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Over the past few years, the banking
industry has witnessed a new wave of
digital transformation. Virtual banking,
for example, has become more popu-
lar in many regions. Other digitalisation
trends such as open banking, Reglech,
Al and data-driven decision-making, to
name a few, are in the headlines.

In addition, the Covid-19 pandemic is
changing the way that banks and cus-
tomers interact. Today, retail banking
products are very much commoditised,
with interest rates and other features
of bank offers proving similar between
them. FinTechs and TechFins have
therefore emerged to bring new and
better customer experiences to their
incumbent  counterparts.  Customer
expectations have also been chang-
ing, and customers are seeking digital,
seamless, fast and integrated services
more and more. Thus, on the other
side of the table, banks are not left with
much choice but to undertake nec-
essary digital transformations to meet
expectations.

Many retail banking transformations
are taking place in the market. In the
broad sense, we can categorise them
into three types: (1) moving from prod-
uct-centric to customer-centric (i.e. to
have more and faster customer inter-
actions, to offer more personalised ser-
vices and advice, etc), (2) automating
end-to-end services (i.e. adoption of
technology for on-boarding, e-KYGC, risk
management, internal controls, etc.),
and (3) enabling big data analytics and
data-driven business decision-making.

In this article, we focus on the second
and the third categories. In particular,
we dedicate this article to the discus-
sion of credit scorecards, as one of the
major tools for data-driven risk man-
agement and business decision-mak-
ing. We will review traditional scorecard
development methodologies and then
discuss the latest trends.

Digital transformation in retail banking
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Overview of traditional retail credit scorecards

Retail banks typically use credit score-
cards, which are mathematical models,
to predict the behaviours of their cus-
tomers. The most important behaviour

to predict is whether the customers will
default on or repay their borrowings.
When it comes to such predictions, two
types of scorecard are widely used: the

application scorecard and the behav-
ioural scorecard.

Table 1

Scorecard type

Application scorecard

Comparison between application and behavioural scorecards

Behavioural scorecard

Main objective

Assess the creditworthiness of new applicants

Assess the creditworthiness of existing customers

Source of data

Basic customer profile (occupation, gender, age, etc.)
and credit information from credit bureaus

Account behaviour (cash advance, repayment pattern,
credit limit utilisation, etc.)

Use of scorecard

Accept/reject the credit card application if the applicant’s
application score passes/fails the cut-off score, which

is set to reflect underwriting standards and risk appetite.
Banks may adopt multiple scorecards together to
enhance predictability

Make various types of business decisions based on the
level of behavioural score, such as faster approval for
new credit, targeted upsell and cross-sell campaigns,
more accurate risk pricing/exposure limit setting, better
credit portfolio monitoring, etc.

Traditional scorecard development framework

There are a number of tools that can be
used for the development of retail credit
scorecards. Historically, SAS was argu-
ably the dominant programming lan-
guage for retail credit risk management,
including the development of credit
scorecards. Over the past decade,
open source programming languages,
such as Python and R, have become

more and more popular. While most
banks are still using SAS now, many
have started using open source lan-
guages in parallel.

Traditionally, a six-phase framework
is adopted for credit scorecard devel-
opment. As demonstrated in figure
1 below, the six phases are (1) data

processing, (2) variable transformation
and selection, (3) logistic regression, (4)
performance inference, (b) scorecard
scaling and (6) scorecard validation.
Refer to appendix 1 for a more detailed
discussion regarding the development
procedures.

Figure 1

Six-phase credit scorecard development processes
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Traditional credit scorecards have been
used by market practitioners for a few
decades. However, they are not perfect
when considered through the lens of

Figure 2

Breadth
of data

Limited risk factors
in current model
with massive amount
of data being left out

The risk factors in traditional scorecards
only cover basic customer and account
behaviour information, which provides
limited insights into customer profiles. In
other words, there is a massive amount
of data being left out, which can bring
material value to the banks, if consid-
ered. Historically, resistance to change
arose as data collection and data pro-
cessing were strenuous and expensive
for banks. Fortunately, the development
of big data analytics and the increasing
awareness and accessibility of alterna-
tive data have gradually empowered
banks to make use of more valuable
data in a cost-effective way.

Source: Accuracy

pbig data. Below we highlight the major
challenges faced by traditional credit
scorecards today.

Key challenges faced by traditional credit scoring

Depth
of model

Logistic regression model
is not sophisticated
enough for current
standard

Logistic regression models are sim-
ple and easy to understand. However,
with the rapid development of tech-
nology, they are viewed as too simple
to capture all the information behind a
customer’s behaviour. The models are
linear and static; they are not designed
to discover complicated relationships
between data. As such, many banks
have started to leverage advanced ana-
lytics such as machine learning to build
more sophisticated models for credit
scoring.

Challenges in traditional credit scoring

Ongoing
maintenance

Teams are often short of
resources for scorecard
maintenance and
governance

Traditional scorecards require banks
to make continuous efforts to monitor,
recalibrate and redevelop them. How-
ever, teams in many banks are often
short of resources and expertise 1o
perform such maintenance on a timely
basis. As a result, credit scorecards
used in banks can be outdated and
unsatisfactory. The obvious solution to
this is again technology; a more auto-
mated solution is needed to address
the problem.
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Key enablers to un

We have already briefly mentioned
the trends to tackle the challenges
encountered by traditional credit scor-
ing. These are certainly at the heart of

lock value

retail credit decisioning in the era of big
data analytics.

Figure 3

Trend 1

Big data analytics
and the use of
alternative data

Source: Accuracy

Key trends in retail credit scoring

Trend 2

Al and machine
learning in model
building

Trend 3

Process
automation

TREND ONE: BIG DATA ANALYTICS AND THE USE OF ALTERNATIVE DATA

Looking at retail banking globally, we
are seeing a strong focus on improv-
ing data and deeply understanding
customer needs to create personalised
experiences. Big data analytics and the
use of alternative data have become
one of the most prevalent trends in
the industry’s transformation. With ris-
ing computing power and increasing
access to advanced analytics tools,
market practitioners are starting to real-
ise the hidden value of data as well as
to search for new data sources.

Retail banking has long been a data-
driven business, where data is gen-
erated at every stage of the customer
journey. However, historically, most
banks did not have an efficient way to
realise the potential of the data nor the
[T infrastructure necessary to do so.

Furthermore, traditional data as used in
the past is just the tip of the iceberg;
huge amounts of alternative data, in
either structured or unstructured forms,
are generated every second from var-
ious data sources, both internally and
externally, in this digital era.

Over the past decade, thanks to
advances in big data analytics, retall
banks now have increasing capabili-
ties to process traditional and alterna-
tive data efficiently; thus, they are able
to build up the customer’s 360-degree
profile digitally. With that in mind, banks
are starting to provide amore tailor-made
customer experience via their banking
apps and digital platforms. In addition,
upselling and cross-selling campaigns
can now target specific customer

segments based on insights from big
data analytics. Developments in Al and
machine learning also help banks and
data providers to gain insights from
unstructured data (e.g. using nature
language processing (NLP) to gauge a
customer's sentiments).

(®))
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Figure 4 Traditional data and alternative data comparison
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Internal and traditional External and traditional
e Customer profile e Credit bureau data
e Product-specific data e Data from government agencies
e Account behaviour (e.g. tax records, criminal records)
e Transactional data
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Internal and alternative External and alternative
e App and digital platform behaviour e Public data (e.g. social media, Linkedin)
e Communication records e External data from telecommunication and
(e.g. emails, messages, calls) ecommerce companies
e CRM data e Proprietary data from data providers
(e.g. cookies)
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Source: Accuracy

The use of alternative data not only
improves the robustness of the score-
card model but also enables banks
to assess the creditworthiness of
untapped customer segments. This
helps to extend financial services to the
two billion unbanked adults globally.

With alternative data, retail banks are
also able to develop more scorecards,
such as income scores, propensity
scores and marketing scores. These
further help banks decide to whom to
lend their money, how much to lend,
in what time frame and through what
channels.

Some FinTech firms and digital financial
service providers have takenthe initiative
to make use of alternative data sources
for credit scoring. Credit bureaus, such
as Experian, can now add rent payment
history to their credit scoring algorithms
thanks to a tool developed by the UK
Proplech firm CreditLadder. Lenddo,a
software business in Singapore, has
incorporated social media and mobile

phone data to assess clients' credit
levels. By aggregating data from SMS
footprints, electronic devices, emails
and credit bureau reports, among oth-
ers, Algo360, an alternative credit score
solution provider, helps new-to-credit
customers get loans. Small FinTech
companies have used smartphone
activity, including calls, GPS data and
contact information, to execute credit
scoring in microfinance. As alternative
data accumulates, the output from pre-
dictive models is likely to become more
reliable and accurate over time.

Alternative data is not only beneficial
when credit scoring individuals, but
also in the case of SMEs. Banks com-
monly consider SMEs to be high-risk
clients since information about them
is limited, causing difficulty in evaluat-
ing their creditworthiness. Because of
the intrinsic qualities mentioned previ-
ously, alternative data, in conjunction
with traditional data sources, will help
to build a more comprehensive pro-
fle of SMEs, allowing lenders to make

better decisions. Digital SME lenders
e.g. Kabbage, an Aflanta-based Fin-
Tech company) are making wide use of
alternative data such as bank account
money flows and balances, business
accounting, social media, real-time
sales, payments, trading, logistics, and
credit reporting service provider data,
as well as various other private and
public sources of data, to improve risk
assessment and to tap into a large mar-
ket of underserved SMEs,

Moreover, the value of data can be fur-
ther ‘mined’ if combined with Al and
machine learning techniques, which
brings us to the second major trend
in the digital transformation of retalil
banking: Al and machine leaming in
modelling.
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TREND TWO: Al AND MACHINE LEARNING IN MODELLING

Retail banking is one of the industries
where the use of artificial intelligence (Al)
and machine learning (ML) has become
widespread. We have talked about the
tremendous potential of data, and we
believe that these new techniques are
well placed to assist in unleashing this

potential, particularly when it comes to
credit decisioning.

Machine learning can be applied to
strengthen traditional logistic regression
credit scoring or a solely Ml-based
model can be developed for credit

scoring. Below we highlight some ML
techniques that can be applied by
banks when developing their credit
scoring systems.

Figure 5 Common machine learning analytics applied for credit scoring system development
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Data processing

e K-nearest
neighbour

Variable binning

e K-means

e Supervised

Reject inference

e Unsupervised
transfer learning

Model building

e Random forest
e Support vector

imputation for
missing values

discretization

Source: Accuracy

An Ml-based model would have sev-
eral advantages over a logistic regres-
sion model. First, it can capture the
non-linear nature of risk factors, and
thus if trained appropriately, can pos-
sess higher predictive power. Second,
it is agile and dynamic enough to per-
form the timely assessment of customer
credit quality based on greater amounts
of relevant and recent data. Third, the
model can be highly automated and
self-improving, thereby lowering ongo-
ing operational costs.
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e Neural network
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Higher predictive power

ML-based models are trained with
much more data than their traditional
counterparts. These include both tradi-
tional data and alternative data as dis-
cussed above. While traditional models
are not designed to discover com-
plicated relationships between large
amounts of data, ML-based models are
much stronger in this area. As such,
it would not be surprising to see that
ML-based models are more predictive
than traditional models.

More agile and dynamic

ML-based models are continuously
trained with the most up-to-date data,
so that they are able to perform real-
time assessments of customer credit-
worthiness. This allows the models to
provide rapid feedback to model users
for credit approval and other deci-
sion-making processes. Due to their
agility, ML-based models are also more
customer-centric and offer smoother
assessments of customer creditworthi-
ness. As a result, greater financial inclu-
sion is possible.



Figure 6 Risk assessment over time — ML model vs traditional model

Traditionally modelled risk level

Risk level

Cut-off for approval

ML modelled risk level

Source: Accuracy

Highly automated

ML-based models are designed to be
self-improving over time and thus highly
automated. Traditional models require
users to recalibrate them (e.g. on a
yearly basis) and redevelop them (e.g.
every few years). ML-based models are
able to update themselves based on
updated data feeds. As such, opera-
tional costs for ML-based models are
lower, especially in the long term.

With these benefits, it is no wonder that
credit bureaus are aggressively using
ML to evaluate large amounts of data

Time

and generate improved insights. Equi-
fax, for example, provides its clients
with tallor-made services by applying
neural networks to an artificial intelli-
gence credit scoring approach. Equifax
is not alone in experimenting with ML;
Experian boosts its analytics products
with ML capabilities to provide richer,
more insightful information. Even for
‘credit invisible’ clients with infrequently
updated credit files, VantageScore
incorporates ML to analyse risks and
provide ratings. ML has also proved
to be effective in detecting high-risk

behaviours and providing more accu-
rate credit scorecards by TransUnion
and FICO. A blend of Tree Ensemble
Modeling (@ machine learning tech-
nique employed by FICO) and score-
cards significantly improves predictive
performance in credit assessment,
compared with traditional scorecards.
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Figure 7 Machine learning outperforms scorecards
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Source: FICO Blog (March 2022)

Limitations

Notwithstanding the advantages of
ML-based models, they possess
some limitations to be resolved. First,
ML-based models are not as trivial as
traditional models, and the modelled
results can be challenging to interpret. It
can also be more challenging to explain

the models to regulators and auditors.
Second, the performance of ML-based
models is highly dependent on the
quality of the data used. When feeding
huge amounts of data into the models,
ensuring the quality of the data can be
challenging.

TREND THREE: PROCESS AUTOMATION

The third trend is the increasing auto-
mation in amost every part of the
business. In order to provide fast inter-
actions and personalised customer
experiences, automation in know your
customer, credit approval, risk man-
agement and reporting has become
highly important. For example, OppFi,
a leading financial technology platform,
effectively automates the credit scoring

Financial Services & Banking

process by using Al models, real-time
data analysis and proprietary scoring
algorithms. Zest Al, an Al-empowered
credit life cycle management organisa-
tion, provides banks with its automated
services in data processing and docu-
mentation as well as compliance valida-
tion, deployment and integration. With
the help of process automation, banks
and FinTech companies are largely

In addition to traditional credit bureaus,
FinTech companies are also actively
exploring possibilities in ML to run their
businesses. For example, Lending-
Club, the world's largest online platform
connecting investors and borrowers,
has created its credit-scoring algorithm
based on ten years of LendingClub
data, Al and ML technologies; Kabbage
is developing next-generation ML and
analytics stacks for credit risk modelling
and portfolio analysis; and LendUp, an
American online direct lender, employs
ML algorithms to identify the top 15%
of borrowers who are most likely to pay
back their debts.

improving customer experience and
greatly reducing operating costs by cut-
ting loan application processes to a few
minutes. Credit scoring is at the heart of
credit approval and risk management,
and its automation largely relates to the
automation of data processing, model-
ling and validation.



Data processing

With big data analytics, banks use both
internal and external data to a great
extent. Data collection and data cleans-
ing are the major tasks to be automated.
Data collection involves the collection
of data from different sources, whether
traditional or alternative, as well as its
digitisation and standardisation. Data
cleansing involves data validity check-
ing, data backfiling, treatments for outli-
ers and doubtful data, etc.

Modelling

A large part of model development can
be automated with proper governance
and approval processes. For ML-based
models, this is more trivial as the mod-
els are designed to improve themselves
on an ongoing basis using the latest
data. For traditional models, automation
can be useful for recalibration and the
generation of challenger models.

Validation

The validation of models can be entirely
automated, whether for traditional or
Ml-based models. Model validation
consists of calculating predefined per-
formance metrics and comparing them
with predefined thresholds. Itis relatively
straightforward to automate such pro-
cesses and generate validation reports.

Figure 8 Process automation with the help of ML and Al

Front office

e [ace recognition
to initiate credit
application

e Virtual officers for
background checks

e Machine vision to
process documents

e Automated data
processing

e Ml-based models
for credit scoring

e Biometrics for
verification and
approval

Middle office

with automatically

and data

e Model validation and
back-testing with
minimum manual
efforts

e Model maintenance

Back office

e ML to detect cyber-
attacks and fraud
patterns

e Al real-time risk
monitoring

updated information
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What Accuracy does

For clients who need to navigate the
digital transformation in the retail bank-
ing industry, especially in credit scoring,
Accuracy is well placed to work with
you on the following tasks:

e Perform an independent review
and validation of your existing credit
scorecards

e Develop credit scorecards using pro-
gramming languages including SAS,
Python, R, VBA, etc. The develop-
ment process is semi-automated for
easier repetition and maintenance

]
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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e Advise you on the adoption of alter-
native data for credit scorecard
development, whether for traditional
or machine learning models

e Develop  machine-learning-based
credit scorecards using open-
source languages such as Python

e Perform automation on data pro-
cessing, modelling and validation

e Perform the overall strategic shaping
of retail banking digital transformation
and adoption of big data analytics

%
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We serve our clients

At Accuracy, our financial services
industry experts work with banks and
non-bank financial institutions on merg-
ers and acquisitions, strategic trans-
formations, quantitative modelling and
adoption of technology solutions. We
have been working closely with global
financial institutions as well as small and
medium-sized institutions over the past
two decades.

P
<P 9

) |

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.



Appendix 1 — detailed procedures
for retail credit scorecards development

-
0 Data processing — prepare and explore the raw data and split the dataset into training and testing
samples

e Perform exploratory data analysis (EDA) on the dataset, including examining the data structure (e.g. counts,
data type, data classification), univariate statistics (e.g. mean, standard deviation, skewness), correlation
analysis and predictive power (e.g. information value, entropy variance)

e Address data exclusions (i.e. observation and/or performance exclusions)

e The most partitioning methods include holdout sample and bootstrapping:

— Holdout sample — allocates 80% of available data for scorecard development and the remainder for
validation

— Bootstrap — in case of insufficient data, bootstrap validation is adopted, which uses an entire dataset to
train and validate

@ 9 Variable transformation and selection — transform the characteristics and select prospective
candidates with high discriminative power

e Apply different binning methods (e.g. optimal binning, winsorized binning, equal-width binning) for the
characteristics

e Perform weight of evidence (WoE) transformation, which is the most common variable transformation
approach for logistic models. WoE standardises the independent variables by natural log transformation of
the odds of non-event:

_ /n( % of non_event )

% of event

— Weight of Evidence

e Select prospective candidates with higher discriminative power for inclusion in the logistic regression
model. The common indicators include information value and marginal contribution (to overall divergence):
— Information Value = 5 (% of non_event - % of event) x WoE

(mean of non_event - mean of eventf
average (non_event variance, event variance)

e For variable selection, the rules of thumb are typically as follows:

— Divergence =

— Between five and 15 independent variables to avoid high correlation
— Between two to 10 attributes (bins) for each variable and their WoE should exhibit a reasonable pattern

@ e Logistic regression — apply a logistic regression model on the WoE variables

e | ogistic regression is a statistical model that is well placed to model a binary dependent variable, namely
in the case of retail banking, default or not:

7[—)p ):Bo+ B1X7 + 32X2 + BSX3+"' + ann

e Common selection configurations for logistic regression models include stepwise, forward and backward
regression

— Basic logicstic regression: log (

e Assess the model fit statistics (e.g. Akaike's information criterion (AIC) and Schwarz criterion (SO))

e Perform testing on the global null hypothesis (beta=0) and evaluate the p-value for each individual variable
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Appendix 1 — detailed procedures
for retail credit scorecards development

r_0
(020 e Performance inference - infer the performance of rejected accounts to construct the complete

C J .
population

e (Conduct the performance inference (i.e. reject inference) to create a final scorecard that is designed for the
entire through-the-door population (complete population)

e This process is only applicable to application scorecards

e Common inference methods include proportional assignment, simple augmentation and fuzzy
augmentation. An inferred factor is generally set to determine the odds

e The inferred dataset is used to re-run the logistic regression and re-develop the scorecard model

CJ
e Scorecard scaling - scale the logistic regression model into a standard scorecard

e For easier interpretation and use, scaling is performed to scale the logistic regression model into
a standard scorecard by assigning scores to every attribute for each independent variable
e The key inputs and parameters for a standard scorecard include the following:
— Inputs — WoE variables and regression coefficients from the logistic regressions
— Scaling parameters — base points, base odds and points to double the odds
— Score =3 ", (- (B, x WoE, + : ) X factor + Of’:et )

. logistic regression coefficient for risk factor that contains the given attribute
a. logistic regression intercept

WoE: weight of evidence for the given attribute

N: the number of characteristics in the model

Factor: points to double the odds/In(2)

Offset: Score - (Factor x In(Odds))

y)
G Scorecard validation - validate the credit scorecard to ensure its effectiveness

e Common quantitative metrics used to assess the discriminative power of the scorecard include
divergence, Gini coefficient and Kolmogorov—Smirnov (K=S) test. Other statistics include F1 score,
sensitivity, specificity, C-statistics, etc.

— Divergence measures the overall separation between the good and bad score distributions

— Gini coefficient (i.e. Accuracy ratio) measures the discriminative power by comparing the actual model
to a theoretically ‘perfect’ model

— K-S test measures the maximum separation between the good and bad score distributions

e (Conduct these assessments on the validation sample. Ideally, the model should perform consistently
across both the development and validation samples; thus, the test statistics are similar and the charts
comparable
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