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Abstract
Purpose – The purpose of the study is to examine the use of alternative information in bank lending to
small and medium enterprises (SMEs). Understanding alternative information and its use in bank lending to
SMEs is important because it has become a growing part of the future of SME finance. The results and
findings of my study not only enrich the finance literature but, more importantly, also address the use of
Fintech in the risk management of SME lending, a new and complex problem that is specific to both the
information technology and finance field.
Design/methodology/approach – To answer the research question, the author used a case study approach
that relies upon qualitative data and analysis. By iterating between the existing literature, theoretical pieces and
empirical findings, the author explain and interpret in detail how the use of alternative information impacts loan
outcomes and develop insights to guide future research.
Findings – The case is outlined in two time periods including the prepartnership period and the postpartnership
period. It highlights the establishment of a partnership between LoanBank and FintechInc (pseudonym), aimed
at SME-focused Fintech lending. The findings underscore how the partnership has enabled a mutually beneficial
situation where LoanBank and FintechInc leverage each other’s strengths to provide efficient and effective lending
services. The adoption of alternative information in the risk management Fintech (RMF) platform of FintechInc
has transformed LoanBank’s lending processes, showcasing how technological innovations can enhance SME
lending practices.
Originality/value – The study’s originality mainly lies in the three detailed insights regarding alternative
information’s impact on SME lending: information, platform properties and financial inclusion. The
information part demonstrates that RMF platforms expand the information used for lending decisions,
shifting from traditional hard and soft data to incorporating various alternative information sources. The
platform properties part suggests that location, openness and technology also play a pivotal role in shaping
lending outcomes. Finally, the financial inclusion part proposes that the use of alternative information has the
potential to improve financial inclusion and offer better credit terms to previously underserved borrowers.

Keywords Fintech platforms, Risk management, Alternative information, Credit evaluation,
Financial inclusion, Case study

Paper type Case study

1. Introduction
Fintech, as an umbrella term, encompasses innovative financial solutions and business
models enabled by information technology (Puschmann, 2017). It is often used to describe
startups that deliver such solutions andmodels while also including the incumbent financial
services providers like banks and insurers. Even as Fintech disrupts existing financial
industry structures and revolutionizes how existing players create and deliver products and
services, it also creates significant privacy, regulatory and law-enforcement challenges
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(Allen et al., 2018). Examples of innovations that are central to Fintech today include
blockchain, digital trading systems, digital banking and credit, peer-to-peer lending,
crowdfunding andmobile payment systems (Philippon, 2016).

This study focuses on risk management Fintech (RMF) platforms, a key enabler for
digital banking and credit, peer-to-peer lending and crowdfunding. RMF platforms refer to
online platforms that use mobile Internet big data, artificial intelligence technology and/or
professional risk control experience to provide online and offline financial institutions with
intelligent decision-making and system solutions (Allen et al., 2018; Dhar and Stein, 2017).
The application areas of RMF platforms span the complete personal and business financing
life cycle including risk control, risk pricing, quota strategy and asset valuation (Gomber
et al., 2018). In digital banking and credit, for example, RMF platforms can help produce
better risk reporting, enabling bank control functions to adjust prioritization based on
market/customer condition changes and managers to oversee and determine intervention
points (Jung et al., 2018; Puschmann, 2017). RMF platforms have been adopted by both
Fintech lenders and banks in various personal and business products and services. The
present study is interested in its application in bank lending to small and medium
enterprises (SMEs).

SMEs’ access to bank credit – i.e. loan availability and loan price – has become an
ongoing research stream in financial studies (see Alessandrini et al., 2009; Carb�o-Valverde
et al., 2009 for recent reviews). With the rise of Fintech, both practitioners and scholars have
argued that the development of RMF platforms is in part a market response to SME lending
and would, in the long run, help plug the gaps in the supply of bank credit to SMEs (Degryse
et al., 2018; Härle et al., 2015). This is primarily because RMF platforms hold the potential to
change the nature of SME lending from an emphasis on strict ex ante screening and costly
information production and use to frequent ex post monitoring and quick intervention
(Degryse et al., 2018; Jagtiani and Lemieux, 2016). These practical considerations motivated
me to examine the impact of RMF platforms on bank lending to SMEs. In the present study,
I seek to contribute to the existing Fintech literature by focusing on alternative information
and exploring how its use in RMF platforms impacts SMEs’ access to bank credit.

Alternative information in banking generally refers to information that is gathered from
nontraditional information (or data) sources and is not typically included in traditional
credit approval criteria (Liberti and Petersen, 2019). Specifically, traditional information in
banking largely relates to firm and relationship characteristics (Berger and Udell, 1995;
Cassar et al., 2015). For example, information on a business’s financial performance
(revenue, profits and liabilities) and accounting reports (credit scores, trade credit and
accounts receivable) is often used to represent firm characteristics. The number of years that
current owners have owned the business and conducted business with their current bank is
often used to represent the strength of a lender-borrower relationship (i.e. relationship
characteristics). Through a strong lender-borrower relationship, a lender can learn more
about the business (e.g. the quality of management and operations). In contrast, alternative
information may include any structured and unstructured information (or data) that are not
normally used to represent firm and relationship characteristics and in making lending
decisions. Examples of such unstructured information include social media, public records
in texts and founder/owner’s personal data; and examples of structured information include
turnover, shipping and other transaction data. Alternative information, combined with
traditional information (if available), has been increasingly used by lenders, especially
nonbank lenders (financial institutions that do not accept deposits) and Fintech startups, to
compensate for information asymmetries in SME lending, as I will discuss in more detail to
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follow. In this study, I am particularly interested in the use of alternative information in
RMF platforms and exploring its impact on SME lending outcomes.

The paper proceeds as follows. First, I will review related literature on the use of
information technology in SME lending and how it has been impacted by the use of
alternative information in RMF platforms. Then I will detail the data, method and findings
of the case study, followed by an interpretation of how the use of alternative information
impacts SME lending. The interpretation consists of three major insights regarding
information, platform properties and financial inclusion. I conclude the paper by discussing
the implications for the research and practice of RMF platforms. This includes exploring
how RMF platforms use diverse data sources to assess borrower creditworthiness and
facilitate more accurate risk evaluation and lending decisions, identifying critical success
factors such as data quality, analytics and partnerships that enhance RMF platform
efficiency and emphasizing the need for collaboration, regulation and consumer advocacy to
ensure fair lending practices in Fintech.

2. Theoretical background and literature
2.1 Hard and soft information and information technology in small and medium enterprises
lending
Acquiring traditional information about SMEs, most of which are private and not required
to disclose much information, has historically been difficult for lenders (Petersen and Rajan,
1994). SME insiders generally have better information on the firm’s financial performance
and default risk than lenders. As a result, information asymmetries – i.e. one party has more
or better information than the other – tend to be large in SMEs (Saifurrahman and Kassim,
2023; Cassar et al., 2015; Jaffee and Russell, 1976). The resulting information risk has
influenced SME lending decisions (Berger and Udell, 1995, 2006).

To minimize the information asymmetries, lenders have typically relied on decision cues
taking the form of both quantitative (or “hard”) and qualitative (or “soft”) information. Hard
information is quantitative, often recorded as numbers and, therefore, can be thought of as a
numeric index (Liberti and Petersen, 2019). Examples of hard information include income tax,
employment costs and property value. Such hard information does not depend upon the
context under which it was collected and can be collected without the assistance of a human
data collector (Godbillon-Camus and Godlewski, 2005; Liberti and Petersen, 2019). By contrast,
soft information is qualitative, often communicated as text and depends on the context
reference. Examples of soft information include product ideas, management commentary,
senior management’s character, etc. Although soft information can always be hardened into a
numeric index, doing so often results in a loss of information or context. For example, an index
of 6 (from 1 to 10) on how creative an idea is can be interpreted differently by different people or
systems. Because of this, soft information needs to be collected in person and the collector is
also part of the information, especially when the collector is the decision maker (Liberti and
Petersen, 2019). Comparedwith hard information, soft information has higher transaction costs,
being less standardized and difficult to store andmaintain (Frame et al., 2001).

The above examples of decision cues in the forms of hard and soft information have been
combined and traded off by lenders to reduce information asymmetries during SME lending
(Cassar et al., 2015; Saha et al., 2016). The use of these hard and soft information decision cues
and resulting compensation for information asymmetries has helped lenders to receive more
precise signals in terms of SME profile. It thereby helps lenders to distinguish whether an
SME can be qualified as a low-risk borrower.

On the other hand, the diffusion and use of information technology in the financial sector
over the last decades have affected how financial institutions obtain information cues and
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compensate for information asymmetries in lending. From the hard information perspective,
the development and use of information and communications technology has resulted in
increased availability of processed hard information (e.g. financial histories and results from
credit scoring). This allows less personal interaction between the lenders and borrowers
(Mishkin and Strahan, 1999). Hard information can be collected automatically and has
become systematic and reliable, reducing the costs of credit appraisal and monitoring at a
distance (Petersen and Rajan, 2002). This further allows the timely intervention of lenders if
borrower moral hazard is observed.

From the soft information perspective, however, the growing use of information technology
has led to decreasing soft information captured by close personal contact and relationships
with businesses (Berger and Udell, 1995; Mishkin and Strahan, 1999). This is not only because
of the increased availability and advantages of hard information but also because of the
tendency of financial institutions to build business models that depend on automated decisions
rather than decisions made by individuals (Liberti and Petersen, 2019). Even banks whose
loans are more relationship-based, tend to quantify the soft relationship information (Giannetti
et al., 2017; Hoberg and Phillips, 2016). This is especially true for many nonbank lenders who
have involvedmore technologies and fewer people in loan originations andmonitoring.

2.2 Alternative information in risk management Fintech platforms
The rapid emergence of Fintech, RMF platforms in particular, has further increased the
availability and timeliness of hard information. Moreover, and more importantly, it enables the
Fintech companies to better capture and harden soft information. The result is the use of a
broad variety of decision cues, namely, alternative information, by RMF platforms to
compensate for the lack and unavailability of traditional information in personal and business
financing. For example, as one type of alternative information, personal characteristics such as
physical attractiveness have been used by RMF platforms in risk assessment. Duarte et al.
(2012) revealed that borrowers are likely to receive a lower loan price when they are perceived
to be more trustworthy, based on their online pictures. Also, using machine learning and
psychology text-mining techniques, RMF platforms are able to uncover linguistic tip-offs
(e.g. deception and clarity) in the narratives of managers/owners that may inform credit risk.
Herzenstein et al. (2011), for instance, found that the narratives of owners who claim they
themselves are trustworthy increase the probability of receiving a loan.

Furthermore, in the world of big data and social networks, RMF platforms often look for
and use alternative information related to an individual’s social circles to infer
creditworthiness (e.g. Lin et al., 2013; Lu et al., 2012). Lin et al. (2013), for example, found that
the credit quality of one’s friends is an informative signal of the credit quality of oneself. A
lender tends to obtain higher loan returns if the lender is also a friend of the borrower and
endorses the loan (Lin et al., 2013). Some local economic information, such as house price
data (Ramcharan and Crowe, 2013), unemployment rates (Bertsch et al., 2016) and
percentage of minority residents (Agarwal et al., 2017), has also been used as alternative
information in RMF platforms. Table 1 summarizes my discussion thus far and Table 2
further summarizes some other related studies on the use of alternative information in RMF.

Although existing research provides valuable insights into the use of alternative
information in RMF platforms, as discussed above, it tends to focus on one particular type of
alternative information (Table 2) and thereby falls short of explaining how alternative
information has affected personal or business financing. Understanding alternative
information and its use in bank lending to SMEs is important because it has become a
growing part of the future of SME finance (Dhar and Stein, 2017; Owens andWilhelm, 2017).
Drawing on a case study, I seek to answer the following question:
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Table 1.
In relation to
technology:

traditional and
alternative
information

Hard information Soft information

Traditional
information

Examples: Financial and accounting
statements (if available), income tax,
employment costs
In relation to technology: Becomes more
available, timely and useful with the use
of IT

Examples: Product ideas, management
commentary, senior management’s
character
In relation to technology: Depends less on
IT but more on the length and strength of
an existing borrower-lender relationship

Alternative
information

Examples: Local economic information,
physical appearance, number of social media
friends and their credit scores
In relation to technology: Requires the use of
Fintech, RMF platforms in particular, to
capture and process the data

Examples: linguistic tip-offs, online product
reviews, social media texts
In relation to technology: Depends primarily
on the extent to which the information can
be captured and hardened by the use of
Fintech and RMF platforms

Source: Created by the author

Table 2.
Related studies

Study Context Focus Key finding

Ge et al.
(2017)

Online peer-to-
peer lending

The impact of borrowers’
self-disclosed social media
information on their default
probability

Borrowers who have more
substantial social media presence
(e.g. more friends and more
messages posted) are less likely
to default

Lin et al.
(2013)

Online peer-to-
peer lending

The use of online friendships of
borrowers as signals of credit
quality

Friendships increase the
probability of successful funding,
lower interest rates on funded
loans and are associated with
lower ex post default rates

Di Maggio
and Yao
(2021)

Fintech lenders
versus bank
lenders in
consumer lending

Whether or not Fintech lenders
have eased credit access for
borrowers underserved by
traditional banking

Fintech borrowers, versus
individuals borrowing from
banks, earn more, live in higher
income neighborhoods, are on
average younger and more likely
to be professionals

Riggins and
Weber (2017)

Online peer-to-
peer lending

The impact of information
asymmetries and identification
bias in peer-to-peer lending

Distant lenders who do not have
adequate information about local
business and loan conditions
tend to make funding decisions
based on identification biases

Xu and Chau
(2018)

Online peer-to-
peer lending

The use of information from
different sources to reduce
uncertainty caused by information
asymmetries

The quality of the information
disclosed in borrowers’ responses
to lenders’ comments (positive or
negative) on loan applications
affects funding outcomes

Alyakoob
(2020)

Online peer-to-
peer lending

The role of local competition in
driving strategic responses of the
traditional banking markets to the
growth of online peer-to-peer
lending

The number of local lending
institutions (as a proxy for the
local market competition) has a
significant impact on the
prepayment behavior of peer-to-
peer borrowers

Source: Created by the author
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Q1. How does the use of alternative information in RMF platforms influence SME
lending outcomes?

3. Method
To answer my research question, I used a single case study approach. I obtained access to
qualitative data by collaborating with a leading Fintech company, FintechInc (a pseudonym),
in China. FintechInc’s RMF platform covers the loan life cycle including prequalification and
application, underwriting analysis, monitoring and collections. In September 2018, FintechInc
received the “Best Innovative Award for Risk Management in Retail Banking” from the China
Retail Banking Innovation International Summit. FintechInc does not originate and fund
loans itself but partners with LoanBank, a pseudonym, to provide algorithm-based systems
and solutions. LoanBank is a joint-stock commercial bank that serves its customers through a
branch/subbranch network across the major cities in China. Such a partnership between
traditional banks and external Fintech companies has become a new business model of
SME-focused Fintech lending (Owens andWilhelm, 2017).

3.1 Data collection and analysis
I conducted both face-to-face and computer-mediated interviews from August 2020 to
February 2022 with the product managers of FintechInc (see Appendix 1 for details). The
project managers were in charge of the development of the risk management platform for
LoanBank and were willing to participate in the interviews. Apart from the interview data,
I collected data from other sources including internal documents of the lending processes of
LoanBank, training and project documents of FintechInc and external news and blogs of
both LoanBank and FintechInc. Many training documents and articles on FintechInc’s risk
management technology and products were also available on the company’s website for the
public to access and download. Table 3 further details the data I have collected and analyzed
in this study.

My qualitative data analyses involved a process of three stages. First, I conducted open
coding by reading the text files transcribed from the interview recordings and selecting open
codes that relate to the use of alternative information in FintechInc’s RMF platforms and its
impact on the loan processes of LoanBank. A total of 87 open codes emerged and I grouped
similar codes into categories between which I sought to create initial relationships. Based on

Table 3.
Data collection

Interviews Internal documents External press

Description Face-to-face (December 2020 to
January 2021): 4 (about 1–3 h
each)
Mediated on WeChat [3]
(August 2020 to February
2022): 9 (about 30–60 min each)

Business lending processes of
LoanBank: 1
Internal credit ratings of LoanBank: 1
Training documents/articles on
FintechInc’s risk management technology
and products: 31
Project documents of FintechInc: 2

News of
LoanBank: 2
News and blogs
of FintechInc: 7

Total data
items

13 (Qualitative) 35 (Qualitative and quantitative) 9 (Qualitative)

Reliance on
evidence

High Medium Low

Source: Created by the author
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my research question and these open coding categories, I then used selective coding to
form higher-level selective codes. These selective codes include credit ratings (LoanBank),
loan availability (LoanBank), loan price (LoanBank), data and information (FintechInc
and LoanBank), openness and collaboration (FintechInc and LoanBank), data modeling and
technology (FintechInc), risk ratings (FintechInc), relationship (SMEs and LoanBank) and
firm characteristics (SMEs). After iterating between these selective codes and the literature
and theoretical background, I further developed theoretical categories (i.e. theoretical coding)
including information, platform properties and financial inclusion. These theoretical
categories then served as guidance to help me code and analyze the case further (Urquhart,
2012). Figure 1 presents examples to help demonstrate the qualitative data analysis process.

4. Findings
In December 2017, LoanBank and FintechInc established a partnership for SME-focused
Fintech lending. Through the partnership, LoanBank’s loan officers can perform their
own deliberation and discussion using the risk evaluation results provided by FintechInc’s
RMF platforms and then make loan disbursement decisions and determine the loan price
within a very short period of time. As the manager of standardized risk control explains:
“They [LoanBank] want to make a decision within 7 working days for applications with a
loan amount of less than 10 million [Yuan].” FintechInc, on the other hand, can avoid
the cumbersome and bureaucratic procedure for obtaining a lending license by having
LoanBank originate the loans. Such a partnership provides SMEs with convenient and fast
financial services while improving efficiency and reducing the lending cost of LoanBank.
The quote below from FintechInc’s product manager of customized risk control further
explains such win-win situations:

The benefit of working with them is that we can leverage each other’s strengths and resources. We
possess the right mix of innovativeness, agility and scalability and their dominant resource is years
of customer experience and data. So together we can provide customers with convenient and
effective services at a lower cost.

To understand how the use of alternative information in RMF platforms impacts
SME lending and helps achieve these outcomes, the case findings below describe how the

Figure 1.
Data analysis

example

• “We use the GBDT [Gradient Boosting Decision Tree]
algorithm. This algorithm is better than the traditional
simple regression algorithm and can be used for big data
and non-linear data processing. It is more accurate and
easier to interpret the results.”

Technology

Open Codes

Platform
Properties

Selective
Codes

Theoretical
Categories

• “The benefit of working with them is that we can
leverage each other's strengths and resources. We
possess the right mix of innovativeness, agility and
scalability and their dominant resource is years of
customer experience and data. So together we can
provide customers with convenient and effective services
at a lower cost.”

Openness

Source: Created by the author
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information is produced and used for evaluating risk and making decisions before and after
the partnership.

4.1 Prepartnership period
During the second half of 2002, LoanBank began implementing the reform aimed to
augment their competitiveness in the day of imminent foreign competition (as China joined
the World Trade Organization in December 2001). Decentralization was one of the central
themes of this reform. Compared to the old regime where each step of the lending process
(e.g. investigation, verification, approval and monitoring) was conducted by a group of
people, decentralization imposed greater responsibilities on individual loan officers. They
must review and sign off on documents produced at each lending step and can be held liable
for bad loans resulting from reckless and inaccurate internal ratings.

LoanBank’s internal credit rating was the subjective rating of an SME by the branches/
subbranches’ loan officers. It ranged from one to eight with one representing the lowest
credit quality and eight representing the highest credit quality. LoanBank’s internal rating
process was based on the soft and hard information of the SMEs collected by the loan
officers. This information was mainly traditional and reflected the past and recent
performance of the SMEs including revenue, profitability and forecasted earnings growth
(if available). As the product manager of end-to-end online credit explains:

Every company needs to fill out a loan application form to explain their financial performance and
status for at least one year prior to the loan application. They also need to sign a power of
attorney agreeing to access their credit history and information.

For those SMEs who had acquired loans before, loan officers also evaluated their repayment
records. Some traditional soft/hard information was not publicly available and verifiable.
Loan officers therefore often needed to talk with the owners, partners, customers and
guarantors (if any) of the SMEs to proceed with the rating. The product manager also
explains that: “There must be personal interest in this, so the score cannot be completely
objective. Yet they have to sign the final report, accountable for bad loans.”

Because these internal credit scores were assigned by the loan officers based on their
own loan assessment using primarily traditional information, the resulting credit ratings of
SMEs were largely associated with the firm and relationship characteristics such as
revenue, profit, debt and the length/strength of an existing SME–LoanBank relationship. As
the product manager of custom modeling explains: “We have modeled their previous loan
data, and a large part of their credit ratings should be related to the company’s financial
performance and historical application records.”

4.2 Postpartnership period
Partnering with FintechInc enables LoanBank to outsource the work of loan investigation,
verification and monitoring to FintechInc and only focus on making loan decisions and
taking actions accordingly. The use of FintechInc’s RMF platform helps LoanBank improve
its efficiency while also reducing the costs of making SME loans. The key modules of this
customized platform are the enterprise risk model (ERM) and operation monitoring model
(OMM). Both models are developed for SME lending and are able to conduct credit analysis
and business profiling for risk management. They retrieve data from a data mart that
gathers data from three sources: real-time data, internal data aggregators and external data
vendors. The product manager of customized risk control explains the function of the data
mart:
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Real-time data is information about the status of operations of the business. The operation
monitoring module on the platform uses this information to monitor before and after the loan. The
data accumulated on the platform is mainly managed by our internal data aggregators and
database. For example, some people and companies have generated information and records on
multiple platforms and products, and the results will be centralized to our internal database for
modeling and analysis. We also have a large amount of external data from our data vendors such
as Alibaba’s various B2C, B2B trading platforms. These data include historical credit records,
customer reviews and transaction details.

While relying on the same data mart, ERM and OMM retrieve different types of data for
different purposes. ERM is focused on initial credit quality evaluation for new customer
screening. It mainly uses the credit information of the business from internal data aggregators
and/or external data vendors. This credit information consists of traditional information such as
financial statements and relationships with the lenders. It also includes various alternative
information such as the Chinese government’s data on registered businesses, owners/managers’
experience, major business address changes, tax-related issues and news/social media reports;
see Appendix 2 for a detailed list of the alternative information. As the product manager of
custommodeling further explains:

This enterprise risk module will also link personal credit to the enterprise. Once changes are
found, the variable parameters of the model are automatically adjusted. We use the GBDT
[Gradient Boosting Decision Tree] algorithm. This algorithm is better than the traditional simple
regression algorithm and can be used for big data and non-linear data processing. It is more
accurate and easier to interpret the results.

Compared to ERM, OMM is mainly used for preloan and postloan monitoring of business
operating conditions and relies more on real-time data. During the loan monitoring, for
example, OMM would monitor and analyze location-based service data generated by the
mobile devices within the location of an SME. If the SME is in the restaurant or retail
industry, for instance, the historical changes in the number of mobile devices should reflect
the historical trends of the location’s passenger traffic and hence be a good informative
signal of the operating conditions of the SME. Also, OMMwould upgrade or downgrade the
operating condition of an SME if the real-time data and/or data from external partners’
platforms indicate significant changes in sales activities and payment records.

As the output of the model, both ERM and OMMgenerate a standardized risk rating for each
SME. Each rating ranges from one to four representing low, average, above average and high
risk, respectively. Additionally, the platformwill consolidate a Corporate Panorama Report (CPR)
for each SME. The CPR not only highlights the risk ratings that illustrate the overall risk profile
of an SME but also summarizes the information analyzed by FintechInc over a specific time
frame. Appendix 2 also presents a CPR template as an example to highlight the various types of
alternative information used by the platform. This CPR is then used by LoanBank’s loan officers
and branch presidents for loan approval and terms. The product manager of standardized risk
control highlights the impact of the use of alternative information on credit ratings:

Both modules will score companies with their own data. Our modeling process is not comparable
to their [LoanBank] manual scoring. They only use traditional customer data. We use more data
for real-time processing. The results are very fast and objective. But their customer data is still
very useful to us.

5. Discussion
The purpose of the present study is to understand how the use of alternative information in
RMF platforms impacts SME lending outcomes. By iterating between existing literature,
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theoretical pieces and my empirical findings, I developed Figure 2. It summarizes three
insights regarding alternative information’s impact on SME lending: information, platform
properties and financial inclusion. Below I discuss each of these in detail.

5.1 Information
I first suggest that at the heart of RMF platforms’ impact on SME lending is what and how
information is used for decision-making. My study shows that when risk assessment is
conducted by loan officers, the resulting credit ratings largely depend on the traditional hard
and soft information such as distance and firm and relationship characteristics that are
accessible to them. Yet this type of information becomes less relevant to the credit risk and
is given relatively less weight in making lending decisions when the RMF platform is used.
This is because a large variety and amount of alternative information is added to the risk
assessment process to compensate for the lack of traditional information. It is clear that
under RMF platforms, the information upon which lenders make decisions has expanded.

Nevertheless, as an explorative case study, I am unable to examine further the
differential role of alternative information in SME-focused Fintech lending by categorizing
them into different types. In other words, what is still unclear is how much predictive value
each type of alternative information will add to credit evaluation. Does traditional
information still outperform alternative information in risk assessment? Are traditional
information and alternative information overall complements or substitutes? Although the
use of alternative information would help RMF platforms paint a more accurate and fuller
picture of a borrower’s creditworthiness, how and to what extent traditional information and
alternative information should be combined for better credit and loan decisions deserves
future research.

Moreover, as noted earlier, RMF platforms tend to be developed on the concept of
hardening soft information. FintechInc is no exception. Although the information was
expanded resulting from the use of alternative information, all the soft information had to be
quantified. FintechInc’s RMF platform needs and is able to condense various types of texts
(e.g. social media, opinion columns and news stories) into numerical indexes for risk
profiling. I suggest that such hardening of soft information would impact loan outcomes. On
the one hand, it would lead to a loss of context information, as discussed earlier. On the other
hand, borrowers and market participants may manipulate the inputs of a platform that is
based purely on hard information in their own interest (Diamond et al., 2018). How to restrict
such behavior and deal with the challenges raised by hardening soft information, therefore
deserves future research as well.

Figure 2.
How alternative
information and RMF
platform impact SME
lending

Properties
• Location

Financial Inclusion
• Loan Availability
• Loan Price

Impact

Hard Information

Alternative Information

Soft Information

Traditional Information

Expand Expand

Hardened

• Openness

• Technology

Impact

Information

Risk Management Fintech Platform

Source: Created by the author
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5.2 Platform properties
Although the use of alternative information would play a critical role in determining loan
outcomes, I suggest they also hinge on platform properties, including location, openness and
technology. Location is important to consider because different regions and countries have
different levels of Fintech development, regulations and cultures. Taking China in this study
as an example, it not only enjoyed the late-mover advantage but also has better-integrated
growth of technology, finance and real-life needs. A strong trial-and-effort culture in China
has also facilitated aggressive investments in Fintech innovations (Ngai et al., 2016).
The result is that Fintech development and implementations in China occur much faster
than in many developed countries such as the UK and the USA (Chen, 2016). This would
enable multiple Fintech companies to work together for data and platform sharing,
expanding the information upon which lenders could conduct risk assessments and make
loan decisions [1].

Openness relates to who has access to the proprietary information developed and/or
acquired by Fintech companies. It may run on a spectrum from limited access only to
Fintech companies themselves to fully open to all business partners. In this study, the
partnership between FintechInc and LoanBank allows the platform model results to be
shared between the two parties. This high trust and relationship would allow LoanBank to
leverage FintechInc’s platform to process SME loans efficiently and effectively. Apart from
a partnership, banks can obtain access to RMF platforms and information in other ways,
such as making equity investments in or licensing/buying technology from the Fintech
companies (Navaretti et al., 2017). These different business models often lead to different
levels of access to platform information and models and as a result, would have different
effects on lending outcomes (see Jagtiani and Lemieux, 2016; Rudegeair et al., 2015).

Technology in RMF platforms refers to various machine learning algorithms and models
that both capture and generate vast amounts of information for decision-making.
FintechInc’s RMF platform, for example, uses various in-house developed risk evaluation
and control models/algorithms that are based on big data intelligence. While FintechInc
used GBDT in its platform models, Fintech companies have used other machine learning
algorithms including deep neural networks and k-nearest neighbors (Parrish and Fishman,
2018). There is no one approach and algorithm that fits all and oftentimes balance or
trade-off is made to choose the right algorithm (Harlalka, 2018). Even with an appropriate
algorithm, differences in the quantity and quality of training data and model parameters
and variables would result in models with different levels of accuracy, discrimination
(or bias), stability and timeliness, influencing the outcomes of risk evaluation.

Overall, unlike traditional technologies (for risk management), RMF platforms are able to
access data sources and information that are not available to or not used by traditional
lenders in their credit measures and decision-making process. Such alternative information
includes a large variety of structured and unstructured data. RMF platforms can acquire
access to this alternative information through either internally developed data aggregators
or partnering with external data vendors. Although the various forms of partnership/
business models and applications of artificial intelligence (e.g. machine learning) enable the
use of new types of alternative information for better financial and other sensitive decisions,
it also raises significant concerns not only for costs but also for privacy, security and
discrimination (see Miller et al., 2018; Parrish and Fishman, 2018). Therefore, I suggest that
an important topic for future research is to examine a parsimonious set of alternative
information types that can help Fintech lenders to simultaneously evaluate credit risk and
thereby provide convenient online services while also minimizing the cost and compliance
concerns.
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5.3 Financial inclusion
Finally, I suggest that the use of alternative information in RMF platforms would not only
impact loan outcomes but also consequently improve financial inclusion by eliminating
constraints for inclusive finance such as distance. Financial inclusion (or inclusive finance)
refers to efforts to make financial products and services available and affordable to all
individuals and businesses (Grant and Kagan, 2019; Sapre, 2023). Distance to financial
services has long been a constraint for inclusive finance in many developing countries (e.g.
Akudugu, 2013; Demirguc-Kunt and Klapper, 2012). Individuals and businesses in remote
and economically backward areas (with few local financial institutions) are often less likely
to obtain credit because geographical distance affects lending decisions (Agarwal and
Hauswald, 2010; Degryse and Ongena, 2005; Petersen and Rajan, 2002).

My study indicates that distance may become less predictive of loan outcomes when
alternative information is used. Moreover, I suggest that risk ratings generated by the RMF
platform could have a tighter relationship with the loan terms (loan price and availability)
than those created by the loan officers. These indicate that if RMF platforms are superior to
traditional technology (or loan officers) in risk profiling and thereby in identifying the
“invisible” prime borrowers, these borrowers will receive better loan terms. In other words,
RMF platforms and the use of various alternative information could potentially improve
financial inclusion by allowing those borrowers at a distance to receive better credit ratings
and lower-priced credit. Future research might further examine the impact of using
alternative information on removing constraints (e.g. lack of credit history) on entry into the
formal financial sector for rural SMEs and individuals.

6. Implications and conclusion
SMEs’ access to bank credit has been an important topic in the literature. Although studies
have shown that information asymmetries increase information risk and thereby influence
SME lending decisions, scholars believe that the rapid emergence of Fintech would mitigate
the information frictions in SME lending by expanding the information used in risk
management. This study takes the first step in this direction by investigating how the use of
alternative information in RMF platforms affects SME lending outcomes. Accordingly, my
study and findings hold several implications for the research and practice of RMF platforms.

First, this study helps advance understanding of the specific impact of RMF platforms
on SME lending outcomes. It shows how RMF platforms can leverage alternative data
sources, such as online transaction history, social media activity and/or nontraditional credit
scores, to assess the creditworthiness of borrowers. By incorporating these alternative
data points, RMF platforms can provide a more comprehensive view of borrowers’ financial
profiles, enabling more accurate risk assessment and lending decisions. In other words,
the present study helps researchers and practitioners gain a deeper understanding of one
mechanism, i.e. alternative information utilization (Jagtiani and Lemieux, 2019), through
which RMF platforms would influence the lending landscape [2].

Second, this study helps identify key success factors for RMF platforms in the context of
SME lending and sheds light on how the factors contribute to the effectiveness and efficiency
of RMF platforms. My findings indicate that these factors may include data quality and
availability, advanced analytics and machine learning capabilities and partnerships and
ecosystem integration. For example, by using advanced technologies, such as artificial
intelligence and machine learning algorithms, to automate and streamline the lending
process, RMF platforms can expedite the lending process and provide faster access to funds
for borrowers. Also, collaborations and partnerships with other Fintech firms, financial
institutions and data providers can enhance the effectiveness of RMF platforms. My study
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supports the view that there would be strong complementarities between Fintech companies
and banks (Navaretti et al., 2017). By partnering with small and community banks, for
example, Fintech companies can focus on developing innovative business models and
platforms while having banks originate the loans. Doing so would help Fintech companies
and platforms become more profitable, less tangible and immune from the regulations to be
applied to institutions that are making loans (Jagtiani and Lemieux, 2016).

Third, this study helps uncover challenges and limitations associated with using
alternative information and RMF platforms. My findings highlight some potential pitfalls
and ethical concerns that may arise when incorporating alternative data sources into
lending practices. For example, although the use of alternative information would help
eliminate constraints for inclusive finance, the reliance on alternative data sources and
digital platforms may also exacerbate the digital divide and exclude certain individuals or
communities without access to digital technologies and/or reliable internet connectivity
(Alkureishi et al., 2021). Also, complex algorithms and machine learning models can make
the decision-making process less transparent and difficult for borrowers to understand. And
lack of transparency can undermine trust and raise concerns about the fairness and
accountability of lending practices (Lepri et al., 2018). Ongoing industry collaboration,
regulatory oversight and consumer advocacy are therefore needed to mitigate these pitfalls
and concerns and promote fair and ethical lending practices in the Fintech space
(Anagnostopoulos, 2018).

Fourth, this study helps stimulate further research in the field of RMF platforms by
raising new questions and areas of investigation. These ideas and opportunities for
future studies, as discussed earlier, would inspire researchers to delve deeper into
specific aspects of alternative information usage, risk management techniques and
regulatory implications. The corresponding results and findings would help offer
guidance on the types of alternative information that are most valuable in assessing
borrower creditworthiness, inform the development of algorithms and models used in
risk assessment and enhance the performance and effectiveness of RMF platforms in
supporting lending activities.

To conclude, this study provides valuable insights into how the use of alternative
information in RMF platforms impacts SME lending. Although Fintech companies and
platforms bring competition to the financial sector, my findings indicate that such
competition would also lead to partnerships that can enhance efficiency and strengthen
resilient incumbents. It is my hope that scholars will look beyond their own disciplines and
use interdisciplinary ideas, theories and methods to study the issues brought by various
Fintech innovations.

Notes

1. As a large amount and variety of alternative information has been used by Fintech
companies in China, there is increasing interest in developing a Unified Fintech Regulatory
System (an initiative by National Internet Finance Association of China) for data and
information privacy.

2. Although the primary focus of this study is on the use of alternative information in SME lending,
my literature review indicates that my insights should apply to individual lending as well. The
difference lies primarily in the specific types of alternative information used to assess risk and
make decisions.

3. WeChat is a Chinese multi-purpose messaging and social media application developed by
Tencent for both personal and business uses.
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Appendix 1. Interview guide for December 2020 and January 2021 interviews

Date: Name:

Job Title:

Questions
Please describe your job title and responsibilities.

Could you briefly describe the development of the partnership between FintechInc and LoanBank?

Do you know the criteria and process LoanBank's loan officers used to assess SME credit ratings before the 

partnership with FintechInc, particularly focusing on the information sources and evaluation methods used? If 

so, could you help describe them?

Could you briefly describe how FintechInc customized its RMF platform for LoanBank?

Could you explain the key modules (ERM and OMM) within FintechInc’s RMF platform, their functions, and 

how they contribute to LoanBank’s improved efficiency and reduced lending costs?

What specific data sources and types are retrieved by the ERM and OMM modules, and how do they differ in 

their approach to evaluating credit quality and monitoring business operating conditions for SMEs?

How do ERM and OMM generate standardized risk ratings for SMEs, and how is this information utilized by 

LoanBank’s loan officers and branch presidents in loan approval and terms determination?

How does the partnership between LoanBank and FintechInc change the roles and responsibilities of 

LoanBank's loan officers in the lending process, particularly in terms of investigation, verification, and 

monitoring?

Follow-up Question
Can you elaborate on how the ERM model links personal credit to the enterprise and how changes in these 

variables affect the risk assessment using the GBDT algorithm?

Source: Created by the author
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Appendix 2. CPR template with alternative information

Business Name

Corporate Panorama Report

*Report generation time

*The content of this report is an overview of the business’s risk profile as of the generation time

*The content of this report is all based on the results obtained from the integration and calculation of

FintechInc’s data and information, and only provides a reference for your decisions

Business description

Logo

Website

About

Business risk assessment

Enterprise Risk

2: Average

Operation Risk

3: Above Average

Business registration information

Name

Legal representative

English Name

Registration status

Unified social credit code

Organization Code

Registered capital

Date of establishment

Approval date

Industry

Type of enterprise

Registered location

Registration authority

Contact

Business Scope

(continued)
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Coordinate address City

Standard address District

Address level Township

Street direction Street

Street distance Shopping district

Shareholders and funding information

Name Type Amount Ratio Date

Historical exit shareholder

Name Entry date Exit date Duration

Key management personnel

Board member

Board of supervisors

Upper manager

Business change information

Change item Pre-change Post-change Change date

Chattel mortgage information

Liquidation information

Legal assistance history

Administrative penalties history

Abnormal operations

Serious violations of law

Corporate foreign investments

Company name Amount Ratio Date

Branch office

Name Province Registration status Date of establishment

External investments of legal representatives

Company name Amount Ratio Date

Founder/owner

Location

Actual address Province

(continued)
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Company name Position
Company’s legal 

representative
Registration status Date

External investments of upper managers

Manager name Company name Amount Ratio Date

External appointments of upper managers

Manager 

name
Company name Position

Company’s legal 

representative

Registration 

status
Date

Projects

Honor

Patent

Trademark

Copyright

Trade product information

U.S. trading partner

Customs credit rating

Customs administrative penalty information

Court Referee

Credit China Trustworthy Red list

Credit China Trustworthy Blacklist

News lyrics

External appointments of legal representatives

Source: FintechInc CPR Template
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