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In summary

Small and medium-sized enterprises
(SMEs) contribute significantly to global
economies, in both advanced and
emerging markets. For instance, in the
European Union (EU), SMEs represent
99% of all businesses, employ two
thirds of the work force and account
for more than half of the region’s GDP.
These numbers can be even higher in
emerging markets.

In addition to these impressive num-
bers, SMEs, as they are generally run
by entrepreneurs, contribute  signifi-
cantly to innovation and shaping future

economies. They are present in all
industries where barriers to entry can
be relatively low and do not require a
large group of people at the beginning.
Recently, the SMEs that have drawn
the most attention are Fintech firms.

Historically, SMEs face significantly
more difficulties in obtaining bank loans
when compared with their larger coun-
terparts. They have to rely more on
internal funding or funding from family
and friends. This is because (1) SMEs
generally possess higher default risk
than individuals or large corporates due

SMEs account for the vast majority of
business establishments globally, and
most of them seek loans from banks for
business development. They represent
a unique segment in the lending mar-
ket, as they require very different ser-
vices from retail customers or large cor-
porations. For instance, an SME may
not have a large finance team to provide
comprehensive financial records and
business data for banks to make credit
decisions. It may not have the time or
the resources to go through a long loan

application process. As a result, they
have become a tough nut to crack and
therefore a somewhat underserved
segment.

However, in an era of technology ena-
blement and financial inclusion, things
are changing fast. With technology that
enables fast customer onboarding and
screening and the availability of alter-
native data for risk assessment and
monitoring, SMEs are coming into the
spotlight.

to their higher failure rate and (2) there is
generally a lack of quality data for banks
to assess the creditworthiness of SMEs
to support their lending decisions.

However, thanks to Fintechs and gov-
ernment support, the availability of both
higher quality traditional data and alter-
native data is now growing. Banks are
therefore reconsidering SME lending. In
this paper, we will focus on discussing
SME credit scoring, as a critical tool for
SME lending.

Key trends in SME lending market

We have observed five key trends in
the SME lending market, including
changing SME business models, faster
banking processes, greater regula-
tory support on Fintech adoption, ris-
ing competition from newcomers and
growing service offerings.

Banking Transformation




Key trends in SME lending market [...]

Figure 1 Key trends in SME lending market

Alternative lending
providers such as tech
giants are entering the

battlefield

SMEs are looking for
faster and more efficient
loan application processes

Rising competition

Changing SME
business models

Introduction of new
business models
(i.e. asset-light, online-
based) makes it difficult
for banks to assess the
credit quality from a
traditional perspective

Source: Accuracy

Changing SME business models

SMEs across various industries are
being forced to alter their business
models drastically in order to stay in
business. As technology adoption and
digitisation have become global trends,
there is no exception for SMEs. The
development of new business models
(.e. asset-light, online-based) makes it
difficult for banks to assess their credit
quality from a traditional perspective.

Faster banking processes

With the help of technology and alterna-
tive data, Fintechs and some traditional
banks are now able to process SME
loan applications much more quickly.
For instance, Liberis, a UK Fintech that
provides finance for small businesses,
can interface with a company’s bank
account and dashboards to enable
access to instant funding, which may
be retrieved in a matter of minutes for
SMEs that need it.

Banking Transformation

from newcomers

Regulatory support
on FinTech

Regulatory framework
is increasingly open to
innovation in the SME
lending field via a sandbox
approach

Regulatory support on Fintech

Financial technologies have driven
global innovation in financial services.
At the same time, they are altering the
nature of commerce and end-user
expectations for financial services.
Regulatory bodies are increasingly
open to innovations and supportive of
the adoption of Fintech solutions. As
such, we have seen a number of Fin-
tech companies specifically targeting
SME finance in the past few years.

Rising competition from newcomers

Alternative lending providers such as
tech giants are entering the battlefield.
Big players like Google, Amazon and
Tencent, as well as their more regional
counterparts, have been putting pres-
sure on banks for some time. There is
a good probability that this pressure will
increase as Techfins increasingly use
their potent consumer franchises and
advanced digital capabilities to outbid

Increase
in service offerings

SMEs are looking for
a suite of services
(i.e. invoice, corporate
credit card, payroll
management) to have
a one-stop experience

banks, especially in SME lending. Com-
petition in the field will be increasingly
intense.

Increase in service offerings

The SME banking sector has trans-
formed as a result of changes brought
by Fintechs, Techfins, government and
regulatory support, and challenger
banks. SME clients now have more
options than ever to obtain access to
financing. Banks must modify their SME
offerings to compete in an environment
where SMEs are looking for a suite of
services (e.g. invoicing, corporate credit
cards, payroll management) and one-
stop-shop experiences.



To tap into and expand their business
in SME lending, banks needs a series
of tools, ranging from fast customer
onboarding platforms to accurate risk
assessment and monitoring tools. In
this whitepaper, we dedicate our dis-
cussion to the use of credit scoring
for risk assessment and customer
acquisition,

Credit scoring is a statistical method
for determining a borrower's credit-
worthiness by combining a number
of risk factors into a single score. We
have observed several trends in SME
credit scoring: (1) the use of alternative
data and the adoption of data sharing
platforms; (2) the adoption of advanced
analytic solutions; and (3) the stream-
lining and automation of credit approval
processes.

Trending themes in SME credit scoring

Figure 2  Key trends in SME credit scoring
Alternative Advanced Process
data and analytic streamlining
data sharing solutions & automation

Source: Accuracy

Alternative data and data sharing
platforms

Traditionally, banks use a limited set
of data to perform credit decisioning.
These can be grouped into financial
variables and non-financial variables.
In recent years, the banking industry
has seen arise in the use of alternative
data, which adds value throughout the
customer banking lifecycle, particularly
during the credit evaluation process. As
the value of alternative data has gradu-
ally attracted more attention from banks
and regulators, so has the concept of
Open Banking and data sharing plat-
forms. For example, the Commercial
Data Interchange platform of the Hong
Kong Monetary Authority (HKMA) aims
to connect numerous SME data own-
ers and providers with financial institu-
tions for easier, faster and better credit
assessment.

Figure 3  Types of credit scoring data
Alternative — multiple types
e Transactional
¢ Non-transactional
Alternative
data
Traditional — Traditional Traditional Traditional —
financial data data non-financial

e |iquidity ratio e Company profile

e | everage ratio e Conduct of

e Coverage ratio account
e Efficiency ratio ® Quality of t
managemen

e Profitability ratio
e Growth ratio

Source: Accuracy
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Trending themes in SME credit scoring [...]

Alternative data

Up until now, the majority of banks still
assess potential borrowers’ creditwor-
thiness using traditional credit data
and methods. However, traditional
data only captures the tip of the ice-
berg when it comes to the borrower's

Figure 4

information. The use of alternative data
presents two attractive opportunities
for banks. Firstly, alternative data help
banks enhance model performance.
Secondly, they help banks to expand
the total addressable market (TAM) as
the data make sound credit assess-
ments possible. Meanwhile, the growth

Alternative data providers and sources

E-commerce players and tech giants’ data

Leading e-commerce players and tech giants
are making use of various types of alternative
data generated and collected on their platforms
or their ecosystem. These players partner with
banks to provide loans and other financial
services available to millions of SME clients

Mobile data

Small mobile loans are made available via
mobile-data based lending models leveraging
mobile calling habits, mobile transactions, mobile
e-money use, and mobile e-money-related
savings history.

Source: Accuracy

Data Sharing and Open Data

Governments and industries across
the world are promoting the concept of
open data and data sharing. The idea
is to facilitate data transmission among
various stakeholders to enhance over-
all efficiency. In some cases, banks are
being urged to exchange customer data
in @ machine-readable format so that
customers can access and securely
transmit their banking information to
reliable parties. This makes it easier for
borrowers, especially SMEs, to switch
financial service providers seamlessly,
increasing availability of funding sources
and opportunities.

Banking Transformation
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One recent example of the use of alter-
native data in SME financing is the
launch of the Commercial Data Inter-
change (CDI), a core pillar of HKMA's
‘Fintech 2025" strategy. The HKMA
officially launched the CDI in October
2022, with a proof-of-concept study
dating back to November 2020. During
the pilot launch phase, the CDI facili-
tated over HKD 1.6 billion of SME loans
or 800+ loan cases. This initiative aimed
to enable more efficient financial inter-
mediation in the banking system and to
facilitate the innovative use of commer-
cial data to enhance financial services.

The CDI connects five types of stake-
holder, namely, data owners (i.e. SMEs),

in computational power has effectively
lifted the barrier of collecting and pro-
cessing big data.

Alternative data are generated every-
where in the digital footprint of a com-
pany. The following figure describes
typical examples of alternative data.

Supply chain data

Enormous amounts of supply chain data,
including purchase orders, invoices, receivables,
other claims, as well as related pre-shipment and
post-shipment activities are increasingly used in
credit decision.

Other providers

Banks are actively embracing data and are

trying to obtain alternative data from various
data providers. These data help paint the picture
of the SME, spanning from social media activities
to utility bills.

data consumers (ie. financial insti-
tutions), analytics service providers,
solutions providers and data providers
(.e. commercial entities that collect the
digital footprint of data owners). With the
CDl, each bank and data provider has
connections to the platform, making it
simple for them to link their systems to
the infrastructure for data access. This
allows SMEs to share their digital foot-
prints with their banks. The data help
banks in a number of ways, including
KYC, credit underwriting, product devel-
opment, customer acquisition and credit
monitoring. As we have highlighted,
the use of alternative data is especially
important for credit decisioning.



Figure 55 HKMA CDl initiative

Diversified sources

Government E-commerce
platforms

»

Cross-border

Supply chain Payment gateways
Supply chain Payment gateways

Source: HKMA CDI, Accuracy

Hong Kong is not alone. The Data
Governance Act, as approved by the
Furopean Parliament in April 2022 and
applicable from September 2023, aims
o increase data sharing in the EU so
that businesses and start-ups can
access more data. The regulations will
allow greater use of data gathered in
various public sector domains. They
also enable the construction of shared
European data platforms in various
fields, including finance.

Additionally, policymakers in India,
Japan, Singapore and South Korea

Note

Data sharing platform

Commercial
Data Interchange

are proposing a number of initiatives to
encourage and accelerate the adoption
of data sharing frameworks in the bank-
ing industry. For instance, the Monetary
Authority of Singapore and the Asso-
clation of Banks in Singapore have
released an APl playbook to promote
data interchange and communication
between banks and Fintechs.

Advanced analytics solutions
Banks are searching for better credit

scoring techniques to improve the
predictive power of their models. For

Widespread application

Credit scoring
& underwriting

Know your customer
(KYCO)

=
OX
-

Product development

Business intelligence

Segmentation
& analytics

Customer acquisition

example, they are developing or con-
sidering Al and machine learning for
their credit scoring. These methodol-
ogies are more sensitive to real-time
indicators of an SME’s creditworthiness
than traditional credit scoring methods.

Decision tree and random forest are
among the most commonly consid-
ered machine learning technigques that
can be applied in SME credit scoring.
Researchers are also exploring new
solutions such as hybrid BWM and
TOPSIS, when facing issues of insuf-
ficient data. A detailed discussion on

BWM — best worst method,; TOPSIS — technique for order of preference by similarity to ideal solution

Banking Transformation



Trending themes in SME credit scoring [...]

various advanced analytics solutions
can be found in the next part of this

paper.

Leveraging the enormous amounts
of data gathered, Shopify, a leading
al-in-one e-commerce platform that
powers millions of businesses glob-
ally, has become a leader in using
machine-learning  techniques.  Not
surprisingly, it has launched Shopify
Capital, a data-powered product that
enables merchants to secure fund-
ing and accelerate their business
growth. According to the company,
Shopify has constructed Shopify Cap-
ital using a version of a recurrent neu-
ral network (RNN) that analyses more
than 70 million data points across the
Shopify platform to understand trends
in merchants” growth potential and pro-
vide cash advances that match their
business needs. Since its inception,
Shopify Capital has provided over USD
3.8 billion in funding.

Process streamlining & automation

In this digital era, another rising trend
is the demand for seamless and auto-
mated credit approval processes. This
trend is prominent in all phases of
credit application, from client interac-
tions to data collection (e.g. use of AP,
open banking, the CDI inftiative), credit
decision-making (automated models)
and result communication (workflow
streamlining and integration). Auto-
mation's ultimate goal is to speed up
the banking services for clients while
reducing decision-making time, saving
money, and improving productivity and
efficiency for banks. In some cases,
SME loan processing is part of the
broader banking CRM suite, making it
easier for banks to manage the whole
customer lifecycle digitally.

Let's take NeoGrowth, for example.
NeoGrowth is a pioneer in SME lend-
ing in India, with a unique underwriting

model based on digital transactions.
The company has used technology to
provide consumers with a smooth and
seamless digital experience, where the
entire process flow — from lead gener-
ation to loan origination, approval, dis-
bursement and collections — is handled
digitally.

Figure 6

Digitally integrated operations in SME loan lifecycle

Auto Form
Fill using
data pool

Customers —>

Data pool:

e GST (goods and service tax)
UPI (unified payment interface)
® [TR (income tax return)

e Credit bureau

e Social media

e Corporate registry

\

—> Underwritng —>

Customer
service using

CRM and
merchant
portal

T

—>  Disbursal

Credit
decision

—>  Collection

Auto-renewal/ renewals

Advanced suite — LOS/ LMS
(Loan origination system and loan management system)

CRM suite
(customer relationship management)

Source: NeoGrowth annual report, Accuracy
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SME credit scoring refers to risk mod-
els to help financial institutions gauge
SMEs'  creditworthiness  and  risk
level. Traditionally, most banks use
credit scorecards developed based

Figure 7

Financial data

@

Non-financial data

Source: Accuracy

Logistic regression-based credit
scorecards

Credit scorecards developed by a com-
bination of weight of evidence (WoE)
transformation and logistic regression
are among the most commonly used
credit decision tools in banks. These
credit scorecards were widely used in
the past few decades; they have been
well tested and have proved their effec-
tiveness. Today, they are still the most
popular scorecards used and main-
tained by banks, thanks to their simplic-
ity to use and explain, while remaining
effective.

There are seven important steps in
developing a logistic-regression-based
SME credit scorecard, including data
processing, variable transformation and

Feature and label generation ———>

on logistic regression for its simplicity
to use and interpret. However, as we
mentioned above, with the rapid devel-
opment of data and analytics fields,
some banks have started to adopt

SME credit scoring flow

Statistical techniques
and models

selection, logistic regression, perfor-
mance inference, segmentation anal-
ysis, scorecard scaling and scorecard
validation. In contrast to retail credit
scorecards, segmentation analysis is
usually performed for SME scorecards
as companies in different sectors may
exhibit very different risk characteristics.
A detailed discussion on retail credit
scorecards can be found in our pre-
vious whitepaper — FINANCIAL SER-
VICES & BANKING: RETAIL BANKING
TRANSFORMATION — CREDIT SCOR-
ING (link).

SME credit scoring approaches

more advanced and dynamic models.
In particular, decision models based on
machine-learning technigues (e.g. deci-
sion tree, random forests) have gained
popularity in recent years.

Validation and monitoring ———> @

Credit score/
Probability of default

Banking Transformation
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SME credit scoring approaches [...]

Figure 8

Data preparation
& processing

Prepare and explore
the raw data and
split the dataset into
training and testing
sample

regression model
on the WoE variables
Variable 79
transformation and
selection

Transform the
characteristics and
select prospective
candidates with high
discriminative power

Source: Accuracy

Performance
inference

Infer the performance
of rejected accounts
to construct the
complete population

Major steps in SME credit scorecard development

Logistic regression
Apply a logistic

97 Segmentation analysis (Optional)

Scorecard scaling 7@

Scale the logistic
regression model into
a standard scorecard

Conduct segmentation analysis
to capture the maximum gain of
the predictive model

ai Scorecard validation

Validate the credit

scorecard to ensure
’ its effectiveness

Decision tree

Machine learning now makes a sub-
stantial contribution to making credit
decisions thanks to the rapid growth in
data availability and computer capac-
ity. One of the most popular super-
vised learning techniques is tree-based
machine learing.

A decision tree is made up of two parts:
branches and nodes that use various
features from a dataset at each node to
recursively partition a training sample.
The algorithm iterates through all con-
ceivable binary splits in search of the
feature and related cut-off value that
best distinguishes one side as having
predominantly higher credit quality and
the other as having relatively low credit
quality. As an example, we can build a
decision tree as below:

Figure 9

lllustrative decision tree

’—{ Interest expense to sales }—‘

<2.5%

Debt amount

>2.5%

Debt amount

<bm T <bm
Yes No Yes No
\ \
Working capital | | Cash |
to debt to sale
>0.3 <0.3 >3.0 <3.0
\
(Firmagew
>15 <15
\ \
o0 | [oor | [0 | [ow | [om | [0 | [0= |

PD<0.2, accept

Source: Accuracy

I — PD=0.2, reject —
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e The most crucial factor is the inter-
est-expense-to-sales  ratio.  The
sample model decides that when
data in the root node is divided into
instances with the ratio < 2.5% and
those with the ratio > 2.5%, the figure
of merit is optimised.

e Then, until it reaches the leaf node
where the stopping requirement is
met, this process is repeated for
each new daughter node, ie. loan
size, working-capital-to-debt  ratio,
firm age, and cash to sale in this
case.

e Finally, it provides the probability of
default for each leaf node, of which
the threshold is 0.2 in this case. Any
borrowers that fall within the <0.2 cri-
terion shall be granted the loan, while
the others are rejected. This thresh-
old is at the discretion of the lender.

Random forest

A random forest combines many dif-
ferent decision trees to get a predic-
tion that is more precise and reliable.
When compared with a single decision
tree, a random forest avoids overfitting
concemns, especially when there are
enough trees in the forest.

To improve performance, numerous
decision trees should be created in
a random forest. The distinctness of
each decision tree in the random forest
is ensured by the random selection of
data subsets and features. Overfitting
is prevented since the model outcome
is based on the combined predictions
from each individual decision tree
model. However, it is crucial to note
that the individual decision tree mod-
els should not correlate highly with one
another in this situation. The random
forest approach does not make any
assumptions about the data or its dis-
tribution, unlike many other algorithms

(such as linear regression, SVM, etc)).
Consequently, it typically only needs
minor data transformations. As the
random forest technique uses random
feature subsets, it can work well with
high-dimensional datasets (a dataset
with a large number of features).

The random forest is especially effec-
tive compared with other models under
the following circumstances:

e \When there are oulliers in the data-
set, the random forest technique is
unaffected by them.

e Many algorithms may take noise in
the dataset as patterns (or extra man-
ual power is required to remove out-
liers); however, the bagging method
employed in random forest ensures
that the noise in the dataset is not
mistaken as signals or patterns.

e The random forest includes efficient
methods to estimate missing values
and preserve accuracy when there
are missing values in the dataset,
even when a sizable fraction of the
data is missing.

Hybrid BWM and TOPSIS method

In addition to logistic regression and
machine-learning techniques, an alter-
native method to develop an SME
credit-scoring model is the hybrid BWM
and TOPSIS.

e BWM is a decision-making logic tool
that requires fewer data and less
effort in development. It aims to find
the optimal weights by minimising
the gaps between actual weights
and business judgement. Specifi-
cally, this process can be described
as a linear model.

e TOPSIS is a tactic to determine an
SME applicant’s relative position in

contrast to a pool of borrowers. It
finds the relative rank by calculat-
ing the weighted normalised matrix,
obtaining the positive and nega-
tive ideal solutions, computing the
Euclidean distance of the applicant
between the positive and negative
solutions and computing the relative
closeness to the ideal solution.

This hybrid BWM and TOPSIS method
requires judgement that is more sub-
jective, but it offers an unparalleled
performance in terms of cost, ease of
development and implementation, and
flexibility.

Comparison of different modelling
approaches

Overall, different modelling techniques,
including but not limited to the those
stated above, can be used to facilitate
credit decisioning. These methodolo-
gies have their relative strengths and
weaknesses, which we summarise in
the below table.

Banking Transformation



SME credit scoring approaches [...]

Figure 10

Source: Accuracy

lllustrative random forest structure
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Figure 11
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Apply
BWM
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Source: Accuracy

lllustrative steps in BWM and TOPSIS method

-

Prepare a list of potential risk factors (i.e. profitability ratios — ROA, ROE, gross margin, net margin; liquidity
ratios — current ratio, quick ratio; etc.)

~

J

Select risk factors based on domain expertise.

\L

Define the best and worst risk factors from each set of risk factors and sub-risk factors. Then, compare the
importance of other risk factors against the best/ worst ones.

7

Based on the business judgement in step 2-3, calculate risk weights of these risk factors and sub-risk
factors using BWM.

-

&

Prepare the historical applicant’s database.

Group the risk factors based on 5-point Likert scale.

7

Calculate the score of each applicant in the historical portfolio and rank them by applying TOPSIS.

\L

Validate the score against historical performance utilizing metrics such as Accuracy ratio K-S test.

Data
preparation

Expert
judgement

Expert
judgement

Quantitative
analysis

Data
preparation

Expert
judgement

Quantitative
analysis
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Figure 12 Comparison of different modelling approaches
Hybrid BWM
Logistic regression Decision tree Random forest and TOPISIS method
Situation Logistic regression is used Decision trees are used for Random forest is suitable for This is a useful and practical
to apply when the dependent variable handling non-linear datasets situations when we have a method for ranking and
is binary and linear to effectively and turning them large complex dataset, and selecting of a number
observations. into manageable parts. interpretability is not a major of externally determined
concern. alternatives.
Logistic regression
VAR T O W WY Variable Variable 1
Q Names of criteria Liquidity
O O ° ° ° Select the best variable Liquidity
3000 g e e o g e Select the worst variable  Leverage
O0ode Oed O." leNeX Xeo Best to others Liquidity
O O OO 0O00e OO0 OOeOo Liquidity 7
X-axis
Strength e A commonly used e Fasy to understand, e High prediction accuracy e Robustness against
approach, proved to be interpret, and visualise thanks to no overfitting unpredictable financial
effective e Capable of dealing with problem and high stability situations
e Performs well especially complex and non-linear e Works well with missing e Cost effective and simple
when dealing with linear data data to implement, minimal
variables amount of data is required
Weakness ® Accuracy may decrease e Can be unstable when ® Harder to interpret e Suffers from expert biases

when dealing with complex
dataset

Source: Accuracy

having variations in data
e Overfitting problem

compared with decision
tree

® More time-consuming to
train the model

SMEs make up a sizeable portion of
the economies of both developed and
emerging markets. Providing access
to financing for small businesses has
been a challenging task due to a variety
of factors, including the expense and
difficulty involved in determining the
creditworthiness of small businesses
with a lack of sufficient quality data.

However, banks are now able to lower
the costs of originating and underwrit-
ing loans to SMEs while also increasing

and decision ambiguity

Final Remark

the performance of their SME loan
portfolios, leveraging alternative data
and new modelling technigques. These
developments have led to an overall
increase in the financing accessible to
SMEs, and in time, will drive employ-
ment and economic growth.

At Accuracy, we have created our own
SME rating model, Accur'Rating®. We
originally developed the rating model
using logistic regression but have
recently migrated it to be a random

forest model. We use this model to help
clients evaluate investments in private
debt, understand the credit quality of
various corporates, etc.

We are in an era in which SMEs wil
become even more important for global
economic development and  driving
innovation. With the right incentives,
technology and knowledge, now is the
time for banks to tap into and expand
SME banking.

Banking Transformation



What Accuracy does

We work with our
SME banking clients —— gk
on the following:

Performing strategic analysis on entering and expanding SME banking services

Providing advice on investments and transactions related to the SME banking

sector

Providing advice on the use of alternative data and the relevant technologies

Adopting big data analytics, machine learning and other advanced techniques to
improve data-driven business decision making

Performing automation on the end-to-end customer journey for greater

efficiencies

At Accuracy, our financial services industry experts work with banks and non-bank financial institutions on mergers and
acquisitions, strategic transformations, quantitative modelling and adoption of technology solutions. We work closely with
both global and small-to-medium-sized financial institutions, and have done so over the past two decades.

]
2 1

Accuracy is a wholly independent
international consulting firm providing
advice to company management and
shareholders for their strategic or crit-
ical decisions, notably in transactions,
disputes and crises.
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all around the world

Accuracy’s strength is to  connect
strategy, facts and figures. Accuracy's
teams are international and multicul-
tural, combining various skills to provide
bespoke services to our clients. We
recruit consultants from the best.

Accuracy is present in 13 countries in
Europe, North America, Asia, Middle
East and Africa and leads engage-
ments all over the world.
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