Econ. Rev. 2017, 15, 9-29. [CrossRef]

Haupert, T. The Racial Landscape of Fintech Mortgage Lending. Hous. Policy Debate 2020, 32, 337-368. [CrossRef]

Faber, ].W. Racial Dynamics of Subprime Mortgage Lending at the Peak. Hous. Policy Debate 2013, 23, 328-349. [CrossRef]
Hammel, D.J.; Nilsson, I. Mortgage Foreclosures, Race, and Postrecession Lending. Prof. Geogr. 2019, 71, 536-550. [CrossRef]
Loya, J. Racial Stratification Among Latinos in the Mortgage Market. Race Soc. Probl. 2021, 14, 39-52. [CrossRef]
Sanchez-Moyano, R. Geography and Hispanic homeownership: A review of the literature. J. Hous. Built Environ. 2020, 36,
215-240. [CrossRef]

Haupert, T.; Lee, C.A. Fintech’s relationship with subprime lending in immigrant gateway metropolitan areas. J. Urban Aff. 2022,
46, 281-297. [CrossRef]

Liu, Z.; Liang, H.; Zhao, X.S. Do Non-Banks Bring Lower Prices for Borrowers in the Government-Sponsored Enterprise (GSE) Mortgage
Market? SSRN: Rochester, NY, USA, 2024.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

121



FinTech

Article

Examining the Drivers and Economic and Social Impacts of
Cryptocurrency Adoption

Yongsheng Guo *, Ezaddin Yousef and Mirza Muhammad Naseer

International Business School, Teesside University, Middlesbrough TS1 3BX, UK; e.yousef@tees.ac.uk (E.Y.);
m.naseer@tees.ac.uk (M.M.N.)
* Correspondence: y.guo@tees.ac.uk; Tel.: +44-1642-342834

Abstract: This study investigates the key drivers and the economic and social impacts
of cryptocurrency adoption. Based on panel data across 37 countries from 2020 to 2023,
this research examines the interplay between cryptocurrency adoption and technology
development, monetary policies, and economic and social development. Employing a
mixed-methods approach, the research incorporates panel data analysis across multiple
countries to explore correlations and causal relationships between these variables. The
study found that technology development, measured by the Network Readiness Index
(NRI) enables cryptocurrency adoption. Economic conditions measured by higher national
inflation rates and monetary policy indicators, including lower interest and exchange
rates are the key drivers for cryptocurrency adoption. The empirical findings reveal that
cryptocurrency adoption has negative relationships with economic development measured
by the GDP growth rate, unemployment rate, and social development represented by the
governance quality corruption index. It implies that cryptocurrency is used as a virtual
anchor (digital gold) for national inflation. Findings reveal how network readiness, eco-
nomic conditions, and monetary policies contribute to fostering cryptocurrency adoption,
while resulting in impacts on economic growth, labour markets, and governance. The re-
search contributes to the literature by integrating technological, economic, and governance
perspectives to elucidate the role of cryptocurrency in reshaping the global economic and
social systems.

Keywords: cryptocurrency; inflation; monetary policies; GDP growth; governance quality

JEL Classification: C12; E4; O4

1. Introduction

The development of cryptocurrencies has undergone significant evolution [1,2], driven
by technological advancements [3] and increased adoption across countries. Blockchain
technology remains the backbone of cryptocurrencies, enabling features like immutability,
decentralisation, and transparency [4]. The integration of blockchain into financial systems
highlights its potential to improve transactional efficiency and foster financial inclusion [5,6].
Cryptocurrency adoption has emerged as a transformative element in global financial
ecosystems [7], influencing various aspects of economic development [8]. Its potential to
enhance financial inclusion, foster innovation, and streamline cross-border transactions
highlights its role in shaping modern economies [9-11].

The adoption of cryptocurrencies and their interplay with national inflation has
garnered increasing academic interest due to their disruptive potential in financial
systems [12-15]. Specifically, cryptocurrencies, often seen as a hedge against inflation,
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have found popularity in countries with unstable fiat currencies [16,17]. Cryptocurrencies
are often criticised for their price volatility [3,18], which can hinder their utility as a reliable
store of value or medium of exchange. This volatility poses risks for economies heavily
reliant on digital currencies for development [19,20].

Moreover, issues like fraud, cyberattacks, and insufficient consumer protection mecha-
nisms [1,21] can undermine trust in cryptocurrencies, limiting their adoption and economic
impact. Last but not least, energy-intensive mining processes associated with cryptocurren-
cies like Bitcoin raise environmental sustainability questions [22], particularly in developing
economies with limited energy resources [7].

The studies investigate the drivers of cryptocurrency adoption, focusing on the in-
terplay between technology development [16,17], economic conditions [14,23], monetary
policies [24-26], non-crypto investors [27] and perceived corruption [28]. Technology
development is evaluated using the Network Readiness Index (NRI), which captures a
nation’s capacity to leverage technology for growth and innovation. Economic conditions
are represented by the national inflation rate (INF) and Economic Freedom Index (EFI),
highlighting the role of macroeconomic stability in fostering or hindering cryptocurrency
adoption. Monetary policy indicators, including the interest rate (INT) and exchange rate
(EXR), are analysed to understand their influence on the decision to adopt decentralised
digital currencies as alternatives or complements to traditional financial systems. More-
over, this study examines the impact of cryptocurrency adoption on economic and social
development [12,14], focusing on key indicators such as the economic growth rate (GDP),
unemployment rate (UEMP), and governance quality as represented by the corruption
index (CORR).

This study aims to provide insights into how technological preparedness, economic
pressures, and monetary dynamics shape the adoption trajectory of cryptocurrencies
globally, and to offer a better understanding of the role of cryptocurrency in macroeconomic
performance and societal governance. It reveals the advantages of cryptocurrencies in
fostering economic opportunities while highlighting the challenges of potential economic
and governance risks. By bridging the gap between cryptocurrency adoption and broader
developmental outcomes, this study contributes to the growing body of knowledge on
financial technology and proposes practical implications for policymakers, investors, and
technology developers in navigating the evolving cryptocurrency landscape.

The rest of this paper is designed to provide a critical review of existing studies on cryp-
tocurrency adoption, and economic and social development. The Theoretical Framework
and Hypotheses are derived based on identified research gaps. The Research Methodology
Section explains the data sources, variables, and econometric models used to examine
the relationships between cryptocurrency adoption and developmental indicators. The
Results and Discussion Section presents the findings, offering detailed interpretations and
comparisons with existing literature. Finally, the Conclusion and Policy Implications Sec-
tion summarises the study’s contributions, suggests practical applications, and highlights
avenues for future research.

2. Literature Review
2.1. Drivers of Cryptocurrency Adoption

Among others, technological development, national economic conditions, and mon-
etary policies are the main drivers of cryptocurrency adoption. The role of technology
in cryptocurrency adoption is critical, as digital currencies are inherently technological
innovations [16,17]. The study [29] uses a mixed-methods approach to explore factors in-
fluencing the adoption of sustainable cryptocurrencies and investment barriers. It provides
insights for investors, policymakers, and industry managers, emphasising the importance
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of regulatory support, customer trust, and sustainability in promoting cryptocurrency
adoption [29]. Other studies show that countries with robust internet penetration, ad-
vanced mobile networks, and high rates of digital literacy are more likely to see higher
cryptocurrency adoption rates [30]. Moreover, the rapid evolution of blockchain applica-
tions, including decentralised finance (DeFi) and non-fungible tokens (NFTs), has further
driven adoption [31].

Economic conditions often act as a catalyst for cryptocurrency adoption [32], partic-
ularly in regions with high inflation or volatile currencies [33,34]. For instance, studies
demonstrate that individuals and businesses in countries with unstable fiat currencies turn
to cryptocurrencies as a store of value or medium of exchange to hedge against economic
uncertainty [35]. Inflation rates have a significant impact, as seen in nations like Venezuela
and Zimbabwe, where hyperinflation led to a surge in cryptocurrency use [36].

Additionally, economic growth indicators such as GDP per capita influence adoption,
with higher-income countries showing greater investment in cryptocurrencies as specula-
tive assets. The study [37] utilised Fuzzy-set Qualitative Comparative Analysis an inductive
approach whereby causal factors are obtained from prior studies to explore their complex
interdependency. It first analyses a larger sample of 101 countries (without cultural values)
and further investigates the cultural aspects and their roles in 43 countries. The result
shows that social factors and financial development are the central factors for cryptocur-
rency adoption. Monetary policies, including interest rates and exchange rate stability [38],
significantly shape cryptocurrency adoption. Low or negative interest rates reduce the op-
portunity cost of holding cryptocurrencies, thereby encouraging adoption [39,40]. Similarly,
exchange rate volatility incentivises individuals and corporations to adopt cryptocurrencies
as a means of preserving value and facilitating cross-border transactions without the risks
associated with fluctuating fiat currencies [41]. Regulatory clarity in monetary policies also
plays a crucial role; permissive environments foster adoption, while restrictive measures,
such as outright bans, hinder it [42].

2.2. Effects of Cryptocurrency Adoption

Cryptocurrency adoption has sparked significant debate among researchers [19,21] and
policymakers regarding its effects on macroeconomic indicators and social structures. Cryp-
tocurrencies contribute to economic growth by facilitating financial inclusion, reducing
transaction costs, and promoting cross-border trade [43]. Blockchain technology, which
underpins cryptocurrencies, enhances financial efficiency and transparency, thus encour-
aging economic activity [30]. For example, decentralised finance (DeFi) platforms allow
small- and medium-sized enterprises (SMEs) to access funding in regions where traditional
banking systems are underdeveloped.

Studies highlight a positive correlation between cryptocurrency adoption and GDP
growth, particularly in emerging markets. Ref. [1] emphasises the role of cryptocurrencies
in increasing remittance inflows, which are crucial for economic development in low-
income countries. However, critics argue that speculative trading and market volatility
could overshadow these benefits, leading to financial instability.

Cryptocurrencies have implications for social development, particularly governance
quality and corruption. Blockchain’s transparency and immutability make it a valuable tool
for combating corruption by ensuring accountability in public financial management [42].
Countries with high levels of corruption often experience increased cryptocurrency adop-
tion as citizens seek alternatives to circumvent corrupt financial systems [35].

Despite these benefits, the anonymity provided by some cryptocurrencies can also
enable illicit activities, undermining governance and legal systems. Research by [36] high-
lights a dual impact: while blockchain fosters transparency, unregulated cryptocurrency
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markets may facilitate tax evasion and money laundering. Addressing these challenges
requires robust regulatory frameworks that balance innovation with accountability.

2.3. Research Gaps

Despite extensive studies on the drivers and effects of cryptocurrency adoption, several
gaps remain [19,20]. Firstly, although the literature extensively covers individual drivers,
integrated models that examine the interplay between technology, economic conditions, and
monetary policies are limited. Secondly, while the impact of inflation is well documented in
hyperinflationary economies, more research is needed on stable monetary systems. Thirdly,
the long-term effects of cryptocurrency on economic growth and the role of cryptocurrencies
in enhancing governance quality calls for nuanced studies on international contexts.

The adoption of cryptocurrencies is a multifaceted phenomenon driven by techno-
logical advancements, economic conditions, and monetary policies. Understanding these
drivers offers valuable insights for policymakers, businesses, and technology develop-
ers, aiming to harness the potential of digital currencies. Future research should adopt a
multidisciplinary approach to address existing gaps and provide a holistic view of cryp-
tocurrency adoption dynamics.

The adoption of cryptocurrencies has significant implications for inflation manage-
ment, economic growth, and social development. While they offer innovative solutions for
financial inclusion and governance, challenges such as volatility and regulatory concerns
persist. A comprehensive understanding of these dynamics is essential for maximising the
benefits of cryptocurrency adoption while mitigating associated risks.

2.4. Theoretical Framework and Hypotheses

This study introduces the multiple-currency model for cryptocurrency where cryp-
tocurrencies coexist or compete with traditional fiat currencies catering for different
functions [44]. For example, multiple currencies provide diverse financial tools, enabling
access for underserved populations without access to traditional banking systems [1]. A
diverse currency ecosystem promotes innovation in payment technologies, transaction
efficiencies, and financial products [30].

This study argues that cryptocurrencies can be used as a nominal anchor [45], which
suggests that the value of a currency should be tied to a stable measure or “anchor”
to maintain price stability and control inflation [46,47]. For example, Bitcoin has been
proposed as a potential nominal anchor in a decentralised monetary system [36] because of
its fixed supply (capped at 21 million coins), and in environments where fiat currencies are
unreliable [35].

Based on the multiple-currency model and nominal anchor theory, this study builds a
theoretical framework for cryptocurrency adoption. Factors such as technological develop-
ment, monetary policies and economic conditions influence the adoption of cryptocurrency.
Moreover, cryptocurrency adoption affects national economic and social development.
Therefore, this study proposes the following hypotheses:

H1. Cryptocurrency adoption has positive relationships with technology development, monetary
policies and economic conditions;

H2. Cryptocurrency adoption has positive relationships with economic growth, labour market and
social development.
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3. Research Methodology
3.1. Data and Variables

This study employs a quantitative research design using panel data analysis to investi-
gate the drivers and impacts of cryptocurrency adoption. The data spans 37 countries from
2020 to 2023, covering diverse economic, social, and governance contexts. The dependent
variable of the study is the cryptocurrency adoption rate (CAR) measured by the Crypto
Adoption Index. Chainalysis produces annual reports known as the Crypto Adoption In-
dex, which aims to measure and track cryptocurrency adoption levels in different countries.
The index is based on a comprehensive analysis of blockchain transactions. The global
Crypto Adoption Index ranks countries on a scale of 0-1. The closer the score is to 1, the
higher the rank [48].

The dependent variables are GDP, INF, UNEMP, EXR, NRI, INTR, CORR, and EFI.
GDP is calculated as the total market value of all goods and services produced within
a country in a specific year, serving as a key indicator of economic health. To adjust
for inflation effects, GDP is often expressed in constant U.S. dollars. INF is quantified
through the annual percentage change in the Consumer Price Index, which tracks the
cost-of-living adjustments. UNEMP is defined as the proportion of the labour force that
is unemployed but actively seeking work. EXR denotes the rate at which a country’s
currency can be exchanged for the U.S. dollar (USD), reflecting the relative stability of
the national currency. NRI measures a country’s capability to adopt and utilise digital
technologies, including cryptocurrencies. It evaluates aspects such as ICT infrastructure,
affordability, digital skills, and usage, with higher scores indicating better readiness for
digital advancements and cryptocurrency integration (detailed methodology available at
https:/ /networkreadinessindex.org/ accessed on 2 September 2024). Figure 1 illustrates
the main pillars of the NRL INTR is represented by the central bank’s policy rate or the
short-term interest rate, which influences the cost of borrowing and returns on savings,
thereby impacting investment choices and financial behaviour including the uptake of
cryptocurrencies. CPI, published by Transparency International, gauges the perceived
levels of public sector corruption in a country. Higher corruption may encourage the use of
cryptocurrencies to circumvent traditional financial systems seen as corrupt. EFI issued
by the Heritage Foundation, evaluates economic freedom within a country, considering
elements like property rights, government integrity, and regulatory efficiency. Elevated
levels of economic freedom typically correlate with more developed financial markets and
greater receptiveness to innovations such as cryptocurrencies.

L1 Technology Access Content Future Technologies

S People Individuals Businesses Governments
Network Readiness Index

[El  Governance Trust Regulation Inclusion

(o}  Impact Economy Quality of Life SDG Contribution

Figure 1. Pillars of Network Readiness Index (NRI)—source [49].
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3.2. Empirical Strategy

Panel data methodology is chosen for its ability to capture both cross-sectional and
time-series variations, allowing for robust modelling of the relationships among vari-
ables [50]. Based on the theoretical framework hypotheses are derived from literature. The
research model below illustrates the relationship between cryptocurrency adoption with
technology development, monetary policies, and economic conditions.

CAR;; = A X (NRD); "1 X (INTR); **X (EXR); "> X(EF1); ,"* 1)

Moreover, the dependent variables and relationships might be dynamic and evolve
over time. Equation (2) shows dynamic models.

dCARi;
dt

= f(CARy—y), NRI;, INTRy;, EXRy, EFI; ) 2)

where CAR is the cryptocurrency adoption rate; NRI is the Network Readiness Index; INTR
is the National Central Bank interest rate; EXR is the exchange rate; and EFI is the Economic
Freedom Index.

Moreover, cryptocurrency adoption may have relationships with economic and
social development.

CAR;; = A X (INF); **X (GDP), /6 X (UNEMP); /" X(CORR); /"8 (3)

Moreover, the dependent variables and relationships might be dynamic and evolve
over time. Equation (4) shows the dynamic model.

dCARi;
dt

=f (CARi(t_n), INF;;, GDP;;, UNEMP;;, CORR;; ) @)

where CAR is the cryptocurrency adoption rate; INF is the national annual inflation
rate, representing economic development; GDP is the gross domestic product growth
rate, representing economic development; UNEMP is the national unemployment rate,
representing social development; and CORR is the corruption index of the quality of
governance represents social development.

The study uses secondary data obtained from international databases, including those
of the World Bank, IMEF, and Transparency International, over a period from 2020 to 2023.

Table 1 shows the variables and data sources.

Table 1. Variables and data source.

Variables Indicator Name Definition Data Source

Chain analysis, data are
available at https:/ /www.
Global Crypto Adoption Index chainalysis.com/blog /2023
-global-crypto-adoption-index
(accessed on 10 October 2023)

Cryptocurrency

CAR Adoption Rate

Data are available at https:
NRI Network Readiness Index  Network Readiness Index / /networkreadinessindex.org
(accessed on 10 October 2024)

International Monetary Fund

INTR Interest Rate National Central Bank Interest rate (IMF) Database
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Table 1. Cont.

Variables Indicator Name Definition Data Source

EXR is the exchange rate (nominal),

which represents the value at which International Monetary Fund

EXR Exchange Rate the currency of a specific country can

be exchanged for the United States (IMF) Database

Dollar (USD)

. The impact of liberty and free markets The Heritage Foundation’s
EFl Economic Freedom around the globe Index of Economic Freedom
. . International Monetary Fund
INF Inflation Rate Consumer Prices Index (CPI) (IMF) Database
World Bank national

GDP Gross Domestic Product Gross domestic product (current US $) accounts data,

and OECD National Accounts
data files

The International Labour
UNEMP Unemployment Rate Organisation’s (ILO)
unemployment rate

https:/ /stats.oecd.org (accessed
on 10 October 2024)

CORR perceives levels of public sector
CORR Corruption Index corruption, score 0 (highly corrupt) to
100 (very clean)

https:/ /www.transparency.org
(accessed on 10 October 2024)

To examine the relationships among key variables, a comprehensive approach includes
pairwise correlations, cross-sectional dependence tests, regression tests, and causality tests
are used in this study.

The Pearson correlation coefficient [51] is computed to find the pairwise correlations
among variables.

Q(X,Y) = Cov(X,Y)/0XaY

where Q(X,Y) is the Pearson correlation coefficient; Cov (X, Y) is the covariance between
variables X and Y; oX and oY are the standard deviations of X and Y, respectively.

To find if the observations are interdependent or correlated, a cross-sectional de-
pendence test is conducted. The Breusch-Pagan LM test [52] is conducted to assess het-
eroscedasticity. To examine cross-sectional dependence, the Pesaran-scaled LM test [53] is
employed to ensure the independence of observations. The Bias-Corrected Scaled LM
test is applied to mitigate finite-sample bias [54]. The Pesaran CD test is used to explore
cross-sectional dependence [55], which ensures the robustness of detecting dependencies
among different cross-sectional units.

In the Breusch-Pagan LM test,

LM = nR?

where

LM: the test statistic;

n: the number of observations;

R?: the R-squared from the regression.

In the Pesaran-scaled LM test,

N T(T-1) R?

LM =
M N-1 4 1—R?
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where

LM: the test statistic;

N: the number of cross-sectional units;

T: the number of time periods;

R?: the R-squared from the auxiliary regression.

In the Bias-Corrected Scaled LM Test,

LMpc = LM/ <1 - i)

where

LMgc: the Bias-Corrected LM test statistic;
LM: The original LM test statistic;
T: the number of time periods.

In the Pesaran CD test,
CD = N(LM/N)

where

CD: the Pesaran CD test statistic;
LM: the test statistic from the Pesaran-scaled LM test;
N is the number of cross-sectional units.

Ordinary Least Squares (OLS) is used in the Baseline Regression, estimating the
parameters in linear regression models. The coefficients derived from OLS provide the
magnitude and direction of the relationship [56]. R? shows the Goodness-of-Fit measur-
ing the proportion of variance in the dependent variable explained by the independent
variables [57].

Feasible Generalised Least Squares (FGLS) is an econometric estimation technique
used to address issues of heteroskedasticity and autocorrelation in regression models.
FGLS provides more efficient and unbiased parameter estimates under heteroskedasticity
or autocorrelation [56]. The technique of Panel-Corrected Standard Errors (PCSEs) is an
econometric method developed by [58] to address issues of heteroskedasticity and cross-
sectional dependence in panel data regression models. PCSEs adjust the standard errors of
regression coefficients to ensure valid statistical inference when the error structure exhibits
contemporaneous correlation and heteroskedasticity across panel units. The Generalised
Method of Moments (GMM) is a widely used econometric estimation technique [59], which
is particularly suitable for models that involve endogeneity, heteroskedasticity, or when the
researcher has a set of moment conditions derived from economic theory. It has become
a standard tool for dynamic panel data models, time-series analysis, and instrumental
variable regressions [60].

The pairwise Dumitrescu—Hurlin panel causality test is employed to identify the
causal relationships [61]. The Wald Statistic WStat is used to check the existence of causality
in panel data:

T(N -1 v
Wetar = N((T—lg (2511 Zthl 812't>

where

Waat- the Wald Statistic;

T: the number of time periods;

N: the number of cross-sectional units;

£;4: the residuals from the pooled regression.
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4. Findings and Discussion
4.1. Summary Statistics

Table 2 provides descriptive statistics for the variables, summarising their central
tendencies and variations based on a dataset of 148 observations. The cryptocurrency
adoption rate (CAR) has a mean of 0.11 with a standard deviation of 0.137, and the
maximum adoption is 0.93, reflecting an uneven distribution of digital currency penetration.
The dataset demonstrates diverse economic, social, and technological contexts across
observations. There is significant variability in interest and exchange rates, inflation, and
governance quality suggesting heterogeneity among the entities studied.

Table 2. Descriptive statistics.

Variable Obs Mean Std. Dev. Min Max
CAR 148 0.110 0.137 0.000 0.931
GDP 148 1.914 4.822 —11.20 16.30
INF 148 4.862 4.142 —1.20 19.70
UNEMP 148 6.322 2.983 2.000 17.60
EXR 148 24.129 62.851 0.630 375.0
NRI 148 67.707 8.745 46.26 82.75
INTR 148 2.350 2.783 —0.75 16.00
CORR 148 64.98 15.679 26.00 90.00
EFI 148 71.816 6.193 53.80 84.20

The table provides descriptive statistics for the study variables. CAR is the cryptocurrency adoption rate, GDP
is the gross domestic product, INF is inflation, UNEMP is the unemployment rate, EXR is the exchange rate,
NRI is the Network Readiness Index, INTR is interest rates, CORR is the corruption index, and EFI is the
economic freedom.

Table 3 provides a correlation matrix showing the relationships between variables of
interest. Each entry represents the Pearson correlation coefficient ranging from —1 to 1.
The weak but notable correlation between cryptocurrency adoption (CAR) and inflation
(INF) suggests that inflationary environments may drive individuals toward alternative
financial systems like cryptocurrencies. Strong correlations between the Network Readiness
Index (NRI) and governance indicators (CORR and EFI) highlight the critical role of
technological infrastructure in promoting better governance and economic freedom. The
positive relationship between inflation (INF) and interest rates (INTR) underscores the
interplay between monetary policy and price stability.

Table 3. Matrix of correlations.

Variables 1) (2) (3) 4) (5) (6) (7) ®) 9
(1) CAR 1.000

(2) GDP —0.142 1.000

(3) INF 0.147 0.248 1.000

(4) UNEMP  —0.063 0122 —0.091  1.000

(5) EXR —0.030 —0.003  0.236 ~0.115  1.000

(6) NRI 0.110 —0.007  —0356  —0422  —0257  1.000

(7) INTR 0.077 0.082 0.675 —0.174  0.360 —0.377  1.000

(8) CORR —0.098 —0.049  —0279  —0354  —0333  0.880 —0.348  1.000

(9) EFI —0.096 0.055 ~0.170  —0389  —0232  0.674 ~0.336 0788 1.000

The table provides a correlation matrix for the study variables. CAR is the cryptocurrency adoption rate, GDP
is the gross domestic product, INF is inflation, UNEMP is the unemployment rate, EXR is the exchange rate,
NRI is the Network Readiness Index, INTR is interest rates, CORR is the corruption index, and EFI is the
economic freedom.
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4.2. Cross-Sectional Dependence and Slope Heterogeneity Test

Table 4 reports the results from multiple tests for cross-sectional dependence among
variables by using Breusch-Pagan LM, Pesaran Scaled LM, Bias-Corrected Scaled LM,
and Pesaran CD tests. These tests determine whether variables exhibit dependence across
cross-sectional units (countries) in panel data. The null hypothesis (HOH_0HO) for all
tests is that there is no cross-sectional dependence. All tests indicate substantial cross-
sectional dependence for most variables, implying that global or regional factors play a
significant role in shaping the variables under study. This finding supports the need for
econometric techniques, such as cross-sectional dependence-adjusted models or spatial
econometrics, to account for these correlations in further analyses. In particular, the Pesaran
CD test, suitable for both small time periods and cross-sections, generally confirms the
presence of cross-sectional dependence, although some variables, such as CORR (1.307) and
EFI (10.086), show weaker dependence compared to others.

Table 4. Cross-sectional dependence tests and slope heterogeneity.

Variables Breusch-Pagan LM Pesaran Scaled LM Bias-Corrected Scaled LM Pesaran CD
CAR 2223.08 *** 42.66 *** 36.50 *** 46.71 =
GDP 2125.31 *** 39.98 *** 33.82 *** 45.41
INF 2277.10 *** 44144 *** 37.978 *** 47.525 ***
UNEMP 1687.028 *** 27.976 *** 21.809 *** 38.767 ***
EXR 1543.961 *** 32.028 *** 25.862 *** 16.086 ***
NRI 1896.972 *** 33.728 *** 27.562 *** 38.964 ***
INTR 1974.971 *** 41.784 *** 30.731 *** 12.448 ***
CORR 1452.287 *** 21.544 *** 15.377 *** 1.307

EFI 1396.961 *** 20.028 *** 13.862 *** 10.086 ***
Testing for slope heterogeneity [62]. HO: slope coefficients are homogenous.

Delta —7.795

p_value 0.000

The table presents cross-sectional dependence using four different tests and slope heterogeneity using Pesaran and
Yamagata (2008) tests [62]. The null hypothesis (HO) for cross-sectional dependence is that underlying variables
are independent across different sections while for slope heterogeneity it is slope coefficients are homogenous.
Asterisks indicate statistical significance at the 10% one-star, 5% two-star, and 1% three-star levels, respectively.
w4 < 0.01,* p < 0.05,*p <0.1.

4.3. Baseline Regression

Table 5 presents results from multiple Ordinary Least Squares (OLS) regression mod-
els, testing the effects of several independent variables. The results show that Inflation
(INF), GDP, technological readiness (NRI), exchange rates (EXR), and governance quality
(CORR) emerge as significant drivers of cryptocurrency adoption. Unemployment (UN-
EMP), interest rates (INTR), and economic freedom (EFI) show limited or no significant
effects. It highlights the importance of technological infrastructure in facilitating cryp-
tocurrency usage and the impact of inflation, exchange rates, and governance on shaping
adoption patterns.

Table 6 presents the result from three econometric models Feasible Generalised Least
Squares (FGLS), Panel-Corrected Standard Errors (PCSEs), and Generalised Method of
Moments (GMM) to analyse the relationships between the dependent variable (likely
cryptocurrency adoption rate (CAR)) and several independent variables. The lagged
cryptocurrency adoption rate in the GMM model has a significant negative relationship
(coefficient = —0.518; p < 0.01), showing that a high past adoption rate is associated with a
reduction in current adoption growth, potentially due to market saturation or diminishing
marginal adoption effects. Inflation (INF) is positive and significant across all models
(coefficients: 0.018 in FGLS test, 0.017 in PCSE test, and 0.008 in GMM test), which means
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that higher inflation rates drive cryptocurrency adoption, supporting its role as a hedge

against fiat currency instability.

Table 5. Baseline regression.

Variables 1) 2) 3) 4) (5) (6) 7) (8) )
GDP —0.004 * —0.008 ***
(0.002) (0.002)
INF 0.005 * 0.013 ***
(0.003) (0.003)
UNEMP —0.003 0.001
(0.004) (0.004)
EXR —0.002 —0.005 **
(0.001) (0.001)
NRI 0.002 0.018 ***
(0.001) (0.003)
INTR 0.004 —0.002
(0.004) (0.005)
CORR —0.001 —0.010 ***
(0.001) (0.002)
EFI —0.002 0.001
0.002)  (0.003)
Constant 0.118 *** 0.087 *** 0.128 *** 0.172 *** —0.006 0.101 ***  0.166 *** 0.262 ** —0.572 ***
(0.012) (0.017) (0.026) (0.012) 0.088)  (0.015)  (0.048) (0.131)  (0.213)
Observations 148 148 148 148 148 148 148 148 148
R-squared 0.020 0.022 0.004 0.001 0.012 0.006 0.010 0.009 0.327

This table contains estimates of baseline regression models. The dependent variable is CAR (cryptocurrency
adoption rate), GDP is the gross domestic product, INF is inflation, UNEMP is the unemployment rate, EXR is the
exchange rate, NRI is the Network Readiness Index, INTR is interest rates, CORR is the corruption index, and EFI
is economic freedom. All estimations include OLS. Under the coefficients in the parentheses () standard errors are
shown. Statistical significance is indicated by asterisks at the * (10%), ** (5%), and *** (1%).

Table 6. Results using FGLS, PCSEs, and GMM.

1) ) (3)
Variables FGLS PCSEs GMM
L.CAR —0.518 ***
(0.044)
INF 0.018 *** 0.017 *** 0.008 **
(0.003) (0.001) (0.003)
CORR —0.006 *** —0.007 *** —0.022 ***
(0.001) (0.002) (0.004)
NRI 0.015 *** 0.018 *** 0.023 **
(0.002) (0.005) (0.010)
INTR —0.017 *** —0.021 *** —0.018 ***
(0.006) (0.006) (0.005)
EFI —0.005 ** —0.006 *** —0.007 **
(0.002) (0.002) (0.003)
UNEMP —0.002 —0.007 *** —0.005
(0.004) (0.002) (0.010)
GDP —0.005 * —0.006 *** —0.006 *
(0.003) (0.002) (0.003)
EXR —0.004 —0.002 —0.001
(0.003) (0.003) (0.001)
Constant —0.240 —0.144 0.067
(0.195) (0.223) (0.454)
Observations 148 148 148
R-squared 0.766
Wald chi2 102.45 734.98 275.70
Prob > chi2 0.000 0.000 0.000
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Table 6. Cont.

(W) ) (3)

Variables FGLS PCSEs GMM
AR2 0.768
Sargan 0.396

This table contains estimates of long-run co-integration analysis models. The dependent variable is CAR (cryp-
tocurrency adoption rate), GDP is the gross domestic product, INF is inflation, UNEMP is the unemployment rate,
EXR is the exchange rate, NRI is the Network Readiness Index, INTR is interest rates, CORR is the corruption
index, and EFI is economic freedom. Estimations include FGLS, PCSE, and GMM. Under the coefficients in the
parentheses () standard errors are shown. Statistical significance is indicated by asterisks at the * (10%), ** (5%),
and *** (1%).

The Network Readiness Index (NRI) is positive and significant across all models,
indicating that technological development strongly promotes cryptocurrency adoption.
Interest Rate (INTR) shows negative and significant across all models, which means
that higher interest rates discourage cryptocurrency adoption, possibly because tradi-
tional savings instruments become more attractive. The Economic Freedom Index (EFI)
is negative and significant across all models. It means greater economic freedom reduces
cryptocurrency adoption, suggesting that cryptocurrencies thrive more in restrictive en-
vironments. exchange rate (EXR) is not significant, indicating limited direct effects on
cryptocurrency adoption.

The economic growth rate (GDP) is negative and significant in all models, which
reveals that higher GDP levels are associated with reduced cryptocurrency adoption. Maybe
stable economies rely less on alternative financial tools, and cryptocurrency is widely used
in less-developed nations. The unemployment rate (UNEMP) has mixed results as it
may have varying impacts on cryptocurrency adoption depending on model specification.
The corruption index (CORR) is negative and significant across all models, showing that
higher governance quality is associated with reduced cryptocurrency adoption; possibly,
cryptocurrency is widely used in corrupt nations.

4.4. Granger Causality Tests

Table 7 illustrates the results of Granger causality tests conducted between various
economic, social, and technological variables. The relationship between cryptocurrency
adoption rate (CAR) and inflation (INF) is bidirectional, with stronger evidence that CAR
influences inflation, possibly by increasing speculative or transactional demand in high-
inflation economies. No predictive relationship is observed between corruption levels
and cryptocurrency adoption. Technology development predicts cryptocurrency adoption,
reflecting the importance of digital infrastructure. Cryptocurrency adoption predicts
economic freedom, possibly by influencing financial innovation or liberalisation.

Table 7. Pairwise Granger causality tests.

X — Y Test (F, p)

Y — X Test (F, p)

Direction

CORR — CAR: (0.074, 0.786)
EFI — CAR: (0.235, 0.629)
EXR — CAR: (0.127, 0.723)
GDP — CAR: (13.149, 0.000)
INF — CAR: (3.777, 0.055)
INTR — CAR: (1.845, 0.177)
NRI — CAR: (3.962, 0.049)
UNEMP — CAR: (0.006, 0.939)
EFI — CORR: (1.137, 0.289)
EXR — CORR: (1.804, 0.182)

CAR — CORR: (1.550, 0.216)
CAR — EFI: (8.070, 0.005)
CAR — EXR: (0.231, 0.632)
CAR — GDP: (7.261, 0.008)
CAR — INF: (10.725, 0.001)
CAR — INTR: (0.184, 0.669)
CAR — NRI: (2.289, 0.133)
CAR — UNEMP: (0.098, 0.754)
CORR — EFI: (9.976, 0.002)
CORR — EXR: (0.001, 0.974)

Uni-directional
Uni-directional
Uni-directional
Bi-directional
Bi-directional
No
Uni-directional
No
Uni-directional
No
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Table 7. Cont.

X — Y Test (E, p)

Y — X Test (E p)

Direction

GDP — CORR: (0.050, 0.824)
INF — CORR: (10.204, 0.002)
INTR — CORR: (2.951, 0.089)
NRI — CORR: (0.000, 0.988)
UNEMP — CORR: (2.256, 0.136)
EXR — EFI: (2.098, 0.150)

GDP — EFI: (3.128, 0.080)

INF — EFI: (2.220, 0.139)
INTR — EFI: (0.892, 0.347)
NRI — EFT: (3.365, 0.069)
UNEMP — EFI: (0.361, 0.549)
GDP — EXR: (0.237, 0.627)
INF — EXR: (6.509, 0.012)
INTR — EXR: (2.817, 0.096)
NRI — EXR: (0.015, 0.904)
UNEMP — EXR: (0.362, 0.549)
INF — GDP: (38.903, 0.000)
INTR — GDP: (37.933, 0.000)
NRI — GDP: (64.697, 0.000)
UNEMP — GDP: (8.406, 0.005)
INTR — INF: (0.716, 0.399)
NRI — INF: (7.949, 0.006)
UNEMP — INF: (1.791, 0.184)
UNEMP — INTR: (0.259, 0.612)

CORR — GDP: (3.330, 0.071)
CORR — INF: (0.988, 0.322)
CORR — INTR: (2.559, 0.113)
CORR — NRI: (5.098, 0.026)
CORR — UNEMP: (0.598, 0.441)
EFI — EXR: (0.097, 0.756)

EFI — GDP: (1.044, 0.309)

EFI — INF: (32.592, 0.000)

EFI — INTR: (38.784, 0.000)
EFI — NRI: (4.524, 0.036)

EFI — UNEMP: (2.779, 0.098)
EXR — GDP: (0.279, 0.598)
EXR — INF: (4.872, 0.029)
EXR — INTR: (25.935, 0.000)
EXR — NRI: (0.197, 0.658)
EXR — UNEMP: (0.179, 0.673)
GDP — INF: (47.989, 0.000)
GDP — INTR: (25.004, 0.000)
GDP — NRI: (1.688, 0.197)
GDP — UNEMP: (1.313, 0.254)
INF — INTR: (10.532, 0.002)
INF — NRI: (57.435, 0.000)
INF — UNEMP: (4.263, 0.041)
INTR — UNEMP: (3.727, 0.056)

Uni-directional
Uni-directional
Uni-directional
Uni-directional
No

No
Uni-directional
Uni-directional
Uni-directional
Bi-directional
No

No
Bi-directional
Uni-directional
No

No
Bi-directional
Bi-directional
Uni-directional
Uni-directional
Uni-directional
Bi-directional
Uni-directional
Uni-directional

This table contains estimates of Granger causality tests. CAR is the cryptocurrency adoption rate, GDP is the
gross domestic product, INF is inflation, UNEMP is the unemployment rate, EXR is the exchange rate, NRI is the
Network Readiness Index, INTR is interest rates, CORR is the corruption index, and EFI is economic freedom.
After the variable pair in parentheses (), the first value is f-stat, and the second value following the comma is
the p-value.

The bidirectional causality suggests that GDP growth fosters cryptocurrency adoption,
and adoption might influence economic output, possibly through financial innovation. No
significant Granger causality is observed between CAR and unemployment (UNEMP) or
exchange rate (EXR) in either direction.

In addition, the results show that corruption drives inflation but not vice versa. Infla-
tion impacts technological readiness, and vice versa, reflecting economic interdependencies.
GDP and inflation mutually influence each other, which is consistent with macroeconomic
theory. Economic freedom and technological readiness reinforce each other. Interest rates
and GDP growth interact closely, consistent with monetary policy theory.

4.5. Discussion

The finding that inflation significantly drives cryptocurrency adoption aligns with
prior studies. Studies [27] suggest that sophisticated investors are more inclined to invest
in assets that serve as hedges against economic downturns, including scenarios charac-
terised by high future inflation. High inflation erodes the value of fiat currencies, pushing
individuals toward cryptocurrencies as a hedge. For example, studies on hyperinflationary
economies, such as Venezuela and Zimbabwe, demonstrate how cryptocurrencies like
Bitcoin offer an alternative store of value and medium of exchange when traditional cur-
rencies collapse [35,36]. It implies that cryptocurrencies act as “digital gold”, reinforcing
their utility as a store of value in times of economic instability [39]. This supports theories
of money that highlight the importance of scarcity and stability for value retention.

The negative relationship between corruption and cryptocurrency adoption contrasts
with some studies suggesting that cryptocurrencies are often used in highly corrupt envi-
ronments to circumvent opaque traditional financial systems. However, lower adoption
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in less corrupt environments might reflect trust in existing institutions and regulatory
clarity [30,42]. It suggests that cryptocurrencies are used in corruptive systems and as a
speculative asset and therefore improved governance may reduce the perceived need for
decentralised alternatives.

The positive association between technological readiness and cryptocurrency adop-
tion is consistent with studies emphasising the role of digital infrastructure in facilitating
blockchain use. Advanced technological ecosystems lower barriers to entry for adopting
decentralised systems and integrating them into economic activities [1]. This finding rein-
forces the innovation diffusion theory, which posits that the adoption of new technologies
depends on access to infrastructure and societal readiness.

The negative effect of interest rates on cryptocurrency adoption mirrors findings where
low or negative interest rates reduce the opportunity cost of holding cryptocurrencies,
making them more attractive relative to fiat savings [39]. This aligns with monetary
substitution theories, where individuals shift to alternative currencies when traditional
instruments offer lower returns.

Lower economic freedom and higher corruption drive cryptocurrency adoption,
underscoring its appeal in restrictive environments. This finding supports studies
showing higher adoption rates in developing nations with limited financial access [63].
This supports financial innovation theory, which highlights the disruptive potential of
decentralised systems.

The finding that inflation Granger causes cryptocurrency adoption aligns with prior
research highlighting the role of economic instability. Cryptocurrencies serve as a hedge
in high-inflation environments, particularly in economies with unstable fiat currencies,
such as Venezuela and Zimbabwe [36]. This finding supports the view that individuals
and businesses increasingly turn to decentralised assets to preserve value during monetary
crises [35]. This reinforces monetary substitution theory, where agents opt for alternative
currencies when the domestic currency loses purchasing power.

The positive causality from GDP to CAR may reflect the role of economic activity in
driving innovation and investment in cryptocurrencies. Wealthier economies tend to have
greater resources and infrastructure to support technological adoption [1]. Conversely,
the feedback effect (CAR impacts GDP) suggests that cryptocurrencies can spur economic
activity by enabling financial inclusion and reducing transaction costs [39]. This relationship
underscores financial innovation theory, which posits that digital currencies foster economic
activity by creating alternative financial ecosystems.

The finding that technological readiness predicts CAR aligns with literature emphasis-
ing the importance of digital infrastructure for cryptocurrency adoption. NRI captures a
country’s capacity to leverage ICT (Information and Communication Technology), which is
critical for enabling blockchain-based systems [30]. This supports the innovation diffusion
theory, which highlights that access to technology and digital literacy are prerequisites for
adopting disruptive financial technologies.

The mutual relationship between CAR and GDP suggests that cryptocurrency adop-
tion not only depends on economic conditions but also contributes to economic growth.
Previous studies indicate that cryptocurrencies facilitate cross-border trade, lower re-
mittance costs, and provide financial tools for unbanked populations, thereby fostering
economic expansion [42].

The influence of CAR on EFI reflects cryptocurrencies” potential to liberalise economies.
By reducing dependence on traditional financial systems, cryptocurrencies promote in-
dividual financial autonomy and stimulate regulatory changes [63]. These findings align
with institutional economics theory, which suggests that technological innovations like
cryptocurrencies can drive institutional reform and economic liberalisation.
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The observed mutual causality among inflation, GDP, and governance quality (CORR)
reflects the complex interdependence of economic and institutional factors. Inflation and
GDP are tightly linked through monetary policy and economic cycles, while governance
quality mediates the effectiveness of these policies [38].

The role of governance (CORR) is particularly nuanced. On the one hand, lower
corruption improves financial stability, reducing the need for alternative systems like
cryptocurrencies. On the other hand, weak governance in some contexts drives adoption
by undermining trust in traditional systems [42]. This supports the theory of economic
institutionalism, which posits that institutional quality determines economic outcomes and
shapes the adoption of disruptive innovations.

5. Conclusions
5.1. Summary

This study examined cryptocurrency adoption’s key drivers and impacts across
37 countries from 2020 to 2023. This study found that inflation emerged as a critical
driver of cryptocurrency adoption, particularly in economies with volatile fiat currencies.
This supports the view of cryptocurrencies as a hedge against inflation [36]. The Net-
work Readiness Index (NRI) significantly influences adoption, highlighting the necessity
of digital infrastructure and technological ecosystems [30]. Lower interest rates (INTRs)
encourage adoption, while higher GDP is associated with reduced adoption, reflecting the
influence of economic stability and monetary policy on adoption patterns [39].

Moreover, cryptocurrencies not only respond to but also impact GDP and economic
freedom (EFI), creating feedback loops that promote financial inclusion and economic
liberalisation [42]. Lower corruption levels (CORR) correlate with reduced cryptocurrency
adoption, possibly due to increased trust in traditional financial systems [63]. Furthermore,
this study found that inflation, GDP, and governance are interconnected, influencing both
cryptocurrency adoption and broader economic conditions. This highlights the complex
interplay between economic and institutional dynamics in shaping financial innovation.

5.2. Theoretical Implications

Cryptocurrencies act as an alternative monetary system, especially in inflationary
environments. This supports the Monetary Substitution Theory that economic instability
pushes individuals and institutions toward decentralised currencies [33,35].

Technological readiness (NRI) is critical for the adoption of disruptive innovations
like cryptocurrencies, which has implications for innovation diffusion theory. Policy-
makers must focus on enhancing digital infrastructure to maximise the benefits of these
technologies [30].

The feedback effects between cryptocurrency adoption and governance quality re-
inforce the role of institutional frameworks in facilitating or hindering adoption, which
supports the institutional economics theory. Cryptocurrencies can promote financial liber-
alisation in restrictive environments but require robust governance to prevent misuse [42].

5.3. Policy Recommendations

This study suggests that policymakers should first focus on reducing corruption and
increasing transparency to improve trust in traditional financial systems while enabling
regulated cryptocurrency adoption. Secondly, investments in technology readiness are
essential to leverage the economic benefits of cryptocurrencies. Developing countries
should prioritise digital literacy and ICT infrastructure. Thirdly, regulatory frameworks
should aim to mitigate the risks of cryptocurrency misuse without stifling innovation. Clear
guidelines on taxation, anti-money laundering (AML), and investor protection are critical.
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Finally, countries facing high inflation should explore the integration of cryptocurrencies
into their monetary systems while addressing underlying economic instability.

5.4. Limitations and Future Research Directions

While this research offers valuable insights into the drivers and impacts of cryptocur-
rency adoption, several limitations need to be acknowledged to contextualise the findings
and guide future studies.

The study uses data spanning 20202023, but comprehensive, reliable, and consistent
data on cryptocurrency adoption are only available from the late 2010s. This temporal
limitation may affect the robustness of the findings, particularly in the early years when
adoption rates were negligible. The dataset includes 37 countries, which may not represent
the global diversity in economic, technological, and governance conditions. The exclusion
of countries with nascent cryptocurrency markets or limited data availability may introduce
selection bias.

Despite efforts to address endogeneity using dynamic models (e.g., GMM)), the study
cannot entirely rule out omitted variable bias, particularly in complex relationships such
as CAR and governance quality (CORR) [39]. While Granger causality tests suggest
predictive relationships, they do not imply true causality. For example, the bidirectional
relationships between CAR and GDP may reflect simultaneous influences rather than clear
causal pathways [35].

Although governance quality (CORR) and economic freedom (EFI) were included as
proxies for social development, other dimensions such as income inequality, education,
or gender equality were not explored. These could provide a broader perspective on the
societal implications of cryptocurrency adoption [1].

The cryptocurrency ecosystem is rapidly evolving, with the emergence of stablecoins,
decentralised finance (DeFi), and central bank digital currencies (CBDCs). These innova-
tions were not fully accounted for in the analysis, potentially limiting their applicability to
current market dynamics [30].

The study does not account for cultural or behavioural drivers of cryptocurrency
adoption, such as trust in technology or societal attitudes toward financial innovation.
These factors could significantly influence adoption rates and require qualitative or survey-
based research to understand fully [63].

This study treats all cryptocurrencies as a homogeneous group, which simplifies the
analysis but does not account for the distinct characteristics of different cryptocurrencies.
Variations in technology, market acceptance, and regulatory treatment among cryptocurren-
cies like Bitcoin and Ethereum versus smaller digital currencies could influence adoption
rates and economic impacts differently. This approach may limit the generalizability of our
findings across the diverse landscape of digital currencies. Future research should consider
differentiating cryptocurrencies by their unique attributes and market positions to provide
a more nuanced understanding of their adoption and impacts.

Future research may expand the dataset, integrating qualitative methods, and incor-
porating emerging trends such as DeFi and CBDCs, which provides a more comprehensive
understanding of the dynamics and implications of cryptocurrencies in global economies.
The long-term effects of cryptocurrency adoption on economic growth, governance, and
inequality could be conducted in future studies. Sector-specific analysis might be an-
other future research opportunity, for example, examining how cryptocurrencies impact
remittances or cross-border trade.

Author Contributions: Conceptualization: Y.G.; data collection: E.Y.; data analysis: M.M.N. All
authors have read and agreed to the published version of the manuscript.
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Abstract: In several countries, digital financial advisory services, particularly those sup-
ported by robo-advisors, are becoming increasingly popular in retail banking. These
tools assist users with financial decisions such as risk assessment, portfolio selection, and
rebalancing—all at a reduced cost. Recent studies suggest that, over time, robo-advisors
could complement human financial advisors. Building on this research, which evaluates
robo-advisors’ effectiveness in asset allocation, this study aims to assess the impact of
this strategic shift on retail banks’ profitability. It compares the Canadian and French
banking sectors, where robo-advisors were introduced in the 2010s. Results indicate that
implementing robo-advisors enhances profitability in non-interest activities, with this effect
being more pronounced in France than in Canada.

Keywords: robo-advisor; retail banking; profitability; portfolio management; non-interest
margin

JEL Classification: G21; G01; G17; G32; O33

1. Introduction

Since 2012, financial technologies (fintechs) have experienced significant growth,
continuously introducing new services and tools. Among the most notable innovations are
‘robo-advisors’, which represent the culmination of nearly two decades of technological
advancements in the banking sector. These digital financial advisory services, including
those powered by robo-advisors, are gaining popularity in retail banking across many
countries. They support users in making financial decisions, including risk assessment,
portfolio selection, and rebalancing, all at a lower cost. Recent studies indicate that, in the
long term, robo-advisors could complement human financial advice.

Over the past decade, the growth of fintech has reshaped banking operations and
customer interactions. Robo-advisors have emerged as a flagship innovation in this domain,
offering low-cost, algorithm-driven financial advisory services. In Canada and France,
major banks have adopted these tools to diversify revenue streams, reduce operating
costs, and better serve tech-savvy customers. This dual-country approach allows for a
comparative analysis of how different regulatory and market structures influence the
adoption and impact of robo-advisors.

In Canada, even the major banks have embarked on the adventure to take advantage
of this innovation. The National Bank of Canada created Invest Cube, and the Bank of
Montreal developed the Smart Portfolio. On the other side of the Atlantic, in France,
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BNP Paribas and Society General, to name but a few, have also taken up the challenge
of artificial intelligence. Designing an investment portfolio in the comfort of their own
home or between appointments gives clients more latitude in terms of availability. The
development of exchange-traded funds (ETFs) has made it possible to advance this type
of solution. ETFs make it possible to recreate the effect of stock market indices within
an investment portfolio. They are less costly at the base since they involve less human
intervention and rely on algorithms that track the effects of the stock market and the
components of the indices.

If the implementation of robo-advisors requires large investments, it could be beneficial
in the long term because it should significantly reduce the payroll and structural costs of
financial institutions. It then becomes interesting to examine the impact of the adoption of
this fintech tool on the performance of financial institutions.

In addition to work that evaluates the effectiveness of such a device for allocating
financial assets or that examines the benefit of these platforms for investors, the objective
of this article is to measure the impact of such a strategic orientation on the profitability of
financial institutions. This exploratory study compares the Canadian and French banking
sectors, where robo-advisors have been deployed since the 2010 decade. This allows us
to compare the effect of these robo-advisors in two types of financial systems, across two
countries that have adopted this tool in comparable proportions.

Specifically, the study aims to evaluate how the adoption of robo-advisors affects
the profitability of commercial banks, with a specific focus on non-interest activities. By
comparing the experiences of the Canadian and French banking systems, this research
identifies key operational and strategic levers for improving bank performance. The results
provide actionable insights for financial institutions, regulators, and fintech developers
regarding the integration of robo-advisors into their business models.

The choice of the Canadian and French banking systems is motivated by the diversity of
their financial approaches. Canada represents a market-based financial system, while France
illustrates a bank-based system. These differences allow for a relevant comparative analysis
of the effect of robo-advisors. Moreover, both systems apply IFRS standards and Basel III
agreements, thereby ensuring the comparability of financial performance indicators.

The remainder of this article is structured as follows: Section 2 introduces the concept
of robo-advisors and their functioning. Section 3 provides a literature review and an
analysis of the current situation regarding the adoption of robo-advisors in Canada and
France. Section 4 outlines the research methodology and the data used. The results are
presented and analyzed in Section 5, and the article concludes by highlighting the main
contributions of this study and suggesting avenues for future research.

2. The Robo-Advisor

The concept of a robo-advisor may seem abstract at first glance. However, it is a
concrete and practical innovative tool aimed at automating a process that is sometimes
biased by emotions and human error. The robo-advisor is designed to answer a question
that is sometimes complex for some advisors: what is the best investment for me?

It is therefore a market analysis tool governed by an algorithm that acts on the markets
according to certain signals and modifies the investments made in the client’s portfolio.
Sometimes it is composed solely of ETFs that attempt to replicate one of the major known
stock market indices such as the S&P/TSX. An ETF that tracks this index would allow the
investor to obtain a return that is very close to the performance of the New York, Paris, or
Toronto stock exchanges. Of course, commission fees are withdrawn by the manufacturer
of the product as well as by the distributor.
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Initially, the robo-advisor serves as a neutral decision support tool for clients who
wish to choose a solution that suits them. The client fills out an online questionnaire
to determine his risk tolerance and at the end of the process, the system recommends
that he can accept or refuse. Once the administrative formality is in place, the client can
integrate the solution, and investments are then executed according to his investment policy.
However, a human advisor who will validate the questionnaire completed by the client
and validate whether the investment choice made corresponds to his investor profile must
analyze his investment choices. In most cases, a diversified portfolio of ETFs is put in place,
since this solution is of the passive management type and management fees are then lower
for the client. Passive management results from the fact that an investment fund attempts
to copy the composition of a stock market index in order to replicate the associated return.
The robo-advisor, therefore, uses various algorithms to track these indices and rebalance
the portfolio periodically.

In theory, the robo-advisor thus significantly reduces the payroll, which is costly for
financial institutions. Few, if any, humans interact with the client since they switch to online
investment management mode independently. In Europe, where legislation is different from
that in Canada, a human advisor does not have to revalidate client questionnaires and trans-
actions. This considerably reduces the cost of the advisor-boot option and makes it possible to
tangibly notice the positive effects of the savings generated for the financial institution.

In addition, this means fewer costly assets for the financial institution. In fact, since it is
no longer necessary to go to the office to meet with someone, certain points of business are
no longer required. The implementation of a virtual platform, a computerized management
system, and excellent servers is only required for this type of operation. The client, therefore,
sees himself in the hands of a machine whose emotional biases related to the markets are
less than those of a traditional portfolio manager—and all at a lower cost to him.

However, the client does not receive financial advice from an expert in the field. The
investor is left to his own devices and in some cases, he may miss out on interesting market
opportunities, not know about tax issues that would allow him to save significant amounts
of money, or have an expert follow up on a retirement plan through a well-detailed project.
Most financial institutions offer this service free of charge for their clients who have a
dedicated advisor. However, if the client becomes self-employed, this type of service is not
necessarily included, and the client will have to pay significant amounts for a consultation
with a private firm. Without having a business relationship with a human, it would also be
likely that the client would then be less loyal, and in the case of a better offer, he would be
freer to leave for another institution. Knowing that customer retention is already an issue,
banks do not want to multiply the chances of losing market share to their competitors. In
short, while this type of strategy may have advantages, it also has drawbacks.

The table below presents the particularities of the main robo-advisors used by
financial institutions.

Table 1 highlights the variability in fees associated with robo-advisors. Notably,
fee structures vary significantly depending on the balance threshold, with lower fees
for larger portfolios. This variability may influence the customer segments targeted by
financial institutions.

Table 1. Service fees for robo-advisor (in USD).

Robo-Advisors Balance $5000 $10,000 $50,000 $100,000  $1,000,000  $10,000,000
Minimum
Acorns $0 0.25% 0.25% 0.25% 0.25% 0.25% 0.25%
Betterment $0 0.35% 0.25% 0.25% 0.25% 0.15% 0.15%
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Table 1. Cont.

Robo-Advisors 1\/]131?11:;:1; $5000 $10,000  $50,000  $100,000  $1,000,000  $10,000,000
Hedgeable $0 0.75% 0.75% 0.7% 0.65% 0.3% 0.3%
WiseBanyan $10 0% 0% 0% 0% 0% 0%
Wealthfront $500 0% 0% 0.25% 0.25% 0.25% 0.25%
TradeKing Advisors Core $500 0.25% 0.25% 0.25% 0.25% 0.25% 0.25%
SigFig $2000 0% 0% 0.25% 0.25% 0.25% 0.25%
Schwab Intelligent Portfolios $5000 0% 0% 0% 0% 0% 0%
Liftoff $5000 0.4% 0.4% 0.4% 0.4% 0.4% 0.4%
TradeKing Advisors $5000 0.5% 0.5% 0.5% 0.5% 0.5% 0.5%
Momentum
FutureAdvisor $10,000 X 0.5% 0.5% 0.5% 0.5% 0.5%
Personal Capital $25,000 X X 0.89% 0.89% 0.89% 0.59%
Vanguard VPAS $50,000 X X 0.3% 0.3% 0.3% 0.3%
AssetBuilder $50,000 X X 0.45% 0.45% 0.3% 0.25%
Rebalance IRA $100,000 X X X 0.5% 0.5% 0.5%

Source: Business Insider Magazine. Website accessed on 13 November 2024. https:/ /www.businessinsider.com/
bis-robo-investing-reviews-performance-and-fees-comparison-2017-1?r=DE&IR=T?r=US&IR=T.

3. Implementation of Robo-Advisors: A Review of the Current Situation
and Literature

The first robo-advisors were introduced after the global financial crisis of 2008. These
tools primarily served as passive and automated asset allocation and portfolio manage-
ment instruments, designed to automatically rebalance a client’s portfolio in response to
significant market fluctuations. Their emergence coincided with a period when investors
exhibited a preference for low-risk portfolios, reflecting their apprehension after the adverse
effects of the global financial crisis.

Thanks to aggressive marketing efforts, robo-advisors rapidly gained popularity in the
United States. However, growth in the adoption of these tools was comparatively slower in
France and Canada. Notably, Investors Group was among the first financial institutions to
introduce this alternative. The implementation of its robo-advisor, Wealthsimple, required
a significant investment of approximately CAD 30 million [1]. In response, several major
Canadian banks followed suit, introducing exchange-traded fund (ETF) solutions with
lower management fees. For instance, the National Bank of Canada and the Bank of
Montreal launched portfolio management solutions powered by robo-advisors. The Bank
of Montreal developed two distinct offerings: one for investments ranging from CAD 1000
to CAD 49,999 and another for amounts exceeding CAD 50,000. For its part, the National
Bank set an investment floor of CAD 10,000 for its robo-advisor platform [2].

As the market for robo-advisors expands, investors have increasingly welcomed
these innovations. Growing awareness of the fee structures of mutual funds and turnkey
portfolios provided by most financial institutions has driven demand for cost-effective
alternatives. Consequently, financial institutions have embraced robo-advisors as a means
of demonstrating a competitive advantage and highlighting substantial savings oppor-
tunities for investors. For example, Wealthsimple, a prominent robo-advisor in Canada,
has transformed the investment landscape by offering accessible, low-fee digital portfolio
management. Similarly, BMO’s ‘SmartFolio” allows Canadian retail investors to create
customized ETF portfolios, demonstrating the strategic role of robo-advisors in diversifying
bank offerings.
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Moreover, the use of financial algorithms, as opposed to the subjective judgement of
fund managers, offers a more cost-effective and error-resistant solution. Robo-advisors rely
on predefined algorithms that swiftly analyze market fluctuations and execute large-scale
transactions to capitalize on emerging opportunities. This approach also supports the
implementation of passive ETF solutions, whereby the robo-advisor tracks and adjusts
holdings in accordance with predetermined stock market indices, thereby reducing costs
and limiting human intervention.

However, regulatory standards vary across regions. In Canada, for instance, regula-
tions mandate that a human advisor must assess the client’s risk tolerance and validate
the suitability of the transaction to ensure regulatory compliance. This step introduces an
additional layer of human involvement, which imposes an operational cost on financial
institutions [3]. For comparison, European regulations are less stringent, allowing for a
more automated process [4]. This regulatory divergence explains part of the cost differences
observed between European and Canadian financial institutions using robo-advisors.

In the United States, where robo-advisors have seen record levels of adoption, the
Securities and Exchange Commission (SEC) has raised concerns. The SEC has warned
that robo-advisors may sometimes issue investment recommendations based on incorrect
assumptions, incomplete information, or irrelevant circumstances for individual investors.
This underscores the importance of the oversight and continuous refinement of these algo-
rithms to protect investors and enhance the reliability of the recommendations they receive.

According to Phoon and Koh (2018) [5], the introduction of such retail platforms
has not only improved efficiency but also inclusiveness, giving a higher percentage of
the US population the opportunity to participate in the economy as shareholders. Active
investment strategies are often costly and do not, on average, provide real added value
to investors in the context of diversified market exposure. Uhl and Rohner (2018) [6]
empirically show that these robo-advisor investors save more than 4% per year in direct and
indirect costs compared to traditional solutions, such as advisory fund solutions in banks
or asset managers, because robo-advisors offer more efficient solutions on three key levels:
passive access to the active market, profitability, and possible investor behavioural biases.

While approximately one-third of the outstanding shares are now held by passive
investors, the authors predict that passive investors, through the use of robo-advisors,
should control half of the US stock market by 2021. They conclude that robo-advisors will
not only become the preferred investment solution for retail clients but will also become an
increasingly important device for traditional banks and wealth managers.

Tertilt and Scholz (2018) [7] analyze how robo-advisors determine the risk tolerance
of their users and what equity exposure is derived from the individual risk profile. Their
results indicate significant differences in the quality of the investment advice offered.
Robo-advisors generally ask relatively few questions in assessing the risk profile of their
users, and it is particularly surprising that some of the questions asked do not seem
to influence risk categorization. In addition, the recommended exposure to equities is
relatively conservative.

There is little empirical literature on this relatively new tool, which is often based on
its practicality, effectiveness, or benefit to users. Conversely, this study aims to examine
the extent to which the adoption of such a tool influences the profitability of a financial
institution. We make the general hypothesis that, given the strategic dimension of the
decision to switch to automated teller robots and the size of the investment required,
financial institutions will only adopt this innovation if it allows them to make substantial
savings or gives them access to an additional clientele.
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4. Methodology

The purpose of this study is to examine the contribution of robo-advisors to the
profitability of financial institutions. This is carried out in a comparative approach between
two countries that have adopted the use of robo-advisors in the last decade: Canada and
France. As the banking sector is not as important within the financial system in continental
Europe as it is in North America (Zogning, 2017) [8], this comparison is essential to ensure
that the observed effects of the use of robo-advisors are not solely an American reality. We
hypothesize that the adoption of robo-advisors enhances the profitability of banks through
improved revenue diversification and operational efficiency. This impact is expected to be
more pronounced in bank-based systems (France) than in market-based systems (Canada)
due to differences in regulatory structures and business models.

4.1. Sampling and Data

Financial institutions include custodian institutions such as banks and non-depository
institutions such as mutual funds, asset management companies, and pension funds, to
name but a few. Since regulation in this second category is markedly different on both sides
of the Atlantic, we focus here only on banks, whose prudential and accounting standards
are international. We, therefore, include two countries that apply IFRS and subscribe
to the Basel III agreements, in order to make their performance indicators comparable.
We selected banks based on their asset size, market share, and availability of data on
robo-advisor adoption from annual reports and public sources.

Although asset management or investment in securities is not a bank’s core business,
most large commercial banks are highly diversified, with a division or subsidiary dedicated
to portfolio management. Therefore, we will further analyze the results of these non-core
activities of banks.

In Canada, although there are more than eighty banks, 90% of assets are managed
by the seven largest banks, leaving very small market shares for the dozens of banks that
follow them, most of which are not publicly traded. We will focus on these seven banks
that have national coverage, which we will compare to the seven largest French banks,
which also concentrate the bulk of banking assets. In each of the two countries, the sample
is split into two sub-groups: banks that have adopted robo-advisors and those that did not
use them over the observed period. Data on the adoption of robo-advisors by these banks
are available in their annual reports.

Canadian Financial Institutions French Financial Institutions
Without robo-advisor With robo-advisor Without robo-advisor With robo-advisor
Royal Bank
CIBC CM-CIC
BNP Parib.
Scotiabank Bank of Montreal Postal Bank S I‘\Tt érl as 1
it ner
Laurentian Bank of National Bank BCPE Group ociely senera
1. . CM-ARKEA
Canada Crédit Agricole
TD Bank

The financial indicators and ratios of all the banks in our sample were obtained through
the Bloomberg database. French financial institutions have been using robo-advisors since 2012
and Canadian institutions since 2014. The data collected therefore cover the period 2012-2019 for
French banks and 2014-2019 for Canadian banks. Due to the small sample size, we covered all
years from the introduction of robo-advisors to the time of the study.
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4.2. Variables and Design

The variables used to represent the banks’ profitability include ROE and ROA, which
are the main profitability ratios in all business sectors, to which we add the non-interest
margin, the proportion of non-interest income to total income, and non-interest expenses,
which are more relevant indicators here. This choice to invest in non-interest income and
expenses is so as not to contaminate the results by the performance of the banks’ financial
intermediation activity, which is little or not affected by the use of a robo-advisor.

Our results are based on two series of analyses: an analysis of variance and a multi-
variate model.

The chosen methodology combines analysis of variance (ANOVA) and multivariate
regression to account for the distinct effects of robo-advisors on bank profitability. This
dual approach allows for a comprehensive assessment of both direct and indirect rela-
tionships, which are essential for capturing the nuanced role of technology adoption in
bank performance.

The first series involves an analysis of variance between the performance of robo
and non-robo banks. This analysis is first performed at the level of the total sample and
then within each country. For fourteen banks and over a period of 8 years, the number
of observations fulfils the requirements for a one-factor analysis of variance. Then, a
correlation analysis is performed to confirm the effect of the digitalization of financial
services and to decipher the country’s effect on this relationship.

The second set of analyses consists of developing an explanatory model of the prof-
itability of commercial banks. To the traditional determinants of this performance, we add
our variable of interest, which is the use of a robot.

Previous work has shown that commercial bank profitability is affected by both
macroeconomic and bank-specific factors. Schepens et al. (2016) [9] test GDP growth,
the inflation rate, the US dollar exchange rate, and the presence of a financial crisis as
macroeconomic variables. These indicators are of little relevance to this study, as banks
in comparison within each country are subject to the same economic reality. They all
have national coverage, experience the same rate of inflation, and did not experience
any financial crisis in the period considered by the study. However, since the economic
reality is different between Canada and France, we include the country in our model as a
control variable.

At the level of variables specific to the financial institution, we find size (Singh
and Sharma, 2019) [10], level of deposits (Naeem et al., 2017) [11], capital adequacy
(Salike and Ao, 2017) [12], asset quality (Anbar and Alper, 2011) [13], liquidity (Francis,
2013) [14], operational efficiency (Rashid and Jabeen, 2016) [15], financial risk (Almaqtari
et al., 2019) [16], and asset management (Yahya et al., 2017) [17].

The level of deposits, the capital adequacy ratio (regulatory capital/total risk-weighted
assets), the quality of assets (total loans or performing assets/total assets), and the degree
of liquidity (liquid assets/total assets) are variables that directly affect the performance
of the bank’s financial intermediation activity. While they are relevant in explaining ROE
and ROA, which are two indicators of overall profitability, they are much less relevant
in explaining the profitability associated with the bank’s asset management activities.
This is why we focus here on operational efficiency (operating expenses/total income),
asset management efficiency (total income/total assets), financial risk (total liabilities/total
assets), and the size of the bank (logarithm of total assets). To these variables, we add
the country control variable and our variable of interest, the use of a robo-advisor. The
robo-advisor variable is a binary dummy variable where ‘1’ indicates that the bank has
adopted robo-advisor technology, and ‘0" indicates otherwise.
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The model adopted is therefore as follows:

Non interest margin = a + 31EP + 3,GA + B3Risk 4 34Size + BsCountry 4 3gRobot + €

Non interest income
Total income

=a+ B1EP + BrGA + B3Risk + B4Size + psCountry + BgRobot + ¢

Non interest expenses
Total assets

=a+ B1EP+ B,GA+ B3Risk + 34Size + 5Country + 3gRobot + ¢

where
EP = operational efficiency;
GA = Asset management effectiveness;
Risk = financial risk.

The non-interest margin is calculated as follows
_ (Non interest income—Non interest expenses)
B Total assets

The country variable is a dichotomous variable (1 for Canada or 0 for France).

The assumptions of normality and homogeneity were tested using the Shapiro-Wilk and
Levene tests, respectively, to ensure the validity of the ANOVA and multivariate models.

5. Results
5.1. Descriptive Statistics

A comparative analysis of the profitability of Canadian and French banks according
to their adoption robots shows the following picture (see Table 2):

Table 2. Description of the sample.

Total Sample

N Minimum Maximum Average gt:g}jggi
ROE 98 —16.3856 19.7843 9.681099 5.532078
ROA 98 —0.3825 0.9898 0.480578 0.2885229
Non-int income/total income 98 0.2913 1 0.546341 0.1376793
Non-interest margin 98 0.0038 0.067 0.01586 0.0122449
Non-int expenses/total assets 98 0.007 0.066 0.01847 0.0116958
Statistics by Country
Country N Minimum Maximum Average gteﬁjgii
ROE 42 6.8986 19.7843 14.685888 3.22064
ROA 42 0.2692 0.9898 0.766333 0.179145
Canada Non-int income/total income 42 0.2913 0.5861 0.467055 0.0757846
Non-interest margin 42 0.0064 0.0213 0.013566 0.0034173
Non-int expenses/total assets 42 0.0148 0.0226 0.017886 0.0021295
ROE 56 —16.3856 9.524 5.927507 3.5733404
ROA 56 —0.3825 0.4052 0.266261 0.1173384
France Non-int income/total income 56 0.2921 1 0.605806 0.1440435
Non-interest margin 56 0.0038 0.067 0.017581 0.0157701
Non-int expenses/total assets 56 0.007 0.066 0.018908 0.0154082
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Table 2. Cont.

Robotized Banks vs. Non-robotized Banks

Robot N Minimum Maximum Average gtea\f;:; f)crl\
ROE 62 —16.3856 19.7843 10.278882 5.7665477
ROA 62 —0.3825 0.9898 0.511044 0.310762
NO Non-int income/total income 62 0.2913 1 0.504052 0.1148178
Non-interest margin 62 0.0038 0.0213 0.012588 0.0038626
Non-int expenses/total assets 62 0.007 0.0262 0.015793 0.0047622
ROE 36 —0.1014 18.3569 8.651583 5.0137745
ROA 36 0.0081 0.844 0.428108 0.2406657
YES Non-int income/total income 36 0.4801 0.9295 0.619173 0.1446848
Non-interest margin 36 0.0112 0.067 0.021495 0.0183825
Non-int expenses/total assets 36 0.0112 0.066 0.02308 0.017465

It is therefore possible to note at the outset that all Canadian banks stand out with
higher ROE and ROA over the period considered. They, therefore, appear to have better
returns on equity invested and even more optimal asset management. In both cases, this
effect can be explained by the fact that there is less competition in the Canadian market
compared to the French market, which is flooded with European competitors, given the
mobility of capital in the European Union’s economic area. The fact that the Canadian
government has put in place stricter rules governing the activities of financial institutions
and some protectionism with respect to the activities of foreign banks means that the
market is mainly dominated by the seven large banks that we have selected for this study
(Banking Act, https:/ /laws-lois.justice.gc.ca/fra/lois/b-1.01/, accessed on 14 November
2024) [18].

French banks have a higher net margin excluding interest and higher non-interest
expenses, both in absolute and relative terms. There is therefore every reason to believe that
other non-banking financial activities have a more important place within French banks.

In light of the last segment of this table, we realize that banks operating a robo-
advisor have a lower average ROE and ROA than non-robotized banks. Conversely,
non-interest margin and non-interest expenses are higher for financial institutions that
have chosen to integrate robo-advisors. This finding suggests that banks with low overall
profitability or limited profitability with their intermediation activity are more likely to
turn to digital solutions in order to obtain additional revenues or reduce their costs and
improve profitability for shareholders.

5.2. Analysis of Variance

The analysis of variances allows us to determine whether there is a significant differ-
ence in profitability indicators between banks that invest in the robo-advisor and those that
do not.

For the entire sample selected, the above Tables 3 and 4 show a significant difference in
the non-interest margin, the share of non-interest income in total income, and non-interest
expenses in relation to the level of assets. It is therefore presumed at this stage that robo
banks have different profitability than non-robot banks.
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Table 3. Analysis of Variance (Robotized Banks vs. Non-Robotized Banks).

1 Factor ANOVA
Sum of Squares ddl Average of Squares F Sig.
Inter-groups 60.312 1 60.312 1.991 0.161
ROE Intra-groups 2908.265 96 30.294
Total 2968.577 97
Inter-groups 0.157 1 0.157 1.899 0.171
ROA Intra-groups 7.918 96 0.082
Total 8.075 97
Inter-groups 0.302 1 0.302 18.855 0.000
Non-int income/total Intra-groups 1.537 9% 0.016
income
Total 1.839 97
Inter-groups 0.002 1 0.002 13.618 0.000
Non-interest margin Intra-groups 0.013 96 0
Total 0.015 97
Inter-groups 0.001 1 0.001 9.627 0.003
Non-int expenses/total Intra-groups 0.012 9% 0
assets
Total 0.013 97
Table 4. Analysis of Variance by Country (Robo Banks vs. Non-Robo Banks).
1 Factor ANOVA
Country ooy A Aol sig,
Inter-groups 0.475 1 0.475 0.045 0.834
ROE Intra-groups 424.799 40 10.62
Total 425.273 41
Inter-groups 0.013 1 0.013 0.385 0.539
ROA Intra-groups 1.303 40 0.033
Total 1.316 41
Inter-groups 0.047 1 0.047 10.021 0.003
Canada Non—in’.r income/total Intra-groups 0.188 40 0.005
income
Total 0.235 41
Inter-groups 0 1 0 2.367 0.132
Non-interest margin Intra-groups 0 40 0
Total 0 41
Inter-groups 0 1 0 0.846 0.363
Non-int expenses/total Intra-groups 0 40 0
assets
Total 0 41
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Table 4. Cont.

1 Factor ANOVA
Country SS:::;SS ddl A‘S,cel:lafrz:f F Sig.
Inter-groups 5.973 1 5.973 0.463 0.499
ROE Intra-groups 696.309 54 12.895
Total 702.282 55
Inter-groups 0.002 1 0.002 0.123 0.727
ROA Intra-groups 0.756 54 0.014
Total 0.757 55
Inter-groups 0.166 1 0.166 9.214 0.004
France Non—in’.c income/total Intra-groups 0.975 54 0.018
income
Total 1.141 55
Inter-groups 0.002 1 0.002 10.386 0.002
Non-interest margin Intra-groups 0.011 54 0
Total 0.014 55
Inter-groups 0.002 1 0.002 8.583 0.005
Non-int expenses/ total Intra-groups 0.011 54 0
assets
Total 0.013 55

However, when analyzing the two sub-samples separately by country, it should be
noted that of all the profitability indicators tested, only the proportion of non-interest
income to total income shows a significant difference on the Canadian side. In France,
on the other hand, all profitability indicators related to activities other than financial
intermediation (non-interest margin, non-interest income/total income, and non-interest
expenses/total assets) show a significant difference between robotized and non-robotized
banks. ROE and ROA show no significant difference. This can be explained by the fact
that these are general profitability indicators, which largely include net interest income
from financial intermediation, an activity for which robo-advisors are not used. The latter
is more required in the context of the bank’s market activities. In addition, the maintenance
expenses of such devices are included in the non-interest expense category, while the
income from these activities contributes to the non-interest margin.

5.3. Correlation Analysis

Elements other than the arrival of robo-advisors in these banks can influence the
profitability indicators we have selected. The correlation analysis here sheds more light on
the preliminary results.

This Table 5 reveals a strong and very significant association between the presence of a
robo-advisor and the level of non-interest income, non-interest expenses, and non-interest
margin. The use of robo-advisors also appears to be related to greater financial risk and low
operational efficiency. These results highlight that Canadian banks are significantly more
likely to have higher overall profitability than French banks (with higher ROE and ROA)

and that non-robotized banks also have higher overall profitability than robotized banks.

In addition, the most profitable banks invest less in non-interest activities and consequently
have the lowest non-interest margins. Naturally, banks that invest more in robo-advisors
have more comfortable non-interest margins, which is also the objective.
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Table 5. Correlations.
1 2 3 4 5 6 7 8 9 10 1
1 ROE 1
2 ROA 0.947 ** 1
3 Non-int. mg —0.245* —0.258 * 1
4 Non-int inc/tot inc —0.075 —0.051 0.775 ** 1
5  Non-int exp/tot ass —0.016 0.001 0.619 ** 0.963 ** 1
6 Assets Manag. 0.147 0.187 0.580 ** 0.949 ** 0.976 ** 1
7 Fin risk —0.471*  —0.534** 0.567 ** 0.647 ** 0.621 ** 0.493 ** 1
8 Oper eff. —0.230 * —0.218* 0.744 ** 0.964 ** 0.929 ** 0.877 ** 0.754 ** 1
9 Size —0.054 0.049 —0.133 —0.363*  —0474* —0.39%6* —0.462* —0.401* 1
10 Robot —0.143 —0.139 0.405 ** 0.352 ** 0.302 ** 0.274 ** 0.309 ** 0.362 ** —0.008 1
11 Country —0.788**  —0.862 ** 0.501 ** 0.163 0.043 —0.098 0.514 ** 0.274 ** 0.163 0.147 1
* Significant at 0.05 level. ** Significant at 0.01 level.
5.4. Multivariate Analysis
In order to determine the substantial contribution of the use of robo-advisors to bank
profitability, we analyze regressions of profitability indicators by adding the robot variable
to the traditional determinants of profitability in banks, namely optimal asset management,
operational efficiency, and financial risk. All this is controlled for size and country factors
(See Table 6).
Table 6. Model results.
1 2 3
Coef. T p-Value Coef. T p-Value Coef. T p-Value
Constant 0.0106302 0.40 0.693 2.398058 1.34 0.184 —0.0207603 —0.87 0.384
Asset 0.6329441 10.10 0.000 3.016701 1.46 0.148 0.8666632 24.08 0.000
management
Financial risk —0.0240928 —2.46 0.363 —2.284565 —1.25 0.213 0.0270216 1.12 0.267
Operational 0.0022416 231 0.000 0.0304644 2.54 0.013 0.0003789 1.77 0.080
efficiency
Size 0.0022416 —1.74 0.525 —0.0092544 —0.33 0.745 —0.002574 —5.97 0.000
Country 0.0028096 1.77 0.000 0.1399631 4.32 0.000 0.0023876 4.09 0.000
Robot 0.0006856 8.92 0.018 0.0448961 2.97 0.004 0.0003089 1.06 0.294
N 98 98 98
Significance 0.0000 0.0000 0.0000
R2 adjusted 0.6833 0.6999 0.7864

1: Non-interest margin = o« + B1EP + B2GA + 3Risk + B1Size + B5Country + 6Robot + e. 2: Proportion
of non-interest income = « + B1EP + f2GA + (33Risk + f1Size + B5Country + 6Robot + ¢. 3: Non-interest
expenses/total assets = « + B1EP + 32GA + p3Risk + 31Size + p5Country + F6Robot + ¢.

The regression carried out on the whole sample shows significance for the robot
variable in terms of explaining the non-interest margin and the share of non-interest
income in the total income of the banks. However, this variable is not significant for the
variable relating to non-interest expenses in relation to the volume of assets. In almost all
cases, operational efficiency and effective asset management are important determinants
of profitability.

In light of these findings, it is clear that there is a relationship between the use of a
robo-advisor and the level of non-interest income. This link seems stronger in France than
in Canada. It is likely that the fact that these robots have been installed for a slightly longer
period of time in France explains why their effect is a little more marked there. In addition
to the novelty effect in Canada compared to France, another more important factor could
affect these results, namely the distinct environment of the two countries.

The three equations conducted on the total sample clearly show that both Canadian
and French banks operate in almost impervious environments. This makes it difficult to
compare Canadian banking activity with that of France. This is mainly because of the
legislative differentiation in place and the opening of doors to the European Union for
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France. Still, on an institutional level, Zogning (2017) [8] shows that France has a financial
system strongly influenced by the banking sector, whereas Canada embodies a financial
system more focused on financial markets. This state of affairs largely explains why banks
in France are major players, even in securities investments where they act as brokers and
intermediaries. Whereas in Canada, investment in securities is primarily the preserve of
pension funds, mutual funds, and income trusts. Banks access this market because of their
financial expertise and the potential it offers in terms of liquidity.

For example, at the end of 2018, there were 632 portfolio management companies in
France and 75% of the top 20 players in this market are subsidiaries of commercial banks.
These account for 66.2% of assets under management (Report of the Autorité des Marchés
Financiers on assets under management by management companies—November 2019). In
contrast, Canada had 3535 asset management and investment advisory firms as of the same
date. Moreover, in the ranking, only 2 of the top 7 banks included in this study are among
the top 40 players in the market. Herein lies an attempt to explain the fact that Canada
does not show a significant difference in the comparison of certain profitability indicators
between robotized and non-robotized banks. This is because they use the robo-advisor in
a segment of activity where they are highly competitive. Although this robot improves
their profitability in market activities, the difference with banks without robots, although
perceptible, is not yet significant.

Pellerin (2008) [19], who analyzed the effect of off-balance-sheet activities on the
volatility of Canadian banks’ revenues, highlights the role of the Bank Act, which came into
effect in the early 1990s, as an important factor in the diversification of financial institutions’
revenues in Canada. Revenues derived from the use of credit cards, group or personal
insurance, real estate, and securities commissions are good examples of sectors in which
financial institutions have invested in order to increase their revenues. Now that technology
and digital technology are becoming ubiquitous in the daily lives of many countries, these
institutions are integrating them into their business models.

Robo-advisors are still a recent concept. The first appearances outside the United
States took place in 2012. It is therefore likely that more conclusive results as to their
influence on financial results, especially on banks’ non-interest income, will come after the
current investment phase and the running-in of this phase with clients. Indeed, with the
process in the start-up phase, the additional market shares that the implementation of the
robo-advisors should confer have probably not yet reached the proportions necessary to
make a noticeable difference in results.

Moreover, a reading of the financial statements of these banks indicates a rational-
ization of expenditures and the addition of new activities between 2012 and 2019. In-
deed, even the French banks in this study that stood out in terms of non-interest ex-
penses and revenues were clearly engaged in a strategy to develop different avenues for
the benefits of financial intermediation. As an example, in 2011, CM-ARKEA set up a
venture capital subsidiary that invests in equity in unlisted companies and another sub-
sidiary that operates in securitization (CM-ARKEA, 2012 Registration Document, web-
site: https://www.arkea.com/banque/assurance/credit/upload/docs/application/pdf/
2014-01/document-de-reference-credit-mutuel-arkea-31122012.pdf consulted on 3 May 2020).
These two areas clearly influence a bank’s non-interest activities. Moreover, the fact that
financial institutions with lower ROE and ROA performance are diversifying shows that
financial intermediation revenues tend to peak and that banks are constantly looking for new
activities to improve their profitability. As a result, they are developing a technological watch
by investing in fintech. The increase in the performance of robotized banks between 2012 and
2019 may therefore not be due solely to robot-advisors but also to a broader diversification
strategy, which relies, among other things, on the use of robo-advisors to rationalize costs.
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6. Conclusions

With regard to the previous lines, the arrival of the robo-advisors is a response to the
desire of financial institutions to diversify the type of income they have beyond simple
intermediation. Long before the 2008 crisis, banks were already seeking to differentiate
their activities, by seeking income where they had never done so before.

The integration of digital technologies, in the age of banking automation and artificial
intelligence, offers new ways to reach customers and take advantage of growing technology.
The robot-advisor fulfils an important task in meeting the needs of bank customers who no
longer want to travel but still want advice about their investments and asset management.
It manages a series of exchange-traded funds in exchange for a commission for the bank,
which is, however, lower than that of a conventional mutual fund. However, in theory, the
lack of human interaction means that the costs incurred to manage these funds are lower
for the bank.

In order to properly analyze the effect of advisors coming to the banks, fourteen banks
were selected from among the largest. Seven were selected in Canada and seven in France.

The results bring out two important observations. Financial institutions with low
overall profitability (lower ROE and ROA) are turning to the use of robo-advisors. These
banks have higher net non-interest margins and non-interest income per asset than their
counterparts that do not invest in robo-advisors. These results show that banks using
robo-advisors experienced a 5% increase in non-interest income compared to non-adopters.
Two traits appear to be more pronounced in France than in Canada.

This study contributes to the academic literature on digital banking transformation
by providing empirical evidence on the role of robo-advisors in bank profitability. It of-
fers insights into the influence of regulatory and operational differences across financial
systems. For practitioners, the findings underscore the potential of robo-advisors to opti-
mize operational efficiency and diversify revenue streams, offering a pathway for strategic
decision-making.

Can we believe that it is only the introduction of robo-advisors that is influencing
these changes to the financial statements of these banks? Probably not. In fact, other sectors
of activity such as insurance and real estate management, among others, are diversifying
banks’ revenues. However, the role of robo-advisors seems to be becoming clearer and
would be an avenue to watch out for in the longer term.

It is likely that this study was conducted a little early in the process of implement-
ing robo-advisors and that the system has not yet reached cruising speed, particularly
among Canadian banks that compete fiercely in this segment of activity against many
non-depositary financial institutions, which adopted robo-advisors long before the banks.

This study presents certain limitations, particularly regarding the availability of data
on the performance of banks that have adopted robo-advisors. The recent implementation
period of robo-advisors does not yet allow for the observation of long-term effects. There-
fore, the results should be interpreted with caution, and future studies could extend this
research by relying on more recent data and longer observation periods. Future research
could extend the observation period and incorporate a larger sample of banking systems
from other countries that comply with IFRS and Basel III agreements.

Another investigation will be required once the robo-advisors have taken a greater
share of the banks’ activities. All in all, there is every reason to believe that the virtualization
of banking services will continue at a rapid pace and that these changes will have an impact
on the financial statements of financial institutions. In any case, interest in robo-advisors
continues to grow. As evidence of this, Canada’s two largest banks, the Royal Bank of
Canada (RBC) and Toronto Dominion Bank (TD) in turn adopted a robo-advisor in the very
last months of the reference period of this study.
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Abstract: FinTech stocks are an important new asset class that reflects the rapidly growing FinTech
sector. This paper studies the practical implications of using gold, silver, and basket-of-precious-
metals (gold, silver, platinum, palladium) ETFs to diversify risk in FinTech stocks. Downside risk
reduction is estimated using relative risk ratios based on CVaR. The analysis shows that gold provides
the most downside risk protection. For a 5% CVaR, a 30% portfolio weight for gold reduces the
downside risk by about 25%. The minimum variance and minimum correlation three-asset (FinTech,
gold, and silver) portfolios (with portfolio weights estimated using a TVP-VAR model) have the
highest risk-adjusted returns (Sharpe ratio, Omega ratio) followed by the fixed-weight FinTech and
gold portfolio. These results show the benefits of diversifying an investment in FinTech stocks with
precious metals. These results are robust to weekly or monthly portfolio rebalancing and reasonable
transaction costs.

Keywords: FinTech stocks; downside risk; minimum variance portfolio; gold; portfolio analysis
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1. Introduction

In the past ten years, financial technology (FinTech) has evolved to create some amaz-
ing new financial products and services. Examples of FinTech include mobile payments
via smartphones, securing transactions through blockchain, peer-to-peer lending, robo-
investment advising, cybersecurity, cloud computing, and crowdfunding [1]. FinTech can
increase efficiency in the financial sector [2,3] and promote financial inclusion [4-7]. The
growth of FinTech has been accompanied by a rapid growth in investing in FinTech stocks.
For example, in July 2023, publicly traded FinTech companies had a market capitalization
of USD 550 billion, which is a two-time increase versus 2019 [8].

The growing interest in FinTech stocks has inspired a literature looking at the dynamic
connectedness between FinTech stocks and other assets. To date, there is research looking
at the relationship between FinTech stocks and other financial assets like Bitcoin, green
bonds, and Al [9], robotics and Al stocks [10], conventional finance [11-15], renewable
energy [16], green bonds [17], and related FinTech assets [18-20].

While the abovementioned studies provide important perspective on the relationship
between FinTech stocks and other financial markets, the risk management of FinTech stocks
is understudied. The risk management of FinTech stocks is important because investors
need to identify and measure downside risk and either accept the impact these downsides
have on risk-adjusted returns or mitigate downside risk in order to achieve higher risk-
adjusted returns. One way to mitigate the downside risk associated with FinTech stocks
is to combine FinTech stocks with another unrelated (uncorrelated) asset class—a tactic
referred to as portfolio diversification. According to modern portfolio theory, an investment
portfolio experiences two types of risk: systematic risk and unsystematic risk or specific
risk [21]. Systematic risk is the risk associated with the volatility in the entire capital market
and cannot be diversified away. Specific risk is the volatility associated with a specific
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security and can be diversified away by investing in other securities. In the context of
FinTech stocks, Henriques and Sadorsky [22] find that combining FinTech stocks with clean
energy stocks produces higher risk-adjusted returns than an investment only in FinTech
stocks. They do not, however, investigate the role of precious metals in reducing FinTech
downside risk.

The purpose of this research is to examine the ability of precious metals to reduce the
downside risk for an investment in FinTech stocks. In this paper, risk reduction is measured
using risk ratios [23,24]. A risk ratio is constructed where the numerator is the risk of a
portfolio that mixes FinTech with precious metals and the denominator is the risk of an
investment in FinTech. The value of this ratio shows the share of portfolio risk remaining
after diversifying with precious metals. Lower values of this ratio indicate greater risk
reduction. Risk ratios are often used by practitioners because they are easy to calculate
and easy to interpret. The analysis in this paper uses conditional value at risk (CVaR) as
the risk measure. CVaR, also referred to as expected shortfall (ES), is a risk measure that
quantifies tail risk in the return distribution. More explicitly, CVaR is computed by taking a
weighted average of the loses below the value at risk (VaR) value. VaR measures how much
an investment will lose (with given probability «) over a specific time period [25]. CVaR is
often preferred in practice over VaRk because CVaR is a coherent measure of risk, while VaR
is not [26]. A comparison is made between fixed-weight two-asset portfolios and three-
asset (FinTech, gold, silver) changing-weight minimum-variance, minimum-correlation,
and minimum-connectedness portfolios where the portfolio weights are estimated using a
TVP-VAR model.

Precious metals are chosen as the financial assets to reduce FinTech downside risk
because of the long history of using these assets as diversifiers. Gold is often used by
investors as a hedge against inflation or adverse economic times [27—44]. For example,
gold prices increased during the 2008-2009 global financial crisis (GFC) and during the
COVID-19 pandemic as investors sought safe-haven investments. In addition to gold, there
is research showing that other precious metals like silver, platinum, and palladium also
have diversification and hedging properties [40,45-49].

For the purposes of this research, a FinTech company is defined to be a small, technology-
enabled, new entrant to financial services that disrupts the incumbents [50]. FinTech stock
prices and the prices of gold, silver, and a basket of precious metals are measured using
exchange-traded funds (ETFs). ETFs are collections of traded securities used by individual
and institutional investors to build portfolios. ETFs have low management fees and are
widely traded. The daily data set covers the time period 16 September 2016 to 28 June
2024. In addition to estimating and comparing downside risk ratios for different weights
of precious metals, risk and return analysis is provided by comparing an investment in
FinTech stocks with portfolios that combine FinTech and precious metals.

Risk ratios computed using CVaR show that gold provides the most downside risk
reduction. For a 5% CVaR, a 30% portfolio weight for gold reduces the downside risk by
about 25%. Silver has the least downside risk reduction. Portfolio analysis shows that
combining FinTech stocks with either gold, silver, or a precious metals basket in a fixed-
weight two-asset portfolio produces higher risk-adjusted returns and lower maximum
drawdowns than an investment solely in FinTech stocks. Overall, the three-asset (FinTech,
gold, silver) minimum-variance portfolio (MVP) and minimum-correlation portfolio (MCP)
have the highest risk-adjusted returns and lowest drawdown. The MVP and MCP portfolio
weights are estimated using a TVP-VAR model. These results are robust to weekly or
monthly rebalancing of portfolios and transaction costs.

This study proceeds as follows. Section 2 describes the methodology, while Section 3
details the data. The results are presented in Section 4. Section 5 presents a discussion
and conclusion.
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2. Methods

This section describes the empirical methods used in the analysis. There are two
main empirical methods of analysis used in this paper—relative risk ratios and investment
portfolio performance.

2.1. Relative Risk Ratios

Relative risk ratios are computed as the ratio CVaRy,;;,/CVaRp, where “mix” is a
portfolio that mixes FinTech stocks with precious metals and “ft” is the investment in
FinTech stocks. The CVaR,, is the average expected portfolio loss larger than a VaR,, for a
confidence interval of (1 — «):

CVaR,(1— &) = E(Ry|Ry < VaR,(1 - «) 1)

Rp is the portfolio return and VaR,, is the portfolio VaR, calculated at the o level. VaR
quantifies an investment loss for a specific time period and probability (x). Typical values
for o are 0.01 (1%) and 0.05 (5%). The expression for VaR, is:

Prob(R, < VaR,(1—a)) = )

VaR can be calculated parametrically or non-parametrically [26]. The analysis in this
paper uses a historical VaR (non-parametric) and a modified VaR (parametric) [51]. The
historical VaR is the « percentile value of the return distribution. The modified VaR uses
a Cornish-Fisher expansion to modify the Gaussian VaR to account for skewness and
kurtosis [51].

2.2. Portfolio Construction

Portfolios were constructed for two-asset portfolios and three-asset portfolios. The
two-asset portfolios (FinTech and one precious metal) are estimated using fixed weights
and do not require econometric techniques.

The three-asset portfolios (FinTech, gold, and silver) are estimated with changing
portfolio weights and require econometric techniques. Three portfolios are estimated, (1)
minimum-variance portfolio (MVP) [52], (2),minimum-correlation portfolio (MCP) [53],
and (3) minimum-connectedness portfolio (MPC) [54].

The MVP minimizes total variance where ) ; is the 3 x 3 variance—covariance matrix
of the asset returns at time period ¢. The portfolio weights for the MVP are:

Yl
Iyt

®)

WMvVPpt =

The matrix I is the 3 x 3 identity matrix.
The objective of MCP is to determine portfolio weights by minimizing the portfolio
correlation. The portfolio weights for the MCP are:

CC I
cc 1

(4)

wmcpt =

where CC; = diag(zt)’O'SZ diag(zt)’o'5 is the conditional correlations of asset returns.
The portfolio weights for the MPC are:

PCI7'T

—t 5
IPCI7 ' ©

WMPpCt =

Here, PCls are pairwise correlations estimated from a TVP-VAR(1) connectedness
model. The Antonakakis et al. [55] TVP-VAR approach to estimating connectedness has
several advantages over the VAR approach first proposed by Diebold and Yilmaz [56,57].
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The TVP-VAR captures the time-varying nature in the data, taking into account changing dy-
namics over different periods and assessing the extent and direction of market spillovers [58].
This approach also avoids the problem of arbitrarily selecting a rolling window size. The
SIC selected one as the order of the TVP-VAR lag length. The TVP-VAR connectedness
was estimated using 20-step-ahead generalized forecast error variance decompositions.

2.3. Portfolio Comparison

The risk-adjusted returns of portfolios are compared using the Sharpe ratio and the
Omega ratio. The Sharpe ratio divides the average portfolio return (net of a risk-free rate)
by the portfolio standard deviation. Higher Sharpe ratios indicate higher risk-adjusted
returns. The Omega ratio is the probability weighted ratio of gains versus loses relative to
a threshold target. While the Sharpe ratio takes mean and standard deviation into account,
the Omega ratio also accounts for skewness and kurtosis. A higher Omega ratio indicates
higher risk-adjusted returns.

In addition to the Sharpe ratio and Omega ratio, maximum drawdown, value-at-risk
(VaR), and expected shortfall (ES) are calculated. A discussion of these measures can be
found in Cogneau and Huber [59].

All computations were performed using R [60] with the help of the following packages—
ConnectednessApproach [61], quantmod [62], and PerformanceAnalytics [63].

3. Data

FinTech stock prices are measured using the adjusted closing prices of the Global X
FinTech ETF (FINX). FINX is one of the largest (in terms of assets under management)
ETFs specializing in FinTech stocks and has the longest trading history. Gold prices are
measured by the GLD ETF and silver prices are measured by the SLV ETE. The ETF GLTR
is a basket of precious metals (gold, silver, platinum, and palladium). The daily data set
covers the period 13 September 2016 to 28 June 2024. GLD, SLV, and GLIR are the three
largest precious metal ETFs in terms of assets under management. As of 1 August 2024
GLD, SLV, and GLTR had USD 55 billion, USD 10 billion, and USD 930 million, respectively,
in assets under management (data sourced from Yahoo Finance). The starting date of the
analysis is determined by the inception of FINX. The data are in USD and were downloaded
from Yahoo Finance.

The time series pattern of FINX displays considerable variability (Figure 1). Between
March 2018 and March 2020, FINX increased from USD 20 to USD 50. Most of this increase
occurred during the onset of the COVID-19 lockdowns as consumers shifted more of their
economic activity online [64]. The price appreciation was short lived and by September
2022, FINX was trading around USD 20.

The time series plots of the precious metals display a similar pattern of price apprecia-
tion from January 2019 to June 2020, although gold appreciated the most. Afterwards, gold
and GLTR show the strongest performance. Over the sample period studied, gold has the
strongest upwards trend followed by GLTR.

FINX, measured in continuously compounded daily percent returns, had a small posi-
tive average daily value of 0.03% over the sample period (Table 1). For the precious metals,
GLD had the largest average daily return (0.027%) and SLV had the smallest (0.020%). No-
tice that while the variables have similar mean values, they display considerable variability.
According to the coefficient of variation, SLV is the most variable while GLD is the least.
The distribution of each variable is lightly skewed to the left and has heavier tails than a
normal distribution. Each variable is stationary because the KPSS unit root test statistics
are below the 5% critical value. Each variable is non-normally distributed.
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Figure 1. Time series plot of FINX, GLD, SLV, and GLTR adjusted closing prices.

Table 1. Summary statistics.

Median Mean Std.dev Coef.var  Skewness Kurtosis KPSS W Wi(p)

FINX 0.145 0.030 1.804 60.532 —0.490 5.600 0.287 0.938 0.000
GLD 0.055 0.027 0.865 31.595 —0.314 3.275 0.098 0.966 0.000
SLV 0.040 0.020 1.708 85.116 —0.418 7.627 0.080 0.924 0.000
GLTR 0.066 0.023 1.098 48.471 —0.486 5513 0.053 0.949 0.000

Notes. All variables measured in continuously compounded daily percent returns. W is the Shapiro-Wilk test for
normality and W(p) is the associated probability value. KPSS is the Kwiatkowski-Phillips-Schmidt-Shin test for
unit roots (5% critical value is 0.463).

The Pearson correlation coefficients indicate that FINX is positively correlated with
each precious metal (Table 2). The lowest correlation is between FINX and GLD while the
highest correlation is between GLTR and SLV. Pearson correlation analysis indicates that
GLD may be the best diversifier for FINX.

Table 2. Pearson correlation coefficients.

FINX GLD SLV GLTR

FINX 1.000 0.105 0.239 0.223
GLD 0.105 1.000 0.783 0.902
SLV 0.239 0.783 1.000 0.909

GLTIR 0.223 0.902 0.909 1.000

Notes: See Table 1.

4. Results

The relative risk ratio plots show how relative risk varies by the precious metal
portfolio weight (Figure 2). The top panel of Figure 2 shows relative risk ratios computed
for 5% CVaR coverage (o value), while the lower panel shows ratios for 1% coverage. CVaR
ratios are computed using either the historical or modified approach. Looking first at the
top panel of Figure 2, gold has the greatest risk reduction. A 30% portfolio weight for
gold reduces the downside risk by about 25% (relative risk ratio value is 0.75). Notice
also that both GLD and GLTR show a smooth decline in relative risk as their portfolio
weights increase until a weighting of 80%—after which higher weights add little to reducing
downside risk. Silver is different in that relative risk is never reduced below 0.75. It is
also important to point out that for each precious metal, the risk ratio computed using the
historical method is similar to that using the modified method.
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Figure 2. Relative risk ratio plots. The suffixes _m and _h denote modified and historical CVaR.

The lower panel of Figure 2 shows relative risk ratios computed using coverage at
1%. It is still the case that GLD and GLTR show the greatest risk reduction as the precious
metal portfolio weight increases. Notice, however, that for each precious metal the choice
of CVaR method (historical, modified) affects the pattern of the plots. This is expected
because there are not many observations in the 1% tail of the return distribution, and this
affects the precision of the CVaR calculation.

Since risk reduction may vary across time, it is also of interest to see how relative
risk varies across time. For this analysis, the relative risk ratios are computed using a
fixed rolling window of length 500 observations (two years of daily data) and a precious
metals portfolio weighting of 25%. CVaR is calculated using the modified method. At a
portfolio weighting of 25%, gold and precious metals show relative risk ratios of around
80%, which is enough of a risk reduction to accommodate trading costs in the portfolio
analysis presented below. Regulators require that at least 250 daily observations be used for
calculating VaR [65,66] and in practice 500 days is often used. The impact of the COVID-19
lockdowns on the relative risk (at 5% loss) is clear (Figure 3). All risk ratios experienced
large increases during March 2020 when the COVID-19 lockdowns began. Thus, risk
reduction is reduced during times of economic stress. Risk ratios remained elevated until
January 2023. GLD provides the greatest amount of risk reduction across the sample period
with a risk ratio that never exceeds 80%. GLTR has the next best risk reduction, while SLV
provides the least amount of risk reduction.
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Figure 3. Risk ratios (at 5% loss) across time.

Risk ratios calculated for a 1% loss (Figure 4) show a similar pattern to those calculated
for a 5% loss. GLD provides the greatest risk reduction, while SLV provides the least.
Notice that gold’s risk reduction during the COVID-19 period is higher than silver’s risk
reduction in the pre-COVID-19 period.
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Figure 4. Risk ratios (at 1% loss) across time.
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4.1. Two-Asset Portfolios

Turning now to portfolio performance comparisons, it is interesting to see how port-
folios that combine FinTech stocks with precious metals compare to an investment only
in FinTech stocks. For each two-asset portfolio, the precious metals weighting is 25%.
Portfolio rebalancing occurs weekly and the transaction costs are 50 basis points per trade
(50 cents per USD 100 transacted). A transaction cost of 50 basis points is generous as many
discount brokers allow ETF trading for less than 10 basis points.

Equity curves (Figure 5) show how USD 1 in each portfolio evolves across time.
The investment in FinTech stocks shows the greatest amount of variability while the
portfolios that combine FinTech stocks with precious metals show less variability. At the
endpoint of the time period, the FINX_GLD portfolio has a slightly higher return than the
other portfolios.

Equity curves 2016-09-16 / 2024-06-25
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Figure 5. Equity curves—weekly rebalancing.

This figure shows how USD 1 invested in each portfolio evolves across time. For each
two-asset portfolio, the precious metals weighting is 25%. Portfolio rebalancing occurs
weekly and the transaction costs are 50 basis points per trade.

Portfolio summary statistics show that each of the portfolios that combine FinTech
stocks with precious metals has a higher Sharpe ratio and Omega ratio and a lower standard
deviation than an investment in FinTech stocks (Table 3. Portfolios that mix FinTech stocks
with precious metals also have lower maximum drawdown, VaR, and ES. For example, an
investment in FINX has an annualized return, Sharpe ratio, and maximum drawdown of
0.075, 0.153, and 0.635, respectively. In comparison a portfolio that combines FINX with
GLD has an annualized return, Sharpe ratio, and maximum drawdown of 0.080, 0.218,
and 0.521, respectively. While the annualized returns of the portfolios are similar, the
risk-adjusted returns are higher for portfolios that combine FinTech stocks with precious
metals. The FINX_GLD portfolio has the highest risk-adjusted returns (Sharpe ratio and
Omega ratio).
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Table 3. Portfolio summary statistics (two-asset portfolios).

FINX FINX_GLD FINX_SLV FINX_GLTR
Annualized Return 0.075 0.080 0.076 0.076
Annualized Std Dev 0.286 0.220 0.239 0.227
Annualized Sharpe 0.153 0.218 0.187 0.196
Maximum Drawdown 0.635 0.521 0.543 0.531
Historical VaR (95%) —0.030 —0.023 —0.024 —0.024
Historical ES (95%) —0.043 —0.033 —0.036 —0.034
Modified VaR (95%) —0.029 —0.022 —0.024 —0.023
Modified ES (95%) —0.051 —0.039 —0.047 —0.043
Omega (L = 0%) 1.074 1.086 1.080 1.082

Notes: The risk-free rate is set at 3% per year. For each two-asset portfolio, the precious metals weighting is 25%.
Decimal returns reported. Portfolios rebalanced weekly. Transaction costs are 50 basis points per transaction.

4.2. Three-Asset Portfolios

The variation across time in the downside risk ratios shows that portfolio weights
may need to be rebalanced and estimated frequently. This section reports results for three-
asset (FINX, GLD, SLV) MVP, MCP, and MPC portfolios where the portfolio weights are
estimated using a TVP-VAR model.

The total connectedness index (TCI) plot, estimated using a TVP-VAR(1) model, shows
how total connectedness varies across time (Figure 6). The mean value of the TCI is
45%, indicating that on average 45% of the forecast error variance comes from spillovers.
September of 2016, March of 2020, and November of 2022 exhibited periods of higher than
average spillovers. Spillovers increased in 2016 as the strong performance of gold in the
first half of the year (concerns over rising interest rates, Brexit, and the US presidential
election) was offset by weakness in the second half of the year as concerns over these issues
mitigated. Spillovers increased in March 2020 as COVID-19 was declared by the World
Health Organization as a global heath pandemic. In 2022, central banks in North America
and Europe began hiking interest rates to slow inflation and this led to higher spillovers
and TCL

2016-09-14 7 2024-06-28
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Figure 6. Total connectedness index estimated from a TVP-VAR(1) model.
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The network connectedness plot shows average pairwise connectedness (Figure 7).
Silver is the net contributor to spillovers, while gold and FINX are net receivers. This plot
shows that gold is a better diversifier for FinTech than silver.

Figure 7. Network connectedness.

Equity curves for the three-asset portfolios show that the MVP has the highest end
period returns, followed by the MCP and MPC (Figure 8). Notice that during the COVID-19
period, the MCP had the best performance. The MVP, which minimizes risk, underperforms
during periods of high risk.
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Figure 8. Equity curves for three-asset portfolios (FINX, GLD, SLV)—weekly rebalancing.
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This figure shows how USD 1 invested in each portfolio evolves across time. Portfolio
weights are constructed using a TVP-VAR(1) model. Portfolio rebalancing occurs weekly
and the transaction costs are 50 basis points per transaction.

Portfolio summary statistics show that the MVP had the highest return, Sharpe ratio,
and Omega ratio (Table 4). The MVP also had the lowest standard deviation, drawdown,
value at risk, and expected shortfall. In comparing the Sharpe ratios in Table 4 with those
in Table 3, notice that the MVP has the highest value overall and the MCP has the second
highest value overall. The FINX-GLD portfolio has the third highest overall Sharpe ratio.
All of the portfolios in Tables 3 and 4 have higher Sharpe ratios than an investment solely
in FINX—illustrating the benefits of diversification.

Table 4. Portfolio summary statistics (three-asset (FinTech, gold, silver) portfolios).

MVP MCP MPC

Annualized Return 0.085 0.072 0.062

Annualized Std Dev 0.127 0.171 0.177

Annualized Sharpe 0.458 0.269 0.199

Maximum Drawdown 0.235 0.412 0.425
Historical VaR (95%) —0.013 —0.017 —0.018
Historical ES (95%) —0.018 —0.025 —0.026
Modified VaR (95%) —0.013 —0.017 —0.018
Modified ES (95%) —0.021 —0.031 —0.035

Omega (L = 0%) 1.131 1.091 1.078

Notes: The risk-free rate is set at 3% per year. Decimal returns reported. Portfolios rebalanced weekly. Portfolio
weights are constructed using a TVP-VAR(1) model. Transaction costs are 50 basis points per trade.

Although not reported in detail, the results in Tables 3 and 4 are robust to portfolios
rebalanced monthly.

5. Discussion and Conclusions

FinTech stocks are an important new asset class that reflects the rapidly growing
FinTech sector. Investors invest in FinTech stocks in the hopes of realizing large future
gains. Many FinTech companies are young and emerging and FinTech stocks display
considerable risk. In accordance with modern portfolio theory, investors are advised to
combine FinTech stocks with uncorrelated assets to diversify the risk of an investing in
only in FinTech stocks.

This paper studies the practical implications of using gold, silver, and basket-of-
precious-metals (gold, silver, platinum, palladium) ETFs to diversify risk in Fintech stocks.
Downside risk reduction is estimated using relative risk ratios based on CVaR. Relative
risk ratios are computed using the ratio CVaRix/CVaRy, where mix is a portfolio that
mixes FinTech stocks with precious metals and ft is the investment in FinTech stocks. The
analysis shows that gold provides the most downside risk protection. For a 5% CVaR, a
30% portfolio weight for gold reduces the downside risk by about 25%. These findings
add to the existing literature demonstrating the diversification benefits of gold [27-43].
Silver has the least protection for downside risk. Downside risk ratios vary across time.
In the case of gold, for example, the downside risk ratio was below 75% in late 2019 and
then increased rapidly to over 80% in early 2020 as the COVID-19 pandemic spread. The
risk ratio for silver during this time period spiked to over 90%, offering little in downside
protection.

The variation across time in the downside risk ratios indicates that portfolio weights
may need to be updated and rebalanced frequently. To investigate this further, three-
asset (FinTech, gold, silver) MVP, MCP, and MPC portfolios were estimated where the
portfolio weights are estimated using a TVP-VAR model. The MVP and MCP portfolios
with time varying weights have the highest risk-adjusted returns (Sharpe ratio, Omega
ratio), followed by the fixed-weight FinTech and gold portfolio. The MVP, MCP, and
MPC portfolios have lower drawdown than any of the fixed-weight two-asset portfolios—
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illustrating the benefits of diversification with time varying portfolio weights. This analysis
is robust to portfolios rebalanced weekly or monthly and reasonable transaction costs. These
results are important in adding to the literature on using gold to diversify portfolio risk.

Future research could look at comparing different measures of risk for computing
downside risk ratios. For example, one could use maximum drawdown or risk measures
from extreme value theory as the basis to form risk ratios. Future research could also look
into how useful platinum or palladium are for reducing downside risks.
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Abstract: This study explores the dynamic interaction between financial literacy and higher
education, focusing on the critical role of financial education in improving individual
financial well-being. Using bibliometric analysis and the VOSviewer software, this research
examines thematic clusters in financial literacy, categorized into access, behavior, health,
and education. By analyzing 469 articles from the Web of Science database (2020-2024), this
study identifies trends and key linkages between financial literacy and societal well-being,
highlighting the role of digital innovation. While FinTech is discussed as a facilitator of
financial inclusion and education, the primary focus lies in understanding how finan-
cial literacy drives behavioral change, capacity building, and economic resilience. This
paper provides information for policymakers and educators to design inclusive, behav-
iorally focused educational programs that address specific demographic needs, ultimately
contributing to societal and economic resilience.
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1. Introduction

FinTech represents a set of technologies that innovate and improve current financial
services. These include solutions such as blockchain technology, online platforms, mobile
applications, artificial intelligence (Al), and more.

The impact of FinTech technologies on financial inclusion has been widely studied,
highlighting the way they reduce costs and expand access to financial services. FinTech
offers users the opportunity to manage their financial activities through automated plat-
forms that use specific algorithms, thus facilitating the financial decision-making process.
Technologies such as blockchain and digital payments contribute significantly to the mod-
ernization and efficiency of financial services, offering users more accessible and flexible
solutions. Financial technology (FinTech) contributes significantly to increasing operational
efficiency, improving the quality of services, and increasing managerial transparency and
security while providing increased comfort for users, which justifies the rapid expansion of
this field in recent years [1].
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In addition, big data analysis plays an essential role in gaining in-depth insights into
consumer behaviors and needs, supporting the development of personalized solutions [2,3].

The impact of FinTech on higher education institutions can be noted in the context
of the COVID-19 pandemic, which has generated movement and interaction restrictions.
This context has accelerated the level of innovation and the digitization of universities
by offering online payment services, digitizing the registration process, managing and
archiving documents electronically, carrying out collection and payment operations via
electronic means, as well as implementing online teaching services [4].

Recent global events and changes in financial practices have underscored the need for
a financially educated population capable of making informed decisions amid economic
uncertainty. The implementation of digital technologies in higher education institutions,
along with the involvement of the business environment and the banking sector, has
created a favorable environment for increasing the level of digital and financial education
globally. In this context, digital innovations, including financial technologies, provide new
opportunities for enhancing financial literacy by enabling more inclusive and accessible
education tools [5]. However, educational challenges associated with FinTech persist,
highlighting the need for an appropriate regulatory framework and the integration of these
technologies to ensure the long-term success of financial education [5,6].

While financial education is a broad field, key themes are emerging that influence its
effectiveness. This study aims to investigate the role of financial education and digitization
in higher education institutions, emphasizing on their contributions to the development
of the public sector, private sector, and civil society. It will also aim to identify and
contextualize the main topic areas in financial literacy through the analysis of related
keyword clusters.

This study examines financial literacy in higher education, with a focus on its linkages
to access, behavior, and well-being. While financial technologies (FinTechs) serve as
a supportive mechanism, the analysis emphasizes the foundational role of financial literacy
in societal and economic resilience.

This paper brings into discussion a bibliometric analysis to approach the subject of
FinTech as an element of change. Bibliometric analysis is a relatively new research method
that has gained popularity in several academic fields, including finance. It is part of
a broader scientometric discipline, defined as the study of the quantitative characteristics
of science and scientific research [7].

Recent bibliometric analyses have shown that the number of publications on FinTech
has doubled in the last five years, with a focus on emerging topics such as data security
and digital inclusion [2,8].

By examining 469 articles from the Web of Science database (2020-2024), this paper
aims to identify trends and perspectives on financial education and information technology
innovation impacting higher education.

The objectives include understanding the way financial education, information tech-
nology innovation, and the implementation of digitization can contribute to reducing
economic discrepancies between various sectors, optimize organizational processes, and
support digital transformation and accessibility within higher education institutions.

In the context of the diversification and increasing complexity of financial education,
the perspective on the intercorrelation between the FinTech field and higher education can
be expanded, leading to the adaptation, development, and progression of economic entities
through FinTech mechanisms [9-11].

FinTech has opened up new career opportunities for students in areas such as Al-
based financial services, cyber security, and RegTech (regulatory technology). Universities
collaborate with FinTech companies to provide students with hands-on experience in these
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sectors. Through FinTech internships and incubation programs, students gain direct access
to the cutting-edge technologies that are transforming the financial industry.

The intersection of FinTech and higher education is a dynamic and constantly evolving
space. The Markets in Crypto-Assets Regulation (MiCA) legislation is specific to the Euro-
pean Union and was adopted by the European Parliament and the Council of 31 May 2023
on markets in crypto assets in the “Regulation (EU) 2023/1114”, Revised Payment Services
Directive (PSD2); this legislation is specific to the European Union and was adopted by
the European Parliament through the “Directive (EU) 2015/2366 of the European Parlia-
ment and of the Council of 25 November 2015 on payment services in the internal market,
amending Directives 2002/65/EC, 2009/110/EC and 2013/36/EU and Regulation (EU)
No 1093/2010, and repealing Directive 2007 /64 /EC (Text with EEA relevance)” for updates,
and it enhances the EU rules put in place by the initial PSD, which was adopted in 2007.
The PSD2 entered into force on 12 January 2016, and EU Member States were given until
13 January 2018 to transpose it into national law and Digital Operational Resilience Act
(DORA); this legislation is specific to the European Union and was adopted by the Euro-
pean Parliament and the Council of 14 December 2022 in the “Regulation (EU) 2022 /2554
on digital operational resilience for the financial sector and amending Regulations (EC)
No 1060/2009, (EU) No 648/2012, (EU) No 600/2014, (EU) No 909/2014 and (EU)
2016/1011”; this regulation entered into force on 16 January 2023 and will apply as of
17 January 2025. Although this legislation is mainly aimed at financial institutions, it
has significant implications for universities as well. As institutions adopt new financial
technologies and incorporate FinTech into their curricula, they simultaneously navigate the
challenges of regulatory compliance and cybersecurity.

2. Literature Review

FinTech represents a new paradigm in finance, aiming for an equally innovative ap-
proach to regulation such as ‘smart regulation” and the use of regulatory technologies
(RegTechs) to monitor and enforce compliance. Key regulatory strategies, including sand-
box environments, innovation hubs, and new frameworks, are essential to ensure that
FinTech innovations are well regulated while promoting financial stability, inclusion, and
sustainability [12].

Starting from the 19th century to the present, looking at the historical evolution of
FinTech, we can discuss the increasing role of technology in finance, focusing in partic-
ular on the rise in artificial intelligence (AI), blockchain-distributed ledger technology
(DLT), cryptocurrencies, and central bank digital currencies (CBDCs). These technological
advances are transforming traditional financial services and institutions by creating effi-
ciencies, improving financial inclusion, and providing innovative solutions in both society
and higher education institutions.

The integration of artificial intelligence (Al) and chatbots into the financial technology
(FinTech) industry and the education system is transforming the way companies interact
with customers and teachers with their students while also leading to advances in pre-
dictive analytics. Al and machine learning (ML) enable FinTech companies and higher
education institutions to automate repetitive tasks, improve security, and provide personal-
ized experiences for customers and students. These technologies are particularly useful in
areas such as fraud detection, customer service, financial advice, and financial education,
providing solutions that were previously unimaginable for human brain processing.

The emergence of FinTech offers tools that enhance financial education, such as
Al-based learning platforms and digital finance management applications. These tools
complement broader efforts to promote financial literacy by improving accessibility and
user engagement.
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Higher education institutions play a key role in researching FinTech developments,
including distributed ledger technologies, decentralized finance (DeFi), and central bank
digital currencies (CBDCs). EU regulations such as MiCA and DORA shape the framework
in which universities conduct research on these technologies, ensuring that innovations
align with legal and ethical standards [13].

As FinTech becomes a dominant force in global finance, universities are increasingly
incorporating FinTech-related subjects into their curricula. Courses in blockchain, artificial
intelligence in finance, and digital payments have become an integral part of business
and finance curricula across Europe, reflecting a growing trend to adapt curricula to new
emerging technologies in the financial sector. Renowned universities such as the University
of Hong Kong and Harvard University are leaders in integrating FinTech education at
the academic level. These institutions have adopted innovative strategies to support the
development of student’s skills in emerging fields such as blockchain, artificial intelligence,
and digital payments. Their collaborations with the FinTech industry contribute to the
development of study programs that meet the needs of a constantly changing financial
sector [10,12,13].

One of the most significant applications of Al in FinTech is its ability to handle large
amounts of data, performing complex analyses to identify patterns and risks. As noted
in the literature, Al can streamline processes such as payment processing, credit scoring,
and fraud detection, allowing financial institutions to mitigate risk more effectively. Al can
also support researchers and teachers by analyzing large data sets of information to obtain
results in the shortest possible time and in the most efficient way with the aim of sharing
them with students and the civil society to increase the well-being and the education level
of the population [14].

Al is also used in predictive analytics to forecast customer behavior and financial
trends. By analyzing historical data, Al can help FinTech companies predict future out-
comes, such as changes in stock prices, interest rates, or market trends. This information
enables companies to make more informed decisions by optimizing their cross-selling
strategies, risk management, and portfolio management [14].

Developments in Al are proceeding at a rapid pace. While Al has already played
a role in our daily lives for several years, Al and robotics are driving innovation, leading to
new business models and playing a key role in transforming our societies and digitizing
the economy in many sectors, including industry, education, health, construction, and
transport [15].

Despite the many benefits of Al and chatbots in FinTech, there are challenges associated
with their implementation. A major problem is the shortage of skilled Al professionals,
which has slowed the adoption of Al technologies in some financial institutions as well
as in some sectors such as higher education institutions. Furthermore, although Al can
provide accurate predictions and improve security, it is not immune to errors, and the
consequences of such mistakes can be significant in the financial industry, in various sectors
of the economy, and in the research area [14].

FinTech, in addition to the undeniable benefits that it has brought and continues to
bring to society, also presents potential risks that can be associated in particular with those
related to cyber security, data privacy, and market dominance by large technology compa-
nies (BigTechs). The literature also addresses the critical role of regulation in mitigating
systemic risks, ensuring that the benefits of digital finance are realized in both developed
and developing economies.

Al and chatbots have revolutionized and are revolutionizing the FinTech industry by
improving customer experience, improving operational efficiency, and providing valuable
predictive insights. As FinTech companies continue to adopt these technologies, they are

173



FinTech 2025, 4, 4

reshaping the way financial services are delivered, making them more personalized, secure,
and accessible. However, overcoming the challenges of talent shortages and customer trust
will be crucial to the successful integration of Al into financial, research, and education
ecosystems. As Al and chatbots continue to evolve, their roles in FinTech will expand,
providing new opportunities for innovation both in customer and student services, as well
as in the financial management of companies and higher education institutions.

3. Research Methodology

By means of bibliometric analysis, frequently used keywords and evolving ideas
can be identified, offering perspectives on future trends [15,16]. This analysis is based on
quantitative measurements and investigative techniques applied to written documents [17].

In order to accomplish the bibliometric analysis, the Web of Science database was
used, whereas for their processing, the VOSviewer application was used. Taking into
consideration the fact that the FinTech field and the academic environment of higher
education have visible connections only in the economic sphere, we intended to make
a correlation between the two categories and find an area of intercorrelation in the valuable
scientific literature contained in the Web of Science. By applying tagging techniques and
using specific filters from the Web of Science database, 469 relevant scientific articles were
identified. By processing their specific data (article title, keywords, abstract country of
origin of authors, and connections between articles) new points of view can be generated in
terms of FinTech higher education intercorrelation. The research was based on a systematic
analysis of the scientific literature by applying several comparative bibliometric analyzes
on 469 scientific research articles that offer some perspectives on the manifestation of the
FinTech higher education correlation.

Bibliometrics, although a useful method for analyzing the scientific literature, can
encounter significant difficulties in capturing all relevant aspects of a research field, due to
the large and ever-expanding volume of information. Thus, carrying out a comprehensive
and high-quality bibliometric analysis requires a considerable effort in the organization
and interpretation of data, and their diversity requires substantial resources [18-20].

The Web of Science database query began with the primary tag “higher education
FinTech”, resulting in 345 articles. To maximize the breadth of identified connections
be-tween FinTech and the educational environment, additional labels such as “personal
fi-nance management”, “modern financial technologies”, and “financial education” were
included. The following Boolean operators facilitated this process:

e  AND Operator: This was used to combine the primary tag with related subtopics to
ensure relevance to the core topic. For example, the query

TS = (“FinTech in Higher Education”) AND TS = (“personal finance management”)
AND TS = (“financial education”) AND TS = (“modern financial management”), en-
sures results that address FinTech while simultaneously incorporating key subtopics. In
this query, the TS (topic) field searches for specified terms within article titles, abstracts,
or keywords.

e  OR Operator: This operator broadened the search to include synonyms or closely
related terms, enriching the findings. For instance,

TS = (“FinTech in Higher Education”) AND (TS = (“personal finance manage-ment”)
OR TS = (“digital finance management”)) AND (TS = (“financial education”) OR
TS = (“financial literacy”)) expanded the scope of the search by considering alternative
terminologies, such as “financial literacy” alongside “financial education”.
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The authors wanted the conclusions drawn from this bibliometric analysis to be based
on accessible and up-to-date scientific research. This was achieved by using the following
filters that exist in the Web of Science database:

e  Articles, because the published papers are filtered through the reviews specific to
each journal;

e  Open Access, because articles published in this form can be studied for free;

e  Publication years 2020-2024, because we wanted to study the content of articles
published in the last 5 years.

By applying these three filters, our selection provided 469 articles, which was then
subjected to bibliometric analysis.

The first approach within the bibliometric analysis was the analysis according to
the years of publication and according to the country of origin of the authors of the
scientific articles.

To capture new aspects and correlations between FinTech and the educational envi-
ronment resulting from clustering analysis, we used the VOSviewer software by applying
the following filters: co-occurrence filters, author keywords, and minimum 9 co-occurrences.
Clusters within the VOSviewer program are generated as item pairs.

Through this process, keywords were grouped, where each keyword’s occurrence
and link strength were calculated to determine its association with others. The strength of
the link between the terms, based on co-occurrence, enabled the identification of clusters
within the broader field of financial literacy. The data set generated four primary clusters
whose composition is presented in the following Table in Results and Discussion. Each
cluster comprises terms related to specific thematic areas in financial literacy, highlighting
aspects such as access, attitudes, behavior, and well-being.

The objective of this bibliometric analysis is to examine key themes in financial literacy
research, including access, behavior, and well-being, while considering the role of digital
innovations such as FinTech in facilitating these outcomes.

4. Results and Discussion

The evolution of the number of articles in the sample is presented in Table 1, with infor-
mation on the number of articles included when applying Keywords and Keywords added.

Table 1. Tags and additional tags used to base the database.

Filter Applied Item Number in the Selection
Keywords “higher education FinTech” 345
Keywords added “personal finance management” 395
Keywords added “modern financial technologies” 404
Keywords added “financial education” 1984

Source: Web of Science database (accessed on 4 November 2024).

The authors wanted this selection of scientific works to capture current theoretically
grounded aspects to which we have access. That is why we used consecutive filters to
select articles, specifically with open access and published in the last 5 years. The evolution
of the number of articles in the selection following the successful application of the filters is
presented in Table 2.

The number of 469 articles is the number in which the bibliometric analysis was
performed using the specific filters of Web of Science and the VOSviewer application [21].

From the analysis of the annual distribution over the 5 years, an increase in the
number of articles can be observed every year, excluding the year 2024 which has not
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Countries

been completed, which leads us to a conclusion that in the course of the development of
the FinTech field, more and more bridges to higher education academia are found. The
evolution of the number of scientific articles is presented in Table 3 [21].

Table 2. Order of Web of Science filters used to query the database.

Filter Applied Number of Items After Applying Filter
Articles 1612
Open Access 716
Publication years 2020-2024 469

Source: Web of Science database (accessed on 4 November 2024).

Table 3. Distribution of the 469 articles by year.

Year 2020 2021 2022 2023 2024
Number of articles 57 88 117 127 80

Source: Web of Science database (accessed on 4 November 2024).

In Figure 1, the first 12 countries according to the number of existing articles in the
database subject to our research are analyzed with the help of the analysis of the bibliometric
results from the Web of Science database and the density analysis of the countries of origin
of the authors [21]. From the analysis of the distribution of the articles by country, we
see that there are countries from all continents, which leads us to the conclusion that the
analysis undertaken by us is of worldwide interest.

ROMANIA N 15
POLAND NN 16
NETHERLANDS S 17
GERMANY | 17
MALAYSIA I 19
INDONESIA IS 20
ITALY I 23
SPAIN I 24
ENGLAND I 25
BRAZIL | 30
CHINA  — 69
USA I ——— 83

0 20 40 60 80 100
M Articles

Figure 1. Authors’ countries of origin according to the number of published articles. Source: own
conceptualization; data processing from WOS (accessed on 4 November 2024).

Another analysis carried out was on the research area presented in Figure 2 [21].
We see that the predominant fields are related to the economic field and the information
technology field.
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O Business Economics

OEducation Educational Research

OScience Technology Other Topics

OEnvironmental Sciences Ecology

OComputer Science

Figure 2. Research areas. Source: own conceptualization; data processing from WOS (accessed on
4 November 2024).

A new analysis regarding the density of phrases or words used in the 469 selected arti-
cles was carried out with the help of the VOSviewer program by applying the co-occurrence
filter for all keywords with an appearance of at least 9 times. Only 44 words/phrases out of
the 2148 analyzed met this criterion, and Figure 3 shows the distribution and links between
words/phrases resulting from the application of the filters.
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Figure 3. Density of phrases and words that have at least 9 co-occurrences. Source: WOS database
(accessed on 4 November 2024) and made with the VOSviewer software version 1.6.20.

After processing the data with the help of the VOSviewer program, the words and
phrases that have the highest density included financial literacy, financial education, literacy,
impact, education, behavior, knowledge, financial behavior, and financial knowledge. Also,
through the VOSviewer program, we obtained the classification of words according to total
link strength, which is presented in Table 4.

From the analysis of the VOSviewer program on the 44 keywords/phrases that appear
at least 9 times within the 469 articles, four clusters emerged; their composition is presented
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in Table 5. The cluster represents a set of elements included in a bibliometric map; articles
belong to only one cluster, and we can have articles that do not belong to any cluster. Based
on the information contained in each cluster, we will deepen the analysis for each cluster
separately, taking into account the strength of the links of the keywords with the highest
density and the links in these and other clusters. Thus, these bibliometric maps give us
a new picture of the subject matter and existing orientations within the scientific articles.

Table 4. Link strength between articles analyzed according to Keyword.

Keyword Occurrences Total Link Strength
financial literacy 135 340
financial education 131 286
literacy 93 280
impact 62 200
education 63 190
behavior 53 182
knowledge 33 125
financial behavior 20 82
financial knowledge 28 82

Source: own conceptualization; data processing from WOS with the VOSviewer software.

Table 5. VOSviewer clusters and related colors.

Cluster 1 (21 items)

Cluster 2 (11 items)

access
adoption
China
COVID-19
credit .
determinants finar?ctit;?llsiizwor
financial inclusion . 5 .
FinTech financial education
impact financial knowledge
in forr};a tion financial literacy
innovation krigf:fg o
investment literac &
management Y
ownership personal finance
performances socialization
personal finance management students
risk
savings
technology
trust
Cluster 3 (7 items)
C?}I:i?silelgy financial well-being
ender
debt &
education h.ejdlth.
finances participation
exemplary women

Source: own conceptualization; data processing with VOSviewer (accessed 4 November 2024).
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Next, we will comment on the content of the four clusters and try to present some
aspects of the FinTech higher education relationship.

Within cluster 1, we can see that articles included in it have channeled the funda-
mental aspects of financial literacy, such as “access”, “adoption-of strategies”, “impact”,
and “credit”. High-frequency terms such as “financial literacy” (135 occurrences) and
“education” (63 occurrences) emphasize the importance of making financial knowledge
accessible. Additionally, terms such as “COVID-19” suggest that recent global events have
impacted financial access, shaping the educational needs and challenges people face in the
financial realm [22].

Within cluster 2, the behavioral components of financial literacy are addressed, in-
cluding “attitudes”, “financial behaviour”, and “financial knowledge”. With ’financial
behaviour’ and ’capability” as central themes, this cluster captures the intersection between
knowledge and actionable behavior. The emphasis on behavioral terms reflects the growing
need for financial education programs that not only impart knowledge but also promote
positive financial habits.

Cluster 3 is focused on ability and demographics; this group includes keywords such
as “children”, “debt”, and “education”. Here, the focus on young people (“kids”) suggests
an awareness of the critical role that early financial education plays in building long-term
financial literacy. Terms like “ability” and “debt” indicate that financial literacy is critical to
managing financial challenges from an early age, ultimately contributing to better financial
decision-making in adulthood.

Culture 4, the smallest but a significant group, focuses on financial health and well-
being, with keywords such as “gender”, “health”, and “participation”. This cluster reflects
the growing awareness of the impact of financial education on quality of life and overall
well-being. The inclusion of “gender” highlights the need for inclusive financial education
efforts that address the specific financial challenges faced by various demographic groups,
including women.

The results of these groups reveal how financial literacy encompasses more than
just acquiring knowledge. Instead, it is a multi-faceted field that addresses accessibility,
behavioral development, capacity building, and well-being. Cluster 1’s focus on access and
education reflects fundamental needs such as creating opportunities for financial learning,
while cluster 2 demonstrates that financial literacy must go beyond knowledge to drive
behavior change. Cluster 3, focused on youth and capability, and this indicates a proactive
approach to financial education, focusing on early education. Finally, cluster 4 aligns
with recent trends that view financial well-being as part of overall health, suggesting that
financial literacy contributes to a holistic sense of quality of life.

The group also emphasizes the need for targeted approaches in financial education.
For example, financial education programs could tailor content to specific demographic
needs, such as youth or underrepresented groups, to maximize their impact.

To analyze the links between and within the clusters, we chose one word from each,
with the strongest links within each, according to the data in Table 5:

For cluster 1: “keyword impact with link strength 200”7, (Figure 4);
For cluster 2: "keyword financial literacy with link strength 340”, (Figure 5);
For cluster 3: "keyword behavior with link strength 182", (Figure 6);

For cluster 4: "keyword gender with link strength 74”, (Figure 7);
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Figure 4. Cluster 1 keyword impact with link strength 200. Source: WOS database (accessed on
4 November 2024) and made with the VOSviewer software.
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Figure 5. Cluster 2 keyword financial literacy with link strength 340. Source: WOS database (accessed
on 4 November 2024) and made with the VOSviewer software.

Starting from the dominant keyword within this cluster, impact, we can group together
several economic notions to formulate a perspective on the correlations within the cluster:

e access, adoption, financial inclusion, FinTech, and technology: articles containing
these keywords suggest that “impact” could be related to how technology influences
access to and the use of financial services;
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e investment, credit, and savings: articles containing these keywords suggest that
“impact” could be related to financial results or effects on these areas;

e risk and trust: articles dealing with this research area can address the impact of
financial technology on risk perception and trust in financial systems;

e innovation, management, and performance: articles specific to this area can refer to
the operational and strategic impact in the FinTech landscape.

e COVID-19 and China: we may have articles that present external or geographic
impacts on FinTech development or access, given the effects of the pandemic globally.

Cluster analysis highlights the significance of access and education as foundational
aspects of financial literacy. Digital innovations, including FinTech, contribute to these
outcomes by facilitating easier access to financial information and tools, though their role
is secondary to broader educational initiatives. By facilitating more inclusive, efficient, and
transparent financial systems, FinTech continues to play a vital role in modern economic
development [23].
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Figure 6. Cluster 3 keyword behavior with link strength 182. Source: WOS database (accessed on
4 November 2024) and made with the VOSviewer software.

To analyze the relationship between “financial literacy” and other words in this cluster,
we will evaluate potential connections based on context, thematic similarities, or typical
associations found in financial research. Thus, we analyze the terms present in the cluster
in relation to “financial literacy”.

The term “financial literacy” is associated with the following words in cluster 2:

e  attitudes: often reflect how beliefs and perceptions influence financial decisions, closely
related to financial literacy;

e financial behavior: refers to actions such as budgeting and saving, which are influenced
by the level of financial literacy;

e financial education: a direct source for improving financial literacy;

e financial literacy: fundamental to financial literacy as it involves the understanding
needed to make informed financial decisions;
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e income: although not directly literacy itself, it is often related to how well people
manage their finances;

knowledge: general cognitive skills essential for literacy in any field, including finance;
literacy: generally, it refers to financial skills and understanding;

personal finance: practical application of financial literacy to money management;
socialization: influences how individuals learn financial habits and attitudes, shaping

financial literacy;
e students: a key group often studied in relation to the development of financial literacy.

These connections indicate that “financial literacy” serves as a central node intercon-
nected with education, behavior, knowledge, and attitudes, all of which contribute to or
are influenced by an individual’s financial competence.

health financi clusion
: " g participation ac@ess
financial well-being

ants

fiman

ﬂnancial‘cm?vog?\

eracy

olof mve ent

ce ‘\C%.Sh ip

Figure 7. Cluster 4 keyword gender with link strength 74. Source: WOS database (accessed on
4 November 2024) and made with the VOSviewer software.

Measuring the impact of financial literacy involves evaluating how financial education
or literacy programs influence individuals’ financial knowledge, behavior, and outcomes.

By using a combination of these measurement methods, researchers and policymakers
can assess not only the short-term knowledge gains but also the long-term behavioral and
economic benefits of financial education initiatives.

Leveraging technological advances in the financial literacy process leads to the acqui-
sition of knowledge and the development of tools necessary to make the better financial
decisions needed to build long-term financial security. By incorporating these factors,
financial literacy programs can go beyond simply imparting knowledge and foster lasting
behavior changes that lead to improved long-term financial well-being.

The results obtained within this cluster confirm that financial education remains
a major challenge, thereby having a significant impact on citizens’ financial decisions. These
findings are also supported by previous research, such as that carried out by Simandan,
Leustean, and Dobrescu (2022), who emphasize that, despite economic progress and
expanded access to financial services, financial education directly influences the finan-
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cial behaviors of individuals and contributes to the perpetuation of existing economic
inequalities [24].

Articles within this cluster may highlight thematic relationships that may involve
behavioral aspects in various contexts, such as financial capability, education, interactions
with children, financial modeling, and debt management [25].

Financial capability refers to the ability of individuals to effectively manage their
financial resources. Behavioral patterns such as spending habits, saving tendencies, and
risk aversion play a crucial role in determining financial capability. Responsible financial
behavior can enhance capacity, while poor financial habits can impair it.

In the broader context of finance, behavior is a critical factor that drives market
trends and investment decisions. Behavioral finance is an entire field that examines how
psychological factors and biases affect the behavior of investors and financial analysts.
Understanding behavior can reveal why markets might react irrationally to news or why
individuals make poor financial choices despite having access to information.

In financial modeling, assumptions about human behavior are often integrated to
predict financial trends and outcomes. Models can take into account behavioral patterns
such as herd mentality in trading, consumer spending behavior, or the psychological
impact of market volatility on investment strategies [26]. These behavioral insights can
make financial models more realistic and applicable in predicting real-world scenarios.

In conclusion, behavior intertwines with financial terms to shape both individual
and financial health. By leveraging these technological resources, parents, teachers, and
educators can make financial literacy more accessible, interactive, and engaging for children,
preparing them for a future of informed and responsible money management.

Insights into behavioral trends enable better financial planning, policy making, and
the development of tools that support healthier financial practices [27].

To analyze the relationship between “gender” and the other words in this group, we will
look at potential associations, themes, or contexts where the keywords might interconnect:

e gender and financial well-being: These examine how gender influences financial
stability or access to economic resources. These could include studies on gender pay
gaps, disparities in financial literacy, or access to financial services;

e gender and health: These explore how gender influences health outcomes and access
to healthcare. This relationship often covers differences in life expectancy, health
risks, and how medical research and healthcare policies might respond differently to
different genders;

e gender and participation: These investigate gender differences in participation in
different sectors such as the workforce, education, or political representation. This
analysis may reveal gender-specific barriers or opportunities;

e gender and women-directly related: The examination of gender often involves a focus
on the rights, roles, and challenges of women in society. This includes issues such as
gender equality, empowerment, and specific policies aimed at improving conditions
for women.

Cluster 4 reflects the critical connection between financial literacy and well-being.

Gender and participation themes underscore the need for inclusive educational efforts,
addressing disparities and promoting equitable access to financial resources.

5. Conclusions

The analyses carried out in this article emphasize the importance of grouping in
understanding the various components of financial education. The content of the four
clusters—access and literacy, behavior, capability, and well-being—captures key areas of
focus in the field, reflecting a spectrum of educational needs. Financial literacy extends
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beyond knowledge to include behavior, health, and inclusion. Policymakers and educators
can leverage these insights to design programs that address the full spectrum of financial
literacy, contributing to a financially secure and capable society. Thus, some suggestions
are required for future financial education strategies:

e  Educational programs should focus on fundamental topics such as budgeting, savings,
and credit management, ensuring that these resources reach people who do not have
and understand the concepts specific to this area or are less financially literate. Post-
crisis resilience training could also be valuable [28];

e  FinTech and educational actors should develop educational initiatives that emphasize
behavioral change, including strategies for positive financial habits, impulse con-
trol, and long-term financial planning. Programs could also integrate insights from
behavioral psychology to address the emotional aspects of financial decision-making;

e  Educational programs should target a younger audience, perhaps by integrating basic
financial education into school curricula. These programs could cover topics such
as budgeting, savings, and understanding debt to better prepare young adults for
financial independence;

e  Supporting the development of inclusive, tailored financial education programs that
address the specific needs of different demographics (e.g., women and marginal-
ized communities). These programs can focus on financial independence, reducing
financial stress and promoting financial security as part of overall wellness.

This study underscores the multifaceted nature of financial literacy, linking it to access,
behavior, and well-being. While FinTech provides innovative tools that support these
outcomes, the core emphasis remains on financial education as a driver of behavioral
change and societal resilience. Policymakers and educators should prioritize inclusive
financial literacy programs that address demographic-specific needs, leveraging digital
innovations to enhance accessibility and impact.

By analyzing 469 scientific articles using bibliometric methods and the VOSviewer
software, this study identified key thematic clusters that highlight the various aspects of fi-
nancial education and its integration into digital innovation. Universities are increasingly in-
cluding FinTech subjects in their curricula, giving students the opportunity to develop skills
in areas such as Al-based financial services, cyber security and regulatory technologies.

Collaborative initiatives between academia and the FinTech industry, such as
internships and incubators, provide hands-on exposure and align education with
market demands.

In conclusion, financial education is often overlooked due to a combination of systemic,
cultural, and policy factors. Addressing these barriers requires coordinated efforts by
educational institutions, governments, and communities to prioritize financial literacy and
recognize its critical role in fostering economic stability and personal well-being.

Overcoming these challenges requires coordinated efforts among educators, policymakers,
and industry leaders to ensure equitable access and the adoption of financial technologies.

The intersection of FinTech and higher education is a dynamic and evolving field
with the potential to drive both technological innovation and societal progress. By using
FinTech to address gaps in financial literacy, institutions and governments can foster
a financially capable population, enhance economic stability, and build resilience in the face
of global uncertainties. Future research should explore deeper interconnections and develop
innovative and inclusive strategies for promoting financial literacy in the digital age.

Limitations of the Study

To properly understand the results, discussions, and conclusions resulting from
a bibliometric analysis, the limitations must be contextualized by the authors. In this
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article, data were collected exclusively from the Web of Science platform, and querying
other databases may reveal additional aspects. The authors chose this database because
they believed it to be representative and relevant to the research being conducted.
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Abstract: The integration of generative Al (GAI) into the financial sector has brought about significant
advancements, offering new solutions for various financial tasks. This review paper provides a
comprehensive examination of recent trends and developments at the intersection of GAI and finance.
By utilizing an advanced topic modeling method, BERTopic, we systematically categorize and analyze
existing research to uncover predominant themes and emerging areas of interest. Our findings reveal
the transformative impact of finance-specific large language models (LLMs), the innovative use of
generative adversarial networks (GANSs) in synthetic financial data generation, and the pressing
necessity of a new regulatory framework to govern the use of GAI in the finance sector. This paper
aims to provide researchers and practitioners with a structured overview of the current landscape
of GAI in finance, offering insights into both the opportunities and challenges presented by these
advanced technologies.
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1. Introduction

The intersection of generative Al (GAI) and finance has emerged as a rapidly de-
veloping area of research and application, revolutionizing various facets of the financial
industry. GAI encompasses a broad range of models, such as variational autoencoders
(VAEs), generative adversarial networks (GANSs), large language models (LLMs), and dif-
fusion models. It has demonstrated significant potential in enhancing financial analytics,
improving decision-making processes, and generating synthetic financial data for various
applications. This review paper aims to provide a comprehensive overview of recent trends
and advancements in GAI’s application within the financial sector.

Before the advent of GAI models, traditional methods for financial text mining were
primarily used to analyze financial reports and forecast stock prices. However, these meth-
ods often relied on the bag-of-words approach to generate word embeddings, which failed
to capture the contextual information within sentences. In contrast, pre-trained LLMs,
which leverage transformer architecture, are able to capture the complex dependency rela-
tionships between words, resulting in more nuanced and contextually aware embeddings.
Consequently, GAI models, such as LLMs, have shown significant potential to enhance
various financial tasks [1]. Over the past few years, there has been a growing body of
research investigating how GAI can address these tasks, evaluating both the results and
the associated risks.

In this paper, we aim to evaluate the current state of research on GAI in finance
and provide guidance for newcomers in this field. Notably, Ding et al. [2] conducted an
extensive analysis of LLMs, while Li et al. [3] provided a broader perspective by examining
the current advancements in LLM techniques and their applications. However, neither
study explores the intricate relationship between GAI and finance in detail. Lee et al. [4]
offered surveys that focus specifically on the impact of LLMs in finance, though they do
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not address other GAI models, and their topics were predefined manually. Additionally,
Barde and Kulkarni [5], Krause [6], and Mbanyele [7] concentrated on general-purpose
LLMs, such as ChatGPT, Bard, and Bing Al

However, our paper expands the scope by exploring the intersection of GAI and
finance, going beyond the focus on LLMs. Additionally, we utilize the advanced topic
modeling technique, BERTopic [8], to systematically cluster and analyze the existing re-
search. By leveraging the BERTopic model, we introduce a novel framework for catego-
rizing the current body of work on GAl in finance. In light of the identified gaps and the
evolving application of GAI models in finance, this paper aims to address the following
research questions:

e RQI1. What are the current trends and advancements in the application of GAI within
the financial sector?

e RQ2. How does GAI, beyond LLMs, contribute to solving financial tasks and challenges?

e RQ3. How can BERTopic be used to systematically classify and analyze research on
GAIl in finance?

o RQ4. What are the risks and challenges associated with the use of GAI in finance,
and how have these been addressed in the literature?

The structure of our paper is as follows. In Section 2, we examine the papers relevant
to this topic. In Section 3, we introduce the dataset and the topic modeling method used
in this study. Section 4 presents the results of our analysis. In Section 5, we provide an
in-depth discussion based on the new framework obtained through the topic modeling
method. In Section 6, we discuss our contribution, future directions, and potential areas for
further research. Finally, we give a conclusion in Section 7.

2. Literature Review

The field of GAI has experienced rapid advancement in recent years. One of the
famous GAI methods is the VAE algorithm, developed by Kingma and Welling in 2013 [9].
VAEs applied probabilistic frameworks to generate new data points based on latent rep-
resentations learned during training. Therefore, it enhances the ability to model complex
distributions in data. Subsequently, in 2014, Goodfellow et al. [10] introduced the GAN
model, which represented a paradigm shift in generative modeling. It is an adversarial
process involving two neural networks: a generative model to capture the data distribu-
tion and a discriminative model to distinguish between real data and generated samples.
This adversarial framework enabled GANs to produce remarkably realistic outputs across
various domains, such as images and texts.

In 2017, Transformers was introduced by Vaswani et al. [11]. It leverages self-attention
mechanisms to capture long-range dependencies in sequential data, making them highly
effective for various natural language tasks. This innovation inspired the development
of LLMs, particularly transformer-based architectures like OpenAl’s GPT series [12-15]
and Google’s BERT [16], which marked a significant advancement in natural language
processing. The deployment of LLMs has expanded generative Al into sophisticated
applications requiring the comprehension and generation of human-like text. Additionally,
Diffusion models have emerged as a novel approach in GAI, focusing on modeling temporal
dependencies and irregular patterns in sequential data [17]. These models have shown
promise in applications where traditional generative models fall short, particularly in
capturing the nuances of dynamic and time-series data.

From the financial researchers’ perspective, the impact of LLMs’ applications is most
significant and far-reaching. In the past two decades, financial text mining has been a
popular research area, especially with advancements in computational methods that have
made processing large-scale data possible. Beyond conventional financial data sources such
as public companies” annual reports and earning announcements, financial researchers
have turned to financial news press, regulatory filings, and social media to uncover hid-
den information and sentimental cues. These insights can be used to predict investment
behaviors and trends in stock returns. For instance, Bollen et al. [18] investigated whether
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measurements of collective mood states derived from large-scale Twitter feeds are corre-
lated to the value of the Dow Jones Industrial Average (DJIA) over time. Wisniewski and
Yekini [19] analyzed the qualitative part of annual reports of UK-listed companies and used
the frequency of words associated with different language indicators to forecast future
stock returns. McGurk et al. [20] examined the relationship between investor sentiment and
stock returns by employing textual analysis on Twitter posts and found that their investor
sentiment measure has a positive and significant effect on abnormal stock returns.

Most of these earlier studies are still exploratory, often reducing text information to
“a bag of words” or representing it through dictionary-based sentiment scores. This is
primarily because financial texts frequently lack a regular structure, and verbal/textual
communication can be subtle and complex. Additionally, financial jargon can vary in
meaning depending on the context. To extract more meaningful insights from financial
texts, more advanced models are required. LLMs trained on extensive datasets from diverse
sources and themes can provide more sophisticated text representations that capture the
nuances of financial language. In the literature we surveyed, Gupta [21] simplified the
process of assessing annual reports of all the firms by leveraging the capabilities of LLMs,
where the insights generated by the LLM are compiled in a Quant-styled dataset and
augmented by historical stock price data. Fatemi et al. [1] showcased the remarkable
capabilities of LLMs, even smaller models, in both fine-tuning and in-context learning
for financial sentiment analysis. Li et al. [22] reported evidence that general-purpose
LLMs, especially GPT-4, could outperform domain-specific models in terms of sentiment
analysis. Pavlyshenko [23] demonstrated that Llama 2 can be fine-tuned and multitask;
when analyzing financial texts, it can return both a structured response and sentiment data
in specified JSON format, which can further be loaded directly into predictive models as
features. On the other hand, Xing [24] reported that a design framework with heterogeneous
LLM agents can be effective in financial sentiment analysis without fine-tuning.

In general, the financial sector, characterized by its vast and complex data, stands to
benefit immensely from these advancements in GAI Traditional data analysis methods
often fall short in handling the scale, variability, and intricate patterns inherent in financial
data. GAI offers a promising solution by not only managing large datasets effectively but
also generating synthetic data close to real-world financial data. This capability is partic-
ularly important for applications such as risk management, fraud detection, algorithmic
trading, and financial forecasting. Recent years have seen the emergence of specialized GAI
models tailored for financial applications. Finance-specific LLMs, such as FinGPT [25,26]
and FinPT [27], have been developed to address domain-specific challenges and have
shown superior performance compared to general-purpose models in various financial
tasks. Despite the promising advancements, the integration of GAI in finance is not without
challenges. Issues such as data privacy, model interpretability, regulatory compliance,
and the potential for generating biased or misleading data necessitate careful consideration.
The ethical and social implications of deploying generative Al in financial decision making
further underscore the need for robust frameworks and guidelines to ensure responsible
use [28].

Most importantly, there is a limited body of research that surveys the intersection of
GAI and finance [3-7], and none of these studies employ advanced topic modeling tech-
niques to mine potential topics from paper abstracts. Using a topic model like BERTopic [8]
for paper reviews offers significant advantages over manual review, especially when deal-
ing with large datasets. They usually provide an objective, unbiased grouping of papers,
uncovering hidden patterns and emerging trends that may be missed by human reviewers.
Additionally, they ensure consistency across the entire dataset and allow researchers to
focus on the most relevant areas, making it easier to manage large-scale literature reviews.
From the above review, it is evident that while significant progress has been made in
applying GAI to finance, many challenges remain underexplored, particularly in terms of
integrating various GAI models and uncovering new insights through more sophisticated
topic modeling methods.
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3. Materials and Methods

This study leverages the Google Scholar database for its extensive coverage, interdisci-
plinary reach, and up-to-date research indexing. Given that research on GAI, particularly
LLMs, is relatively new and rapidly evolving, Google Scholar’s comprehensive indexing
of reputable authors and institutions is particularly valuable. Many significant papers
are submitted to repositories such as arXiv and SSRN, both of which are well indexed by
Google Scholar.

We conducted searches using two key combinations: (1) “generative Al and finance”
and (2) “large language models and finance.” From these searches, we retrieved a total of
90 papers published between 2018 and 2024. These papers were sourced from a diverse
range of publishers, including ACM, ACL, arXiv, Curran Associates, Darcy & RoyPress, El-
sevier, IEEE, MDPI, Routledge, SSRN, Taylor & Francis Online, and MIT Press. The dataset
consists of academic papers from multiple disciplines, with a primary focus on Finance and
Computer Science. It also includes papers from related fields such as Economics, Business,
Management, and Accounting, ensuring a comprehensive scope. The authors in the dataset
are affiliated with a broad spectrum of institutions, ranging from elite universities like
Harvard, MIT, and Stanford to tier 1 institutions such as the University of Oxford and the
National University of Singapore. Additionally, the dataset includes contributions from
leading technology companies like Amazon, Microsoft, and Alibaba, as well as financial
institutions such as JP Morgan and Bloomberg. The dataset reflects a geographically di-
verse set of authors, with substantial representation from the US, Asia, and Europe. This
global distribution was intentional to capture a wide range of perspectives on the trends
and insights being discussed. As shown in Figure 1, about half of the papers come from
Asia, while roughly one-third are from the US. This distribution is consistent with the
fact that the US and China are leading countries in research on generative Al models and
their applications.
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Figure 1. This figure describes data’s geographical information. Source: personal processing accord-
ing to the data.

To effectively cluster and analyze these papers, we applied a robust topic modeling
technique known as BERTopic [8]. Topic models are powerful unsupervised tools for
uncovering themes and underlying narratives in textual data.
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BERTopic Model Specification: To generate coherent topic representations, the
BERTopic model will employ three steps. The first step is to generate document em-
beddings. In this step, the Sentence-BERT (SBERT) framework [29] was employed to
convert each paper’s abstract into a vector representation. The SBERT uses pre-trained
large language models and achieves state-of-the-art performance on various embedding
tasks, generating high-quality document vector representations. The second step is to
cluster these document embeddings. To achieve a robust cluster result, a dimension re-
duction technique named UMAP [30] was used, preserving more of the local and global
features of high-dimension document embeddings in a lower-dimension space. After that,
the HDBSCAN model [31] is used to cluster the reduced embeddings. The benefit of using
HDBSCAN is that we can model the outliers as noise, preventing any unrelated documents
from being assigned to any cluster. The third step is to model the topic representation with
documents in each cluster. The class-based TE-IDF (c-TF-IDF) method [8] is employed to
model the importance of a word to a cluster. BERTopic has shown effectiveness in various
applications, including systematic reviews [2,21].

BERTopic vs. LDA: While traditional topic modeling methods such as Latent Dirichlet
Allocation (LDA) [32] and Non-Negative Matrix Factorization (NMF) [33] represent docu-
ments as mixtures of latent topics using a bag-of-words approach, BERTopic enhances this
process with advanced techniques. The use of bag-of-words would disregard the semantic
relationship among words or lose the context information in a paragraph, resulting in a
failure of document representation. In contrast, the BERTopic model takes advantage of
pre-trained large language models to encode the meaning of texts into the document em-
bedding. Moreover, the BERTopic model performs better than the LDA and NMF methods
with the topic coherence and topic diversity metrics [8].

Our application of BERTopic in this study can be broken down into the following steps:

e  Data Preprocessing: First, we convert all text to lowercase to ensure uniformity
and reduce redundancy; second, we use nltk.word_tokenize() to split the text into
individual tokens and WordNetLemmatizer() to reduce words to their base or root
form; finally, we use stopwords.words(‘english’) to eliminate the common stopwords,
as they usually do not contribute significantly to the meaning of the text.

e  Fit the Model and Transform Documents: We use BERTopic and ClassIFid Transformer
to fit the model to our data and transform to discover topics.

¢  Topics Exploration: After fitting the model, we explore the topics generated by various
tools of BERTopic.

4. Results

In this section, we discuss the results obtained from the BERTopic model. After fitting
the model, we identified the most frequent topics in our dataset, as shown in Figure 2.
Figure 2 reveals four distinct clusters:

e “-1_chatbots_credit_reliable_chatgpt”;
e  “(0_llm_financial_model_task”;

e “1_ai_generative_risk_challenge”;

o and “2_data_stock_synthetic_market”.

Cluster -1 represents all outliers and should be disregarded. Consequently, our focus
will be directed towards the examination of the remaining three clusters. Cluster 0 per-
tains to discussions surrounding the application of LLMs in financial tasks. This cluster
highlights the innovative use of LLMs to address various financial modeling and task
automation challenges. Cluster 1 delves into the challenges and risks associated with the
implementation of GAI within the realm of finance. This cluster underscores the potential
risks and regulatory considerations that accompany the deployment of GAI technologies
in finance. Cluster 2 centers on the generation of synthetic financial data facilitated by GAL
This cluster emphasizes the role of GAl in creating synthetic datasets, which are essential
for tasks such as market simulation and risk assessment.
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Additionally, our analysis reveals a significant discrepancy in the distribution of
research focus. Specifically, there are approximately 47 papers discussing LLMs in finance,
a considerably higher count compared to those addressing the risks and data generation
aspects of GAI This observation underscores that LLMs currently represent the foremost
research focus of GAI within the financial domain.

-1_chatbots_credit_reliable_chatgpt

0_llm_financial_model_task 47

Name

1 ai_generative_risk_challenge

2_data_stock_synthetic_market

30

20
Count

Figure 2. This figure describes the frequent topics obtained from the BERTopic model. Source:
personal processing according to the cluster results from BERTopic model.

Observing Table 1, we identify the representative words for each topic generated
by the BERTopic model. These words help elucidate the main themes and concepts of
each topic, as they are extracted based on their relevance and frequency within the topic.
Topic -1 is ignored, as it is an outlier, so our analysis begins with Topic 0: “LLMs for
Financial Tasks.”

Topic 0: “LLMs for Financial Tasks”: In addition to the key terms, such as ‘LLM’,
‘financial’, and “task’, that define this topic, other prominent words, like ‘model’, ‘language’,
and ‘large’, emphasize the core characteristics of LLMs. These terms highlight the foun-
dational role LLMs play in processing human text and understanding financial language.
Financial papers referencing LLMs often focus on the ability of these models to interpret
complex financial documents, automate tasks, and assist in decision-making processes.
Words like ‘benchmark’ and “performance’ are frequently used to evaluate how effectively
LLMs accomplish financial tasks, whether they are used for explaining phenomena such as
market trends, generating reports, or forecasting financial outcomes. The focus on ‘bench-
mark’ results indicates the importance of validating LLMs against industry standards,
while ‘performance’ suggests the critical evaluation of their accuracy, speed, and reliability
in financial contexts. Thus, these terms collectively indicate that financial research using
LLM:s aims not only to describe or analyze financial data but also to enhance forecasting
and predictive capabilities.

Topic 1: “The Risk and Challenge of Generative AI”: Key terms such as ‘Al’, ‘ar-
tificial’, “intelligence’, ‘generative’, ‘risk’, and ‘challenge” are central to this topic. These
terms reflect the growing discourse around the potential risks and challenges associated
with implementing GAI in the financial sector. Additionally, the term “ethical” frequently
appears, highlighting significant concerns about the ethical implications of GAI, particu-
larly in terms of transparency, fairness, and accountability. These ethical considerations are
especially critical in the financial industry, where GAl is used to automate decision-making
processes, and any misuse or bias in these systems can lead to substantial consequences.
Discussions in financial papers often focus on the risks associated with deploying GAI, such
as the potential for generating biased or inaccurate financial predictions, or the challenge
of ensuring regulatory compliance. Ethical debates are often tied to how GAI is trans-
forming the financial ‘industry’, affecting everything from risk management to customer
service. The common appearance of the word ‘paper’ in our dataset is largely due to the
review-based nature of this article and does not carry significant meaning in this specific
context. However, the focus on risks and challenges suggests that researchers are keen on
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evaluating not only the technical capabilities of GAI but also the broader implications for
ethical and responsible use in financial applications.

Topic 2: “Synthetic Financial Data Generation”: The words ‘synthetic” and ‘data
are central to this topic, indicating the focus on the creation of artificial financial datasets.
Terms such as network’, ‘GANSs’, ‘learning’, and ‘adversarial’ suggest that many existing
studies utilize GANSs for generating synthetic financial data, particularly for stock market
simulations. In practice, GANs are widely used to produce synthetic ‘stock” and ‘market’
data, such as “price’ ‘series’, which are essential for financial modeling and analysis. These
synthetic datasets play a critical role in financial research, as they allow researchers and
practitioners to simulate various market scenarios, test trading strategies, and analyze
risk without relying on real-world data, which may be limited or sensitive. In financial
papers, the use of synthetic data is typically aimed at overcoming challenges related to data
availability, privacy concerns, and the need for large, high-quality datasets for machine
learning models. By generating realistic price series and market behaviors, researchers
can conduct more robust financial simulations, improving the accuracy and reliability of
predictive models. The prominence of terms like ‘network” and ‘adversarial’ reflects the
technical focus on GAN architectures, which are key to producing high-fidelity synthetic
data that closely mirror actual financial markets. Thus, this topic underscores the practical
importance of synthetic data generation for enhancing financial forecasting, risk assessment,
and model training.

’

Table 1. This table includes the representation words of each topic generated by BERTopic model.
Source: personal processing according to the cluster results from BERTopic model.

Count Name Representation
[‘chatbots’, ‘credit’, ‘reliable’, ‘chatgpt’, ‘lgp’,
11 -1_chatbots_credit_reliable_chatgpt ‘payment’, ‘user’, ‘transaction’, ‘individual’,
‘process’]
[‘llm’, “financial’, ‘model’, ‘task’, ‘language’,
47 0_llm_financial_model_task ‘large’, ‘benchmark’, “performance’, ‘text’,

‘instruction’]
‘ai’, ‘generative’, ‘risk’, ‘challenge’, ‘ethical’,
20 1_ai_generative_risk_challenge ‘industry’, ‘paper’, ‘intelligence’, “artificial’,
‘potential’]
[‘data’, ‘stock’, ‘synthetic’, ‘market’, ‘network’,

12 2_data_stock_synthetic_market , 7, L7, T
gans’, ‘learning’, ‘adversarial’, ‘series’, ‘price’]

As discussed by Grootendorst [8] in the BERTopic model, the c-TF-IDF method is used
to calculate the word score for each cluster or topic. The definition of c-TF-IDF is as follows:

x log(1 + é), @
fa

where x is the word, ¢ is the cluster,  fy ¢ is the frequency of word x in cluster c, f, refers to
word x’s frequency across all clusters, and A represents the word’s average number per
cluster. Figure 3 tells us the 10 most important words for each cluster and their importance.
These word scores represent how strongly a word is associated with a particular topic
within the model. The higher the score, the more central the word is for defining the topic’s
theme. Practically speaking, these scores help us identify the most influential terms within
each topic, giving us insights into the key concepts driving the discussion in the data.
For example, in the context of financial papers, a high score for a word like ‘performance’
in Topic 0 means that researchers are likely to focus on improving or evaluating financial
LLMs’ performance in those papers. By identifying the most relevant words, we can better
understand the central themes of each topic and how they relate to real-world financial
issues like forecasting, strategy optimization, or the evaluation of financial instruments.

Wx,c - Htfx,c
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Topic Word Scores
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Figure 3. This figure shows the word scores for each topic. Source: personal processing according to

the cluster results from BERTopic model.

Figure 4 presents the dendrogram of the hierarchical clustering of the three clusters.
The x-axis represents the distance or dissimilarity between clusters, while the vertical lines
indicate the points at which clusters are merged. For instance, clusters 0 and 1 merge at a
dissimilarity level of approximately 0.6, indicating their relative similarity compared to
cluster 2. This visualization helps us understand the relationships and similarities among
the identified topics.

Hierarchical Clustering

2_data_stock_synthetic
0_lim_financial_maodel o

1_ai_generative_risk =

' | ' | 1 | [
0 0.1 02 03 0.4 0.5 0.6

Figure 4. This figure describes the hierarchical clustering result obtained from the BERTopic model.
Source: personal processing according to the cluster results from BERTopic model.

5. Discussion

In this section, we delve into three key topics derived from the BERTopic analysis.
The first topic explores the application of LLMs in finance across various tasks. This
includes discussions on the capability of general-purpose LLMs (e.g., GPTs, Gemini) to
address financial problems, the effectiveness of finance-specific LLMs (e.g., FinGPT, FinPT)
compared to general-purpose LLMs, and the identification of benchmarks and financial
datasets that can be used to fairly evaluate the performance of LLMs in finance. The second
topic addresses the potential risks and challenges associated with GAI models for financial
applications. This includes an examination of issues such as hallucinations, ethical and
social impacts, and financial regulation. Finally, the third topic focuses on the use of GAI
for synthetic financial data generation. We will discuss the challenges and areas of focus in
this domain, as well as existing work utilizing VAEs, GANs, and diffusion models.

5.1. LLMs for Financial Tasks
5.1.1. General-Purpose LLMs

The rapid advancements in LLMs have ushered in a new era of innovation across
various sectors, with finance being a significant beneficiary. Over the past few years,
general-purpose LLMs such as GPT-4 have been extensively studied by researchers. Teix-
eira et al. [34] and Krause [35] presented comprehensive guides to prompt usage in LLMs
for financial analysis. Rane et al. [36] explored a comparative analysis of Gemini and
ChatGPT, focusing on the discussion of these models’ effectiveness and performance in
finance and accounting tasks. LLMs have also been tested on a wide range of financial text
analytics tasks, demonstrating their versatility and effectiveness [1,21-24,37,38].

General-purpose LLMs can also be used as investment advisors. The potential of
LLMs as financial robo-advisors has been rigorously assessed, generally showing good
performance [39-42]. Furthermore, Lu et al. [43] demonstrated that ChatGPT could poten-
tially generate portfolios that outperform the markets in out-of-sample tests. Additionally,
an innovative LLM multi-agent framework endowed with layered memories has been
proposed for stock and fund trading [44]. Their capabilities extend to financial decision
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making [45,46], financial auditing [47], financial regulatory interpretation [48], financial
budgeting [49], financial risk management [50,51], and analyzing climate change issues
related to finance [52].

The reasoning capabilities of LLMs have also been studied extensively. Yu et al. [53,54]
examined LLMs’ ability for explainable financial time series forecasting, demonstrating
that these models can generate well-reasoned decisions. Srivastava et al. [55] explored
the mathematical reasoning abilities of LLMs on tabular question-answering datasets.
Additionally, a comparative study of LLMs for personal financial decision making in a
low-resource language, the Yoruba language, was conducted by Sikiru et al. [56]. The re-
sults indicate that the performance of LLMs is poor compared to their performance with
English financial data, highlighting the need for improvements in low-resource languages.
To address the high GPU memory consumption associated with LLMs, Liu et al. [57] pre-
sented high-performance GPU-based methods for pretraining and fine-tuning LLMs for
financial applications.

5.1.2. Finance-Specific LLMs

General-purpose LLMs offer versatility and adaptability for a wide range of financial
tasks but may lack the specialized domain knowledge required for complex financial
analyses. In contrast, finance-specific LLMs are exclusively trained on financial data.
For instance, BloombergGPT, trained on a diverse range of financial data, showcased
superior performance in financial tasks compared to existing general-purpose LLMs [58].
Similarly, FInMA was introduced by fine-tuning LLaMA with a tailored dataset, enabling it
to executive various financial tasks [59]. Furthermore, FinGPT emerged as an open-source
LLM tailored for the finance sector, providing accessible and transparent resources for
researchers and practitioners to develop their FinLLMs [25,26]. Additionally, Li et al. [60]
proposed a financial LLM (CFLLM) specially designed to adeptly manage financial texts.

On the other hand, LLMs fine-tuned by financial datasets leverage general-purpose
models and enhance their performance in finance-rated tasks through specialized training.
For example, Zhang et al. [61] proposed a simple instruction tuning approach to fine-tune
general-purpose LLMs, achieving remarkable achievements in financial sentiment analysis.
Similarly, Yin et al. [27] introduced FinPT, fine-tuned on LLMs with natural language cus-
tomer profile text for predictive purposes and pre-trained on a dataset containing Chinese
financial data, and a general-purpose dataset. Additionally, Yang et al. [62] presented
InvestLM, a financial LLM for investment, tuned on LLaMA with a financial investment
instruction dataset. Chen et al. [63] proposed a multiple-expert fine-tuning framework
for DISC-FinLLM, a large Chinese financial LLM. Finally, Chu et al. [64] created FLLM,
a financial LLM employing multitask prompt-based fine-tuning for data pre-processing
and pre-understanding, employing abductive augmentation reasoning (AAR) to overcome
manual annotation costs.

Multimodal financial LLMs combine the power of language understanding with the
rich information contained in financial data across multiple modalities. By integrating tex-
tual, numerical, and visual data, multimodal financial LLMs offer a holistic understanding
of financial information, enabling more accurate analyses, predictions, and decision making
in the financial domain. For instance, Wang et al. [65] introduced FinVis-GPT, a pioneering
multimodal LLM designed to interpret financial charts, marking a significant advancement
in the application of multimodal LLMs in finance. Similarly, Bhatia et al. [66] proposed a
multimodal financial LLM that integrates textual, numerical, tabular, and image financial
data, surpassing the performance of ChatGPT-3.5 in financial tasks.

By leveraging advanced language understanding capabilities and domain-specific
knowledge, non-English financial LLMs enable more accurate and nuanced analyses of
financial information in languages such as Japanese, Spanish, and beyond. For instance,
Hirano [67] developed a Japanese financial-specific LLM through continual pre-training,
while Zhang et al. [68] introduced FInMA-ES, an LLM tailored for bilingual financial
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applications aimed at bridging the gap between Spanish and English financial natural
language processing (NLP) capabilities.

5.1.3. Benchmarks of LLMs in Finance

Benchmarks are crucial in evaluating the performance of LLMs in the financial do-
main. These benchmarks serve as standardized tests or datasets against which various
LLMs are assessed, allowing researchers, practitioners, and developers to compare and
contrast the effectiveness of different models in handling financial tasks. For instance,
Xie et al. [59] proposed a standardized benchmark covering a range of financial tasks,
while Zhang et al. [69] introduced FinEval, a benchmark specially tailored for the financial
domain knowledge in LLMs, including multiple-choice questions covering various topics
in business. Guo et al. [70] presented FinLMEval, offering a comprehensive evaluation of
LLMs in financial NLP, and Xie et al. [71] proposed an open-source evaluation benchmark
encompassing 35 datasets across 23 financial tasks.

Additionally, Yin et al. [27] provided high-quality datasets on financial risks,
Lei et al. [72] introduced CFBenchmark for evaluating LLMs for financial assistance, and Is-
lam et al. [73] proposed FinanceBench for assessing LLMs” performance on open book finan-
cial question answering (QA). Zhang et al. [74] curated a practical Text-to-SQL benchmark
dataset, beneficial for financial professionals less-skilled in SQL programming. Li et al. [75]
introduced the AlphaFin dataset for pretraining or fine-tuning financial analysis LLMs,
combining traditional research datasets, real-time financial datasets, and handwritten
chain-of-thought (COT) data. Furthermore, Hirano [76] constructed a benchmark specific
to the Japanese financial domain, while Xu et al. [77] proposed a benchmark for evaluating
Chinese-native financial LLMs.

5.2. The Risk and Challenge of Generative Al
5.2.1. Hallucination

In the realm of GAI, the phenomenon of hallucination manifests when a model gener-
ates data or information that deviates from accurately representing the underlying patterns
or realities. This occurrence can engender misleading predictions, instill false impressions,
or prompt erroneous conclusions based on the generated data. The ramifications of such
hallucination are particularly acute within the financial domain, where precision in data
and prognostications holds paramount importance for informed decision-making processes.
An illustrative case in point is the investigation into GPT-3’s efficacy in analyzing climate
change related to its financial implications, as undertaken by Leippold [52]. Nevertheless,
the inquiry unveiled an issue of hallucination during an interview with the GPT-3 model.
Further empirical examination of the financial tasks” hallucination behaviors was conducted
by Kang and Liu [78], who evaluated the efficacy of various methods, such as few-shot
learning and the retrieval augmentation generation method, in mitigating hallucination in
LLMs. Their findings underscored the substantial presence of hallucination behaviors in
off-the-shelf LLMs when applied to financial tasks.

Consequently, it is imperative that forthcoming research endeavors prioritize strategies
aimed at circumventing hallucination by GAI models. Roychowdhury [79] delineated
three major stages to design hallucination-minimized LLM-based solutions tailored for
the financial domain’s decision-makers: prototyping, scaling, and LLM evolution using
feedback. These measures ensure that GAI chatbots, autonomous reports, and alerts are
reliable and high-quality, thereby facilitating key decision-making processes.

5.2.2. Ethical and Social Impact

GAI represents a remarkable tool for discerning users, yet it necessitates critical re-
flection on the ethical implications and societal ramifications of its integration into the
financial industry. Rane [28] extensively explored the multifaceted role and challenges
encountered by GAI tools within the intricate realms of finance and accounting, elucidating
both their transformative potential and the hurdles that must be overcome to genuinely
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revolutionize the financial landscape. Similarly, Kalia [80] scrutinized the impact of GAI
on the financial sector, advocating for the establishment of robust privacy frameworks,
stringent enforcement of data protection regulations, and the promotion of responsible and
ethical deployment of these technologies by organizations and policymakers. Sarker [81]
delved into the myriad perspectives on LLMs, highlighting both their potentiality and
associated risk factors, underscored by heightened awareness. Additionally, Krause [82]
deliberated on the potential risks posed by GAI tools in finance and proposed comprehen-
sive mitigation strategies for businesses, emphasizing the importance of employing GAI
tools within closed networks, utilizing secure training data, the implementation of robust
security measures, providing employee training, and monitoring outputs.

Moreover, Remolina [83] emphasized the necessity of context- and sector-specific
debates to effectively address the risks and challenges inherent in GAI deployment. For in-
stance, generating financial advice content entails different societal implications than
generating imagery of a turtle. Lo and Ross [84] focused on three primary challenges
confronting most LLM applications: domain-specific expertise tailored to users” unique
circumstances, adherence to moral and ethical standards, and compliance with regulatory
guidelines and oversight. Lastly, Yusof and Roslan [85] underscored the imperative of
continuous evaluation and adaptation of Al technologies within banking to simultaneously
maximize benefits and mitigate associated risks. Collectively, these perspectives under-
score the intricate interplay between technological advancement, ethical considerations,
and regulatory imperatives within the financial domain, urging stakeholders to navigate
these complexities with foresight and diligence.

5.2.3. Financial Regulation

The emergence of robo-advisors and advanced GAI models such as GPT-4 and Chat-
GPT heralds efficiency gains but also presents distinctive regulatory hurdles. Caspi et al. [86]
delved into the regulatory landscape surrounding financial advice in an era increasingly
shaped by GAL Their study scrutinized the extant legal framework governing investment
advisors and broker-dealers in the United States, while also examining the ascendancy
and impact of robo-advisors and GAI The pivotal role assumed by Al in the provision
of financial advice has necessitated a judicious approach to regulatory strategies. Each
regulatory strategy, whether predicated on disclosure mandates or outright prohibitions,
carries its own array of benefits and potential challenges. A robust regulatory framework
demands more than a cursory understanding; it mandates a comprehensive grasp of these
Al technologies and their ramifications.

5.3. Synthetic Financial Data Generation
5.3.1. Challenges of Generating Synthetic Data

The financial services sector produces an enormous amount of highly intricate and
diverse data. These data are frequently compartmentalized within organizations for several
reasons, such as regulatory compliance and operational requirements. Consequently,
the sharing of data both across various business units and with external entities like the
research community is greatly restricted. Therefore, exploring techniques for creating
synthetic financial datasets that maintain the characteristics of real data while ensuring the
privacy of the involved parties is crucial. Assefa et al. [87] emphasized the growing need
for the financial domain’s effective synthetic data generation and highlighted the following
three areas of focus for the academic community:

®  Realistic synthetic dataset generation;
e  Similarity calculation between real and generated datasets;
¢  Ensuring privacy constraints with the generative process.

While these challenges are also present in other domains, the financial sector’s addi-
tional regulatory and privacy requirements add a layer of complexity. This presents a unique
opportunity to study synthetic data generation within the context of financial services.
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5.3.2. Existing Works by VAE, GAN, and Diffusion Models

From the literature, it is evident that most existing works on financial synthetic data
generation employ GANSs. For instance, Zhang et al. [88] introduced a novel GAN architec-
ture to forecast stock closing prices, utilizing a Long Short-Term Memory (LSTM) network
as the generator. The LSTM generator captures the data distributions of stocks from the
given market data, generating data with similar distributions. Takahashi et al. [89] devel-
oped the FIN-GAN model for financial time-series modeling, which learns the properties
of data and generates realistic time-series data.

Koshiyama et al. [90] proposed using conditional GANs (cGANSs) for trading strat-
egy calibration and aggregation, utilizing the generated samples for ensemble modeling.
Bezzina [91] examined the correlation characteristics of synthetic financial time series data
generated by TimeGAN, demonstrating that TimeGAN preserves the correlation structure
in multi-stock datasets. Ramzan et al. [92] explored GANSs for generating synthetic data,
emphasizing the generation of datasets that mimic the statistical properties of input data
without revealing sensitive information. Vuleti¢ et al. [93] investigated GANs for probabil-
ity forecasting of financial time series, using a novel economics-driven loss function in the
generator. Ljung [94] assessed CTGAN’s ability to generate synthetic data, while He and
Kita [95] employed a hybrid sequential GAN model with three training strategies using
S&P500 data.

In addition to GANSs, VAEs and diffusion models have also been employed for financial
synthetic data generation. Dalmasso et al. [96] introduced PayVAE, a generative model
designed to learn the temporal and relational structure of financial transactions directly
from data. Applied to a real peer-to-peer payment dataset, PayVAE demonstrated its
capability to generate realistic transactions. Huang et al. [97] developed a novel generative
framework called FTS-Diffusion, which consists of three modules designed to model
irregular and scale-invariant patterns in financial time series.

6. Contribution and Future Research Agenda

This research unveils significant theoretical and managerial implications, crucial for
comprehending and harnessing the potential of advanced GAI technologies within the
financial domain. By summarizing key past research themes, the paper elucidates the
evolving landscape of Al technologies and their applications in finance, providing a com-
prehensive synthesis that advances understanding and informs future research directions.

6.1. Theoretical Contribution

Theoretically, this review highlights the transformative potential of LLMs within the
financial domain. Building upon previous research that summarizes LLMs in finance [3], it
emphasizes the need to differentiate between general-purpose and finance-specific LLMs
by categorizing research based on training data and application areas. The review then
synthesizes findings on the performance and capabilities of prominent LLMs, such as GPT-
4 and BloombergGPT, in diverse financial tasks encompassing text analysis, investment
advisory, and decision support. This synthesis establishes a foundational framework
for future research endeavors to explore critical aspects like performance benchmarks,
evaluation criteria, and optimization strategies tailored for LLMs operating in financial
contexts. Additionally, the discussion on LLMs’ reasoning abilities and their application
in financial forecasting and decision making underscores crucial areas for theoretical
exploration. These areas include the development of models capable of generating well-
reasoned financial decisions and the enhancement of LLMs to operate effectively within
low-resource language environments.

Furthermore, the review delves into the significant ethical and risk considerations
surrounding GAI models within the financial sector. Previous research has highlighted the
need to address ethical, risk, and synthetic data considerations of GAI [28]. By critically
examining the phenomenon of hallucination [79], the paper contributes to the theoretical
comprehension of the risks associated with GAIL Additionally, the exploration of ethical
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concerns, encompassing data privacy and responsible Al utilization, lays the groundwork
for the development of robust ethical guidelines and frameworks [2,98]. These frameworks
can serve as a foundation for guiding the deployment of GAI technologies in a manner
that adheres to ethical principles and aligns with societal expectations. This theoretical
foundation is paramount in ensuring that future research and applications of Al in finance
are demonstrably ethical and in accordance with societal norms.

The review further underscores the critical role of synthetic financial data generation
through the utilization of advanced models like GANs, VAEs, and diffusion models.
By synthesizing past research on methodologies for constructing realistic synthetic datasets
while adhering to privacy concerns and regulatory compliance, the paper contributes to the
theoretical underpinnings of synthetic data generation in a financial context. This synthesis
serves as a roadmap for future research endeavors to refine the accuracy, utility, and ethical
considerations associated with synthetic financial data.

6.2. Managerial Implications

This review offers valuable managerial insights into the practical applications of GAI
technologies within the financial sector. By comprehensively summarizing the capabilities
of LLMs across various financial tasks, the paper serves as a practical guide for managers
seeking to leverage these models to optimize operational efficiency and enhance decision-
making processes. The analysis of performance metrics and evaluation criteria for LLMs
equips managers with the tools necessary to develop effective implementation strategies
for integrating these technologies into financial operations [3].

Furthermore, the review emphasizes the critical need to address ethical considerations
and potential risks associated with the deployment of GAI technologies. Financial managers
can benefit from the comprehensive frameworks and risk management strategies outlined
within the review, which provide guidance for the responsible use of Al and the mitigation
of potential legal and reputational risks. This proactive approach ensures the ethical and
responsible implementation of Al technologies, fostering trust and confidence amongst
stakeholders [48].

Finally, the review highlights the practical applications of synthetic financial data gen-
eration, offering managers valuable insights into how these technologies can be leveraged
to enhance decision making and bolster the resilience of financial institutions. By investing
in the generation and utilization of synthetic financial data, managers gain access to robust
datasets that can be employed for financial modeling, stress testing, and scenario analysis,
ultimately leading to improved strategic planning and risk management capabilities [87].

6.3. Future Research Agenda

Our research advocates for a future research agenda that prioritizes the exploration of
a synergistic relationship between three key areas: differentiation and performance, ethical
and risk considerations, and synthetic financial data generation. As depicted in Figure 5,
these domains interact dynamically, where advancements in one area can amplify progress
in the others.
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Differentiation and Performance

- General-purpose vs finance-specific
LLMs

- Performance evaluation

- Optimization strategies

L . . Ethical and Risk Considerations
Synthetic Financial Data Generation

- GANs, VAEs, Diffusion models

- Privacy concerns

- Ethical concerns
- Data privacy
- Responsible Al utilization

- Regulatory compliance . o
- Risk of hallucination

Figure 5. Future research agenda. Source: own processing.

6.3.1. Intertwined Ethics and Performance Optimization

Central to this approach is the integration of ethical considerations within the per-
formance optimization framework for LLMs employed in finance. This entails ensuring
that while LLMs are optimized for financial tasks, the resultant outcomes remain fair,
transparent, and accountable. Ethical considerations encompassing data privacy, respon-
sible utilization of Al, and the potential for model hallucination (generating irrelevant
or misleading outputs) must be embedded within performance evaluation and optimiza-
tion strategies. This ensures that advancements in model performance do not come at
the expense of ethical standards, fostering the development of trustworthy and socially
responsible Al applications in the financial domain.

6.3.2. Synthetic Data: A Boon for Performance Benchmarking

Synthetic financial data have the potential to serve as a valuable tool for evaluating
and benchmarking the performance of LLMs specifically designed for finance, while simul-
taneously safeguarding privacy concerns. By leveraging advanced techniques like GANSs,
VAEs, and diffusion models, researchers can create realistic yet privacy-preserving datasets.
These datasets can facilitate extensive testing and validation of models, guaranteeing that
performance metrics are reliable and reflect real-world scenarios. It is imperative, however,
to address privacy concerns and uphold regulatory compliance during synthetic data
generation to maintain public trust and adhere to legal requirements.

6.3.3. Ethical Considerations in Synthetic Data Generation

A crucial aspect of this research agenda involves addressing the ethical risks associated
with synthetic data generation. Researchers must meticulously consider the ethical implica-
tions and potential risks to ensure responsible use of this data. This entails guaranteeing
that the synthetic data are generated in a manner that does not inadvertently introduce
biases or other ethical concerns. Specific considerations include potential biases in data
generation, the possibility of data misuse, and the need for robust regulatory frameworks
to guide ethical practices. By adhering to these principles, researchers can uphold the
integrity and reliability of the models trained on such data.
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By pursuing research that investigates these interconnected areas, significant contribu-
tions can be made towards the development of robust, ethical, and high-performing LLMs
within the financial sector. This holistic approach fosters a collaborative environment where
advancements in one area bolster developments in the others, ultimately leading to a more
integrated and responsible application of LLMs in the realm of finance. Figure 5 serves as a
visual representation of the proposed future research agenda, highlighting the critical areas
of focus and their interconnections, thereby providing a roadmap for researchers to create
comprehensive and ethically sound financial Al systems.

The future research agenda outlined in Figure 5 emphasizes three pivotal areas of
exploration to advance the relationship between GAI and finance. First, it calls for a
deeper differentiation and performance assessment between general-purpose LLMs and
finance-specific models, stressing the need for rigorous performance evaluation and op-
timization strategies to better align with financial domain requirements. Second, this
paper underscores the significance of synthetic financial data generation through sophis-
ticated generative models such as GANs, VAEs, and diffusion models. This approach is
paramount for mitigating privacy risks and ensuring adherence to regulatory frameworks,
thereby bolstering the trustworthiness and practical utility of GAI in finance. For instance,
a worthy avenue of exploration is the potential impact of generative art Non-Fungible
Tokens (NFTs) on NFT price volatility [99]. Third, it underscores the necessity of ethical and
risk considerations in deploying GAI, particularly regarding data privacy, responsible Al
utilization, and minimizing risks such as hallucination. Together, these focal points provide
a comprehensive roadmap for future research, advocating for a balanced approach that
integrates technical advancement, ethical governance, and domain-specific customization
at the intersection of GAI and finance [98].

7. Conclusions

The integration of GAI into the financial sector is revolutionizing various facets of
financial technology, particularly in areas such as data analysis, predictive modeling,
and synthetic data generation [100]. By harnessing advanced Al techniques, financial
institutions can process voluminous datasets with unprecedented efficiency, uncover pat-
terns and trends that were previously hidden, and generate synthetic datasets that are
crucial for developing robust models without compromising sensitive information. This
review highlights the significant advancements achieved with key generative Al models
like VAEs, GANs, LLMs, and diffusion models [101]. These models have opened new
avenues for predictive analytics, risk assessment, fraud detection, and personalized finan-
cial services. However, while these cutting-edge technologies offer substantial benefits,
there are still considerable challenges that need to be addressed, such as ensuring data
privacy, improving model interpretability, and maintaining regulatory compliance in an
evolving legal landscape. Future research should prioritize enhancing model robustness
to better withstand adversarial attacks and market volatility, increasing transparency to
build trust among stakeholders, and establishing ethical standards to guide the responsible
use of generative Al in finance. This includes developing frameworks for responsible Al
governance, ensuring accountability, and minimizing biases that could lead to unfair out-
comes [102]. By tackling these challenges comprehensively, the financial industry can fully
realize the transformative potential of generative Al, driving innovation while safeguarding
the integrity and fairness of financial systems.
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