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Machine learning and deep learning, which are subfields of artificial intelligence, are un-

doubtedly pervasive and ubiquitous technologies of the 21st century. This is attributed

to the enhanced processing power of computers, the exponential growth of datasets,

and the ability to store the increasing datasets. Many companies are now starting to

view their data as an asset, whereas previously, they viewed it as a by-product of busi-

ness processes. In particular, banks have started to harness the power of deep learning

techniques in their day-to-day operations; for example, chatbots that handle questions

and answers about different products can be found on banks’ websites. One area that

is key in the banking sector is the credit risk department. Credit risk is the risk of

lending money to applicants and is measured using credit scoring techniques that pro-

file applicants according to their risk. Deep learning techniques have the potential to

identify and separate applicants based on their lending risk profiles. Nevertheless, a

limitation arises when employing deep learning techniques in credit risk, stemming from

the fact that these techniques lack the ability to provide explanations for their decisions

or predictions. Hence, deep learning techniques are coined as non-transparent models.

This thesis focuses on tackling the lack of transparency inherent in deep learning and

machine learning techniques to render them suitable for adoption within the banking

sector. Different statistical, classic machine learning, and deep learning models’ perfor-

mances were compared qualitatively and quantitatively. The results showed that deep

learning techniques outperform traditional machine learning models and statistical mod-

els. The predictions from deep learning techniques were explained using state-of-the-art

explanation techniques. A novel model-agnostic explanation technique was also devised,

and credit-scoring experts assessed its validity. This thesis has shown that different ex-

planation techniques can be relied upon to explain predictions from deep learning and

machine learning techniques.
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Chapter 1

Introduction

Artificial Intelligence (AI) is a pervasive and ubiquitous technology of the 21st century.

The technological revolution that we are witnessing today has been spurred on by pre-

vious revolutions. The revolutions were named the First, Second and Third revolutions,

and each has significantly impacted societies and economies at large [2]. The First Indus-

trial revolution started around 1765 and was mainly driven by mechanization powered

by steam engines [2]. The Second Industrial revolution started in 1870, and the driv-

ing force was electricity, and as a result, mass production was realized [2]. The Third

Industrial Revolution started in 1969 and focused on information technology powered

by the advent of computers [2]. Today, we live in the Fourth Industrial Revolution, the

digitalization era, mainly driven by AI. The AI revolution has impacted our day-to-day

lives, for example, AI makes recommendations for us regarding which movies to watch

on Netflix, friend suggestions on Facebook, and products to buy from Google adver-

tisements. Many companies have grown an interest in adopting AI in their day-to-day

operations.

AI is not a new phenomenon; it was first coined in 1956 by John McCarthy during a

summer conference at Dartmouth University [3]. The advent of computers in the 1950s

played a pivotal role in AI, and surprisingly this is when credit scoring was invented [4].

The early days of credit scoring relied more on credit managers, where credit managers

used qualitative methods to either grant or deny loan applications [5]. The reliance on

credit managers was not a viable option due to poor judgments (which may have been

potentially biased). The credit managers were also not able to process many applications

over a few days. This gave rise to the advent of a credit-scoring technique known today

as a scorecard.

Credit scoring involves the allocation of scores to applicants. The allocated scores are

used to manage the risk of defaulting on a loan [1]. Machine learning and deep learning

1



Introduction 2

techniques have the potential to identify and separate applicants based on their lending

risk profiles.

Recent years have witnessed a proliferation of machine learning models in credit scoring

[6–10]. Machine learning and deep learning models found in credit scoring literature give

better predictive accuracy rates than conventional models (i.e. logistic regression and

decision trees) [11–14]. Hence, the improved accuracy rates can help banks curb losses by

identifying applicants that are more likely to default on their loans. Although machine

learning and deep learning models are showing promising results, they are in the trough

of disillusionment according to Gartner’s hype cycle [15]. This is due to the inability

of deep learning and some machine learning algorithms to explain their predictions. In

literature, this issue is referred to as the black-box nature of machine learning and deep

learning techniques. Hence, tasks that involve critical decision-making, such as detecting

the absence or presence of a disease; or rejection or acceptance of a loan application,

require machine learning algorithms to provide reasons behind their decisions. The hype

around the use of machine learning and deep learning techniques in credit scoring has

been slowed down by the black-box nature of these techniques.

However, recent years have shown an emerging field known as eXplainable Artificial In-

telligence (XAI) [16], which focuses on explaining the predictions from black-box models.

The XAI is the window that brings hope to the use and acceptance of machine learning

and deep learning models in credit scoring. According to Gartner’s hype cycle, this

window is known as the slope of enlightenment [15].

The XAI field is mainly fuelled by a community that consists mainly of researchers

from two main streams that are in pursuit of XAI, i.e., the first stream is FAT (Fairness,

Accountability, and Transparency) and the second stream is DARPA (Defence Advanced

Research Projects Agency) [17]. The need for XAI arises from the ethical considerations

or regulatory requirements [17]. Hence, this thesis aims to make black-box algorithms

explainable so that banks meet ethical and regulatory considerations, and be able to

leverage the high-performance nature of these algorithms. Please note that without

creating confusion regarding the thesis title, deep neural networks are synonymous with

deep learning.

1.1 Literature review

In literature, different words are used for the explanation/rationalization of black-box

models, e.g., interpretability, comprehensibility, and explainability. In this study, the

words mentioned above will be used interchangeably. An explanation is required when
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one makes crucial decisions, e.g. when a medical doctor prescribes medication or treat-

ment to a patient.

A significant drawback of black-box algorithms, e.g., Deep Neural Networks and Random

Forests, is that the underlying representations they learn are impossible to understand.

This could result in unintentional discrimination of customers or wrong prescriptions

to patients. The transparency of black-box models has been studied extensively in the

literature [18–25]. Shen et al. [26], presented an interpretable Deep Hierarchical Seman-

tic Convolutional Neural Network (HSCNN) to classify a provided pulmonary nodule

observed on a Computed Tomography (CT) scan as either malignant or benign. The

results showed that the proposed method produces interpretable lung cancer predic-

tions and achieves significantly better results than 3D Convolutional Neural Network

(CNN) alone. Liu et al. [27], proposed a technique called Convolutional Neural Net-

work Interpretation (CNN-INTE) to interpret deep Convolutional Neural Networks via

meta-learning. The method achieves global explanation for test records on the hidden

layers without compromising the accuracy achieved by the original deep CNN model.

Shirakawa and Fukumura [28] proposed a five-layer auto-encoder based on a sensory

integration model. Their objective was to show that extracting appropriate features

and obtaining the desired expression in the middle layer of an autoencoder is possible.

Ueno and Zhao [29] suggested using Decision Trees (DTs) to interpret each layer of

Deep Neural Networks. The experimental results showed that accurate DTs could be

extracted from the hidden layers, and the size of the DTs can be used to determine the

needed number of layers. Kim and Canny [30] used a two-stage approach. In the first

stage, they used a visual attention model to train a convolutional neural network from

images to the steering angle. The attention model highlights regions on the images that

possibly affect the network’s output. In the second stage, they applied a causal filter-

ing step to determine which input regions affect the output. Their approach produced

succinct visual explanations and more accurately exposed the network’s behavior.

Yeganejou and Dick [31] proposed to create more explainable deep networks by hy-

bridizing convolutional neural networks with fuzzy logic. The fuzzy logic increases in-

terpretability because it handles complexity and uncertainty in a human-like manner.

The experimental results showed that the proposed classifier performs similarly to other

deep learning algorithms, and significantly performs better than the same fuzzy classifier

applied to the original image.

Baesens et al. [32] evaluated and contrasted three neural network rule extraction tech-

niques for credit-risk evaluation, namely, Neurorule, Trepan, and Nefclass. The con-

clusion was that the neural network rule extraction is an effective tool that allows the

development of efficient decision-support systems for credit risk determination. Setiono
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and Liu [33] developed a NeuroLinear model for obtaining decision rules from neural

networks. The experimental results showed that NeuroLinear effectively extracts con-

cise and understandable rules with high accuracy from neural networks. Bologna and

Hayashi [34] trained Discretized Multi-Layer Perceptron (DIMLP) by deep learning on

the MNIST dataset, and then symbolic rules were extracted more efficiently concerning

standard MLPs.

Most of the methods found in the literature explain why a default decision was taken.

However, these methods do not suggest what actions should be taken to result in the

desired outcome such as loan application approval. A counterfactual explanation is suit-

able for explaining what steps must be taken by an applicant whose loan application has

been denied. Recently, there has been a growing interest in counterfactual explanations.

In a literature survey by Verma et al. [35], a rubric was designed to evaluate the desired

properties of counterfactuals, and 39 articles were compared and contrasted. The aim

of Verma et al. [35] is to help organizations better understand the advantages and dis-

advantages of different methods used to generate counterfactuals. In another literature

survey on counterfactuals, Guidotti [36] proposed categorizing methods that generate

counterfactuals, and the properties of the generated counterfactuals. The findings re-

vealed that there had been an increase in the development of counterfactual explanation

methods in the last two years. The empirical results showed that the counterfactual

explainers that generate a single counterfactual have more properties and require the

highest computational time.
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1.2 Application Scorecard

When an applicant applies for a loan, a bank collects applicant’s information. The

collected information consists of demographic information (e.g. employment, education,

income, marital status). The bureau information, also known as bureau data, is also

obtained from local bureaus (e.g. number of credits, name of the employer, and payment

history). For existing bank customers, internal behavioral data is collected (e.g. payment

history). After that, an applicant gets scored using application data, bureau data, and

internal behavioral data (internal behavioral data is only applicable to existing customers

of the bank). Each feature is allocated points, and the final score is an average of the

points allocated to the features. If an applicant’s score is below/above a chosen threshold

(i.e. a chosen score), then the loan application of an applicant gets rejected/accepted.

Once accepts (i.e. applicants who have been given loans) are identified, their loan

repayments are tracked over an identified period (e.g. 12 months). A target flag (i.e.

Good/Bad Flag) gets created based on the loan repayments history of the accepts.

An applicant is good if they are not in arrears for three consecutive months or more,

otherwise, an applicant is bad. For rejects, good and bad applicants are inferred using

reject inference [1]. The reject inference refers to the possibility to infer whether a

rejected applicant would have been good or bad if the loan had been offered.

Note that, within the accepts, there are applicants who do not take the loan offer

(referred to as non-take-ups), and there are applicants who do take the loan offer (referred

to as take-ups). Hence, only take-ups get used for scorecard development. Essential

variables are selected by using Information Value (IV), correlation, and a business sense

[1].

The application scorecard is finally developed on accepts and rejects (i.e. Through-The-

Door (TTD) population).

1.2.1 Default Definition

Before we define default, we first discuss the development and performance windows.

The development window is defined as a period from which the observed good and bad

cases are chosen for developing application scorecards as outlined by Siddiqi [1].

The performance window is defined as a time where the performance of accounts opened

at a specific time is tracked over time (generally 12 months) [1]. Thus, at the end of 12

months, a good/bad flag is assigned to accounts opened at a specific time. See Figure 1.1

for a schematic view. Figure 1.2 shows a general view of how accounts perform over time.



Introduction 6

Figure 1.1: Default definition [1].

Low bad rates are observed in the first few months, and as time progresses, these bad

rates gradually increase because approved applicants are likely to default on their loans.

The development period is then chosen at a time when bad rates have stabilized. This

minimizes the chances of misclassifying performances [1], giving all accounts enough time

to go bad. The bad definition is derived from roll rate analysis[1]. The roll rate analysis

determines a bucket where most delinquent accounts roll forward to the worst bucket.

The bucket refers to the number of days in delinquency/arrears. The bad definition

differs from product to product. Generally, an account is bad if the number of days in

arrears is 90 or more Siddiqi [1].

Figure 1.2: Stabilization of bad rates [1].

1.2.2 Scoring

An applicant’s creditworthiness is assessed using a score generated by a scorecard. This

score is an average of all the points allocated to the features of a loan applicant. The

key to the allocation of points to features is the Weight of Evidence (WOE). The WOE
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is calculated as follows:

WOE = ln

(
Distr.Goods

Distr.Bads

)
,

where Distr.Goods is the distribution of goods and Distr.Bads is the distribution of

bads.

The weights of evidence act as independent inputs in a logistic regression function given

below:

ln(odds) = β0 +

d∑
i=1

βi

ki∑
j=1

WOEij ,

where odds=probability(of an event happening)/probability(of an event not happening),

d is the number of features and ki is the number of groups (i.e., attributes) in the ith

feature. The β0 and βi are the intercept term and the coefficients, respectively. Finally,

a score is given as follows:

Score = β0 +

d∑
i=1

βi

ki∑
j=1

WOEij . (1.1)

However, in practice, scaling is applied which refers to the scale and format of scores

in a scorecard and the change rate in odds for increases in scores [1]. When scaling is

applied, equation 1.1 becomes:

Score = Offset+ Factor ∗ ln(odds). (1.2)

Introducing a term called points double the odds (pdo), equation 1.2 becomes:

Score+ pdo = Offset+ Factor ∗ ln(2 ∗ odds). (1.3)

Solving equation 1.2 and equation 1.3 simultaneously, results in the following:

pdo = Factor ∗ ln(2).

Thus Factor is given as follows:

Factor =
pdo

ln(2)
.

Typically, a default value for pdo is 20 [1], and the scorecard developer can give the offset

upfront (e.g., 600). A cut-off score is determined upfront for a loan application to be

accepted/rejected. Several methods are used to determine the cut-off score in practice.

In [1], Siddiqi mentions adverse codes where WOE is set to zero. The other method uses
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a Kolmogorov-Smirnov (K-S) statistic score, i.e., a score where the distance between

the cumulative distribution of goods and the cumulative distribution of bads is maximal

and is chosen as a cut-off score. A score that is less than a cut-off score is attributable

to features with fewer points. Hence, the features with fewer points are used to explain

a loan rejection.

1.2.3 Research Questions

1. What is the comparative performance of deep learning models, traditional machine

learning models, and statistical models in credit scoring?

2. How effectively can explanation techniques be enhanced to better explain predic-

tions from deep learning models and other machine learning models?

1.2.4 Hypotheses

This research will focus on the following hypotheses:

1. Deep learning models outperform traditional machine learning models and statis-

tical models in credit scoring.

2. The rationalization of deep learning and other machine learning models will un-

cover meaningful and informative features that are valuable to both credit appli-

cants and decision-makers in credit scoring.

1.2.5 Aims and Research Objectives

The specific aims of the thesis would involve examining the performances of different

models, exploring the capabilities of explaining model predictions; and determining the

value and utility of the features (identified through the rationalization process) for var-

ious stakeholders involved in credit scoring.

The specific objectives of the thesis are set as follows:

1. Evaluate and compare (both quantitatively and qualitatively) the performance of

deep learning models, traditional machine learning models, and statistical models

in credit scoring.

2. Investigate the extent to which rationalization of deep learning models and other

machine learning models can explain credit decision outcomes.
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3. Assess the effectiveness of the rationalization process in uncovering meaningful and

informative features for credit applicants and decision-makers.

1.2.6 Contributions

The contributions of this research are:

1. A guiding machine learning framework for credit risk scoring practitioners.

2. Discovering meaningful and informative features for various stakeholders in credit

scoring through model rationalization.

3. To make 2D Convolutional Neural Networks applicable to tabular datasets and

explain their predictions.

4. Empirically showing that the explanations can be used as good features for classi-

fication.

5. Assessing the validity of deep learning and machine learning prediction explana-

tions using credit scoring experts.

6. A novel formulation of the optimization problem that encompasses multiple coun-

terfactual properties simultaneously without compromising any of the proposed

counterfactual properties.

1.2.7 Thesis by publication layout

• Chapter 1 discusses a brief history of artificial intelligence and credit scoring. A

brief literature review on the rationalization of black-box models is presented. An

overview of how credit scoring works is discussed in detail.

• In Chapter 2, four journal publications are arranged logically, where the succeeding

journals extend from the preceding journals.

• Chapter 3 discusses all four articles and summarizes critical findings in the con-

clusion.



Chapter 2

Thesis Publications

In this thesis, applications of machine learning in credit scoring are investigated. Further,

the explanations of machine learning predictions are studied. Article I investigates

and compares different statistical and machine learning techniques in credit scoring that

are found in the literature. Limitations in credit scoring literature are identified and

discussed. A guiding machine learning framework for credit scoring practitioners is

proposed. The results show that ensemble techniques perform better than statistical

and traditional machine learning techniques. Even though deep learning techniques

are not studied extensively in credit scoring literature, deep learning techniques show

better performances compared to statistical and classic machine learning models. This

propelled us to investigate the performances of deep learning techniques in publicly

available credit scoring datasets, and after that, explain their predictions.

Article II focuses on applying deep learning techniques in credit scoring, specifically

convolutional neural networks. Firstly, tabular data is converted into images using a

novel transformation technique. Secondly, a 2D convolutional neural network is trained

on the converted image data. Thirdly, convolutional neural network predictions are

explained using state-of-the-art explanation techniques. Lastly, explanations are shown

to be good features for classification. According to our knowledge, this is the first study

that converts tabular data into images and then explains the predictions made on the

images. Despite this achievement, the explanations cannot tell the applicant whose loan

has been denied how to make changes to get the loan approved in the future. The

following article addresses this issue.

Article III proposes a novel explanation technique using counterfactual explanations

derived from a custom genetic algorithm. The proposed method is model agnostic and

non-intrusive (i.e. the proposed technique does not tamper with the inner workings

of the actual black-box model). The counterfactual explanations are sparse, focusing

10



Thesis Publications 11

on changing a few features to affect the desired outcome. The explanations from the

proposed method are validated by using credit scoring experts. The proposed method

does not only explain rejected loans; it can also be used to explain accepted loans to

help applicants with their future financial decisions. This article did not consider the

performances of the generated counterfactuals. Hence, the following article looks into

the performances of the generated counterfactual explanations.

Article IV proposes a novel optimization formulation to generate counterfactuals that

possess multiple properties simultaneously. The counterfactual properties considered

are validity, similarity, sparsity, actionability, and plausibility. The proposed approach

is assessed using three optimization techniques: genetic algorithm, particle swarm opti-

mization, and Bayesian optimization. In addition, the properties of the cost function,

such as fairness and robustness, were also assessed. The results show that it is possible

to generate counterfactuals that possess multiple properties simultaneously with a cost

function that is fair and robust. Further, we performed statistical significance testing

for performance comparison between our approach and state-of-the-art approaches. The

empirical results show that there is a trade-off between validity and sparsity. Further, the

empirical results show that our proposed approach does not compromise the proposed

counterfactual properties.

In the sequel, we show original copies of the articles which discuss the above points in

detail.
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a b s t r a c t

In practice, as a well-known statistical method, the logistic regression model is used to evaluate the
credit-worthiness of borrowers due to its simplicity and transparency in predictions. However, in
literature, sophisticated machine learning models can be found that can replace the logistic regression
model. Despite the advances and applications of machine learning models in credit scoring, there are
still two major issues: the incapability of some of the machine learning models to explain predictions;
and the issue of imbalanced datasets. As such, there is a need for a thorough survey of recent literature
in credit scoring. This article employs a systematic literature survey approach to systematically review
statistical and machine learning models in credit scoring, to identify limitations in literature, to propose
a guiding machine learning framework, and to point to emerging directions. This literature survey is
based on 74 primary studies, such as journal and conference articles, that were published between
2010 and 2018. According to the meta-analysis of this literature survey, we found that in general, an
ensemble of classifiers performs better than single classifiers. Although deep learning models have not
been applied extensively in credit scoring literature, they show promising results.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

The history of credit scoring dates back to the 1950s [1].
During those early years, credit decisions were made using a
judgmental approach commonly known as 5C’s approach [2]:

Character: do you know the person or their family?
Capital: how much is being asked for?
Collateral: what is the borrower willing to put up from their
resources?
Capacity: what is their repayment ability?
Condition: what are the conditions in the market?

The drawback of using the 5C’s approach was the incapability of
processing a huge number of applications daily. This resulted in
the advent of scorecards, which make consistent nonjudgmental
decisions that treat all borrowers fairly. The scorecards generate
a score which quantifies the risk of lending money to borrowers.

When a borrower applies for a loan, the financial institution,
without losing generality hereafter referred to as the bank, col-
lects information from the borrower. This information is called
application data and it consists of demographic information, e.g.,

∗ Corresponding author.
E-mail addresses: xdastile12@gmail.com (X. Dastile),

celikturgay@gmail.com (T. Celik), Moshe.Potsane@wesbank.co.za (M. Potsane).

the number of dependents, time at current address, time at cur-
rent employment, etc. The bureau information is also collected
from the local bureaus, and it includes the number of inquiries,
judgments, number of delinquencies, etc. Once the accepted pop-
ulation, i.e. borrowers who have been granted loans, are iden-
tified, their loan repayment history is tracked for a period of
time, e.g. 24-months. A target flag (i.e. good/bad flag) gets created
based on loan repayment history of the accepted population. If
the number of days past due (or missed payments) is less than a
certain number of days, e.g. 90 days, then the borrower is flagged
as a good borrower, otherwise a bad borrower. The known goods
and bads are then used to develop a scorecard. The cut-off score is
determined by the Kolmogorov–Smirnov statistic, and it measures
the distance between the cumulative distribution of goods and
bads. The score which gives the maximum distance between the
distribution of goods and bads is regarded as the cut-off score and
is used to predict the goods and the bads. If a score of a borrower
is larger than or equal to the cut-off score, then the borrower
is predicted as a good borrower otherwise a bad borrower. The
scorecard is then applied to the rejected population to predict
goods and bads and this is referred to as reject inference [3]. The
final application scorecard is built on the accepted and rejected
populations, i.e. Through-The-Door (TTD) population. Please see
Fig. 1 for a schematic view of data flowchart for application score-
cards. Traditionally, financial institutions use a logistic regression
to score borrowers. The choice of using the logistic regression
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Fig. 1. Schematic view of data flowchart for application scorecards.

model is due to its simplicity and transparency. The scores from
logistic regression are calculated using the following formula [3]

Score =
pdo
ln(2)

×

(
β0 +

n∑
i=1

βi

ki∑
j=1

WOEi,j
)
, (1)

where

WOEi,j = ln

(
FGj
FBj

)
(2)

and n is the number of features, ki is the number of groups or
attributes in the ith feature, pdo is points double the odds and is
used as a scaling factor and FGj and FBj are distribution of good
borrowers and bad borrowers in the jth attribute in feature i,
respectively. The βi coefficients are estimated using Maximum
Likelihood Estimation [4].

In literature, sophisticated machine learning (ML) models can
be found that can replace the logistic regression model. In spite of
high accuracies from ML models; ML models are generally unable
to explain their predictions. Financial institutions are regulated
entities and are required to be transparent in their decisions
when using application scorecards. However, techniques that can
deduce rules to mitigate the lack of transparency without even
compromising accuracy are suggested in the literature, e.g. [5].
In this paper, we aim to present a systematic literature survey
of statistical and machine learning models which are employed
in credit scoring between 2010 and 2018 and propose a guiding
ML framework for credit scoring. The remainder of this paper
is organized as follows. In Section 2 we cover the methodology
followed for conducting this systematic literature survey. In Sec-
tion 3 we highlight feature selection/engineering methods. The
learning models are covered in Section 4. In Section 5 we present
evaluation metrics. The data imbalance is covered in Section 6. In
Section 7 we cover model transparency. In Section 8 we discuss
limitations and assumptions of different models. In Section 9 we
discuss emerging trends. Section 10 discusses limitations in liter-
ature. In Section 11 we discuss results. In Section 12 we propose
a guiding framework for machine learning in credit scoring and
finally Section 13 provides conclusion and future work.

2. Survey methodology

This study employs a systematic literature survey approach to

(1) systematically review the most commonly used statistical
and machine learning techniques in credit scoring;

(2) identify limitations in literature;

(3) propose a guiding machine learning framework to perform
credit scoring;

(4) point to emerging directions.

In this survey, the statistical techniques considered include
Linear Discriminant Analysis (LDA), Logistic Regression (LR) and
Naïve Bayes (NB), and the machine learning include k-Nearest
Neighbor (k-NN), Decision Trees (DTs), Support Vector Machines
(SVMs), Artificial Neural Networks (ANNs), Random Forests (RFs),
Boosting, Extreme Gradient Boost (XGBoost), Bagging, Restricted
Boltzmann Machines (RBMs), Deep Multi-Layer Perceptron
(DMLP), Convolutional Neural Networks (CNNs) and Deep Belief
Neural Networks (DBNs). Note that the list of these techniques
for both statistical and machine learning is not exhaustive, the
literature provides a myriad of techniques that are used to model
credit scoring. However, this study only reviews the most com-
monly used techniques as it would be almost impossible to look
at all techniques applied in credit scoring.

A process flowchart of the systematic literature survey
methodology is presented in Fig. 2. Note that this study follows
the methodology of the recently published systematic literature
survey on bankruptcy prediction models [6]. The search words
of the current study are ‘‘Statistical Learning in Credit Scoring’’,
‘‘Machine Learning in Credit Scoring’’ and ‘‘Deep Learning in
Credit Scoring’’. The inclusion criterion for articles is based on
the recently published work in credit scoring and the period
considered is the year 2010 to the year 2018. The study selects
peer-reviewed journal and conference articles as these are con-
sidered to be of high quality [7]. The articles are selected by
reading the abstract and the conclusion, in some instances the
entire article is read. This review is based on articles that are
written in English only. This overlooks one of the requirements in
systematic literature review where language constraints are dis-
couraged. The following databases are used in searching papers:
Google Scholar, Science Direct, IEEEXplore, ACM and Springer-
Link. These databases include studies which are undertaken all
over the world, hence geographical bias is removed.

All unpublished work and dissertations are not included in
this current study. In the end, 74 primary studies were selected
for this systematic literature survey. The primary studies include
models in their hybrid form (i.e. where feature selection/feature
engineering is combined with a classifier or ensemble classifiers)
and in their standalone form. A meta-analysis of the results from
the selected articles is done by producing summary tables, pie-
charts and histograms. The German and Australian credit datasets
are the most frequently used datasets in credit scoring, hence we
used these two datasets for model performance comparisons.
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Fig. 2. Process flowchart of the systematic literature survey methodology.

2.1. Existing literature surveys on bankruptcy prediction or credit
scoring

There are several literature surveys on bankruptcy prediction
or credit scoring [6,8–13]. We briefly highlight the objectives of
each literature survey and show where they differ with our study
in Table 1. The literature surveys in Table 1 focus mostly on
comparing models based on their performances. However, the
listed literature surveys ignore key factors in credit scoring, such
as model transparency and the nature of datasets. Furthermore,
deep learning models are not considered in the listed literature
surveys in Table 1.

Among the existing literature surveys shown in Table 1, [12]
provide the most recent and the most comprehensive systematic
literature survey in credit scoring. The main objective of [12]
is ‘‘proposing a new method for rating, comparing traditional
techniques, conceptual discussions, feature selection, literature
review, performance measures studies and, at last, other issues’’.
Their literature survey covers a period from January 1992 to
December 2015 and focuses on 12 questions on the conceptual
scenario over the techniques. Comparing [12] with our literature
survey, there is an overlap from 2010 to 2015. However, our
literature survey includes the most recent years. According to the
best of our knowledge, there is no systematic literature survey for
credit scoring that has been published which encompasses, sta-
tistical learning, traditional machine learning and deep learning
models.

3. Feature selection and feature engineering

This section provides a review of most commonly used feature
selection (FS) and feature engineering (FE) techniques used in
credit scoring. The distinction between feature selection and

feature engineering is that the feature selection selects a subset
of features from the entire feature set whereas feature engi-
neering creates a new set of features from the existing features.
Albeit, Liang et al. [14] investigated the effect of feature selec-
tion and concluded that performing feature selection does not
always improve the prediction performance, the studies in [15–
19] showed that removing redundant features can improve model
performance in credit scoring. There are also studies [20–22]
which employed meta-heuristic approach such as Genetic Algo-
rithm for feature selection. We divided the feature selection into
filter, wrapper and embedded methods.

3.1. Filter methods

The filter methods perform feature selection based on the
univariate analysis of the features without using a predictor.
They compute a score for each feature and select a subset of
features based on their scores. In the following, we present most
commonly used filter methods in credit scoring.

3.1.1. F-score
F-score measures the discrimination of two sets of real num-

bers [17]. Given m training vectors xk, where k = 1, 2, . . . ,m,
and if the number of positive and negative instances are m(+1)

and m(−1), respectively, then the F-score of the ith feature F (i) is
defined as follows

F (i)

=
(x̄i(+1) − x̄i)2 + (x̄i(−1) − x̄i)2

1
m(+1)−1

∑m(+1)

k=1 (x(+1)k,i − x̄i(+1))2 + 1
m(−1)−1

∑m(−1)

k=1 (x(−1)k,i − x̄i(−1))2

(3)
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Table 1
Existing literature surveys on bankruptcy prediction or credit scoring and their differences from this survey paper.
Survey paper Articles searched Years Objective Difference from this survey

[8] 165 1965–2010 ✓ Investigation of model type by decade
✓ Analysis of Number of features used by
decade
✓ Compare model performance

✓ Transparency is not reported
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[9] 214 Not specified ✓ Comparing models based on performance ✓ Transparency is not reported
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[10] 130 1995–2010 ✓ Models are compared based on design,
datasets and baselines

✓ Transparency is not covered
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[11] Not specified Not specified ✓ Comparing models based on performance ✓ Transparency is not reported
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[12] 187 1992–2015 ✓ Proposing a new method for scoring
✓ Compare traditional techniques
✓ Conceptual discussion

✓ Transparency is not reported
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[13] 6 Not specified ✓ Compare model performance ✓ Transparency is not reported
✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

[6] 49 2010–2015 ✓ Compare models based on accuracy,
transparency, data size capability, data
dispersion and etc.

✓ Deep learning models are not covered
✓ Nature of datasets (balanced vs imbalanced) is not
reported

where xk,i is the ith feature of the kth sample, x̄i, x̄i(+1) and x̄i(−1)

are the averages of the ith feature of the whole, positive, and
negative datasets, respectively [17]. The numerator indicates the
discrimination between the positive and negative sets, and the
denominator indicates the one within each of the two sets. The
larger the F-score value is, the more discriminative power the
feature has [17,23].

3.1.2. Rough set theory
In rough set theory, the sample dataset is called information

system, denoted by I = (U, A), where U is a non-empty finite
set of observations called the universe and A is a non-empty
finite set of features. Firstly, a notion of indiscernibility relation
on a universe set is defined. With every subset B ⊆ A, an
indiscernibility relation on U is defined as follows

I(B) = {(x, y) ∈ U × U : fi(x) = fi(y),∀i ∈ B}, (4)

where fi : U → Vi is the ith feature function and Vi is a set of
values associated with feature i. Feature i is redundant in B if
I(B) = I(B − {i}), otherwise feature i is important in B. If all of
the features in B are important, then B is said to be a reduced set
of features [24–26].

3.2. Wrapper methods

The wrapper methods select a subset of features based on
an evaluation metric, such as accuracy, of a pre-determined pre-
dictor. Each subset of the features are scored according to their
predictive power, thus, the wrapper methods are computationally
expensive compared to the filter methods. However, since they
select features based on the performance of the pre-determined
predictor, the wrapper methods usually outperform filter meth-
ods in credit scoring. In the following, we present the most
commonly used wrapper methods in credit scoring.

3.2.1. Stepwise selection
The stepwise feature selection has three components [3],

namely, forward feature selection, backward feature elimination
and a stepwise feature selection which is a combination of both
forward feature selection and backward feature elimination. All
three components use linear regression and a p-value for feature
selection. The forward feature selection starts by regressing one
feature and if the feature is significant according to the p-value
then that feature is retained. This process is repeated by adding
one feature at a time until the list of features is exhausted, and
the significant features are retained and insignificant features are
discarded. The backward feature elimination works the opposite
way, you start with the entire set of features and you keep
discarding features with p-values less than the chosen level of
significance [27]. The stepwise feature selection adds and removes
features.

3.2.2. Genetic algorithm
A genetic algorithm [28] uses genetic inspired operators to

evolve an initial population into a new population. These oper-
ators are the selection, crossover and mutation. Each population
comprises of chromosomes (a string of bits (0/1)) that represent
genetically encoded individual solutions to a specific problem. Se-
lection operator selects chromosomes in the population (a set of
solutions) for reproduction. Crossover operator randomly chooses
a position and exchanges the subsequent bits before and after
that position between two chromosomes to create two offsprings.
Mutation operator randomly flips some of the bits in a chro-
mosome. Each individual has a fitness score assigned to them,
which represents its ability of be selected. For feature selection,
the individuals are subsets of features that are encoded as bits
where the ith feature is selected if the corresponding bit is set
to 0. The fitness value is some measure of model performance,
such as classification accuracy. A new population is evolved by
using operators of crossover, where selection is based on indi-
vidual’s fitness function and its ability to reproduce the next
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generation [29]. Hence, genetic algorithm is an evolutionary algo-
rithm problem that is solved by searching a space (in our case a
space of features). However, the key elements of problem solving
by search are exploitation and exploration. The exploitation uses
the information from previously visited points to determine the
prospect of finding profitable regions to be visited next and the
exploration is the process of visiting new regions of a search space
to uncover promising offsprings [30]. ‘‘How and when to control
and balance exploration and exploitation in the search process to
obtain even better fitness results and/or convergence faster are
still on-going research’’ [31]. It is key that a diversified population
is maintained during the whole search process. The measure of
diversity is entropy and it represents the amount of population
disorder, where an increase in entropy results in an increase in
diversity [30].

3.3. Embedded methods

The embedded methods optimize an objective function or
learning classifier with a goodness-of-fit term and a penalty for a
large number of features [32]. The most commonly used embed-
ded method in credit scoring is the least absolute shrinkage and
selection operator (LASSO) [33]. Given a linear regression model
to predict dependent variable yi using independent variables xi,js
for ith sample in the training dataset, i.e.

yi =
n∑

i=1

xi,jβj + β0, (5)

where j = 1, 2, . . . , n, the LASSO [33] solves the L1-penalized
regression problem of finding the set of parameters β = {βj}

n
j=1

to minimize
m∑
i=1

(
yi −

∑
j

xi,jβj

)2
+ λ

n∑
j=1

|βj|, (6)

where m is the number of instances in the training dataset and
λ
∑n

j=1 |βj| represents the penalty term. The penalty term reduces
coefficients βj and simplifies the linear regression model. Thus,
the LASSO performs variable selection and model shrinkage based
on the magnitude of βjs.

3.4. Feature engineering

The original features may be dependent on each other which
may reduce the performance of a predictor. To tackle this prob-
lem, feature engineering is used to create a new set of engineered
features from the original ones. The feature engineering methods
can either decrease or increase the dimensionality of feature
vectors [34]. In the following, we provide a brief review of most
commonly used feature engineering methods in credit scoring.

3.4.1. Principal Component Analysis
Principal Component Analysis (PCA) aims to transform/

compress the data from a higher dimensional space Rn to a lower
dimensional space Rk [35], where k ≪ n. Note that relevant
feature information (variance) is not lost during this transforma-
tion. The reduced feature space consists of principal components
which are orthogonal to each other. Each principal component
represents the direction of maximum variance. The principal
components are computed via eigenvalue decomposition of the
covariance matrix of features. The resulting eigenvectors from the
decomposition are used as principal components. The following
steps are used when constructing principal components:

1. Standardize the n dimensional dataset. Each feature xi,j of
the feature vector xi is standardized according to

xi,j ←
xi,j − µj

σj
, (7)

where µj and σj are the mean and standard deviation of jth
feature.

2. Construct the covariance matrix Σ . The covariance matrix
is computed as

Σ =
1

m− 1

m∑
i=1

xixTi , (8)

where xi is assumed a column vector.
3. Apply eigenvalue decomposition on the covariance matrix

to compute eigenvalues (λjs) and eigenvectors (ejs).
4. Select k eigenvectors that correspond to the k largest eigen-

values, where k is the dimensionality of the new feature
subspace. Generally, the variance explained ratio is used to
select the number of principal components (eigenvectors).
For a set of all sorted eigenvalues

λ1 ≥ λ2 ≥ · · · ≥ λn, (9)

the variance explained ratio is defined as follows∑k
j=1 λj∑n
j=1 λj

. (10)

The chosen k eigenvectors will have a high total explained
variance.

5. Finally, use k eigenvectors and project each feature vector
x to k-subspace, i.e.,

x̂ = (x− µ)T [e1, e2, . . . , ek], (11)

where µ = [µ1, µ2, . . . , µn]
T is the mean vector and x̂ ∈

Rk is the projection of x onto k-subspace.

3.4.2. Autoencoders
Fig. 3 shows an autoencoder which is a type of neural network

with three layers, namely; input, hidden and output layers. For
a typical autoencoder, the input variables are the same as the
target variables. The autoencoder learns representations of its
inputs at hidden layer and tries to reconstruct its inputs from
the learned representations by optimizing a cost function on a
training dataset, i.e.

E =
1
2

m∑
i=1

∥a2(a1(α(1)xi)α(2))− xi∥22, (12)

where α(1), α(2) are weights and a1, a2 are activation functions
between input and hidden layer, hidden layer and output layer,
respectively. Once α(1) and α(2) are learned, a feature vector x is
mapped to x̂ as follows x̂ = σ1(α(1)x) which is further used as
engineered feature vector. One can choose different number of
hidden layers for the autoencoder to learn complex representa-
tions in the data. Furthermore, the autoencoder can both decrease
or increase the dimensionality of the projected vectors x̂ with
respect to the dimensionality of the input feature vector x.

3.4.3. Linear discriminant analysis
Linear discriminant analysis (LDA) was first introduced

by Fisher [36]. The following outlines the steps taken when using
LDA for feature selection [37].

1. Calculate n-dimensional mean vectors µ(+1) and µ(−1) for
‘‘good’’ (or positive (+1)) and ‘‘bad’’ (or negative (−1))
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Fig. 3. An example of an autoencoder with one hidden layer. The green circles
represent inputs, the blue circles represent engineered features, the red circles
are reconstructed inputs.

classes, respectively:

µ(+1)
=

1
m(+1)

m(+1)∑
k=1

x(+1)k ,µ(−1)
=

1
m(−1)

m(−1)∑
k=1

x(−1)k . (13)

2. Construct the within-class scatter matrix Sw and the
between-class scatter matrix Sb:

Sw =
∑

∀c∈{+1,−1}

m(c)

m(+1) +m(−1)

m(c)∑
k=1

(
x(c)k − µ(c)

)(
x(c)k − µ(c)

)T
(14)

Sb =
∑

∀c∈{+1,−1}

m(c)

m(+1) +m(−1)

(
µ(c)
− µ

) (
µ(c)
− µ

)T
(15)

where µ = m(+1)

m(+1)+m(−1) µ
(+1)
+

m(−1)

m(+1)+m(−1) µ
(−1) is the overall

mean of the dataset.
3. Apply eigenvalue decomposition on the matrix inv (Sw) Sb

to compute eigenvalues (λjs) and eigenvectors (ejs), where
inv (·) is matrix inverse.

4. Similar to PCA, select k eigenvectors that correspond to the
k largest eigenvalues.

5. Finally, use k eigenvectors and project each feature vector
x to k-subspace, i.e.,

x̂ = xT [e1, e2, . . . , ek], (16)

where x̂ ∈ Rk is the projection of x onto k-subspace.

4. Supervised learning

Credit scoring is a supervised learning problem, specifically it
is a binary classification problem, where the aim is to classify
good borrowers and bad borrowers. In this section we first define
supervised learning problem and then present most commonly
used statistical and machine learning methods in credit scoring.

4.1. Supervised learning problem

In the context of credit scoring, supervised learning problem
can be defined as searching for a model φ : Rn

↦→ {+1,−1}
which maps a feature vector x ∈ Rn to a predicted class label
ŷ ∈ {+1,−1}, i.e

φα : x→ ŷ, (17)

α is the set of the model parameters. For the ease of reading φα

and φ are used interchangeably.

In order to learn the model parameters, information from the
previously processed applicants are collected to form a labeled
dataset

D = {(xk, yk)}mk=1,

where xk ∈ Rn denotes kth applicant’s feature vector and yk ∈
{+1,−1} is the corresponding label from the set of classes (good
borrower = +1) and (bad borrower = −1). The dataset D is split
into a training set Dtrain ⊂ D and a test dataset Dtest ⊂ D where
Dtrain ∩ Dtest = ∅ and Dtrain ∪ Dtest = D.

Once the training and testing datasets are formed, the param-
eters α of the model φ are learned on the training dataset Dtrain
by minimizing a cost function C

C(Dtrain, φ) =
∑

∀xk∈Dtrain

d(yk, φ (xk)), (18)

d(yk, φ (xk)) is a distance measure, such as the Mean Squared
Error (MSE) or Cross-Entropy, between yk and its prediction ŷk =
φ (xk) from the model. The optimal parameters α∗ of the model
φ are obtained according to

α∗ = argmin
α

C(Dtrain, φα). (19)

The performance of the learned model φα∗ is assessed on the test
dataset Dtest .

4.2. Statistical learning models

This section discusses popular statistical learning techniques
in credit scoring.

4.2.1. Linear discriminant analysis
The Linear Discriminant Analysis (LDA) develops a linear com-

bination of independent features which yield the largest mean
difference between classes. Under the assumption of equal class
covariances [38], we have the following solution in Eq. (20) for a
binary classification problem, such as credit scoring. For a given
feature vector x we decide for class ŷ = +1 if the expression on
the right hand side is greater than the expression on the left hand
side, otherwise we decide for class ŷ = −1

(µ(+)
− µ(−1))TΣ−1(x− µ) ≷ log(P(y = −1))− log(P(y = +1)),

(20)

where P(·) denotes probability.

4.2.2. Logistic regression
The Logistic Regression (LR) is the most commonly used sta-

tistical model in credit scoring due to interpretability of its deci-
sions. The LR model is defined as

P(y = +1|x) =
1

1+ exp(α0 + αTx)
(21)

and

P(y = −1|x) = 1− P(y = +1|x) =
exp(α0 + αTx)

1+ exp(α0 + αTx)
, (22)

where x ∈ Rn is the feature vector, P(y = +1|x) is the prob-
ability of classifying x as a good borrower, P(y = −1|x) is the
probability of classifying x as a bad borrower and {α0,α} are the
model parameters estimated by using, e.g., maximum likelihood
estimation on the training dataset [4]. Once the model parameters
are estimated, the decision on an input feature vector x is made
in favor of ŷ = +1 if

P(y = +1|x) ≥ P(y = −1|x), (23)
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which is equivalent to the following decision rule

ŷ =
{
+1 for 1 ≥ exp(α0 + αTx);
−1 otherwise. (24)

4.2.3. Naïve Bayes
The Naïve Bayes (NB) classifier is based on Bayes decision

rule [39]. The adjective ‘‘naive’’ comes from the assumption that
the features in a dataset are mutually independent. The Naïve
Bayes classifier decides for class y = +1 over y = −1 if

P(y = +1|x) ≥ P(y = −1|x), (25)

where

P(y = +1|x) =
p(x|y = +1)P(y = +1)

p(x)
(26)

and

P(y = −1|x) =
p(x|y = −1)P(y = −1)

p(x)
. (27)

The probability density p(x) of observing x is defined according
to

p(x) = p(x|y = +1)P(y = +1)+ p(x|y = −1)P(y = −1) (28)

and the conditional density functions p(x|y = −1) and p(x|y =
+1) are modeled according to

p(x|y = −1)

=
1

(2π )
m
2 |Σ (−)

|
1
2
exp{−

1
2
(x− µ(−))T inv

(
Σ (−)) (x− µ(−))}

(29)

and

p(x|y = +1)

=
1

(2π )
m
2 |Σ (+)

|
1
2
exp{−

1
2
(x− µ(+))T inv

(
Σ (+)) (x− µ(+))},

(30)

where Σ (−) and Σ (+) are covariance matrixes computed on neg-
ative and positive instances from the training dataset. For the
Naïve Bayes classifier, Σ (−) and Σ (+) are diagonal matrices.

Note that p(x|y = −1) and p(x|y = +1) are uni-modal
multivariate Gaussian distribution density functions which may
not adequately model multi-modal data. In this case, one can em-
ploy multi-variate Gaussian Mixture Model [40] and Expectation
Maximization (EM) [41] to learn the model parameters on the
training dataset.

4.3. Machine learning models

This section discusses popular machine learning techniques in
credit scoring.

4.3.1. k-Nearest neighbor
A k-Nearest Neighbor (k-NN) [42] assigns to an input feature

vector x the class of the majority of its k nearest neighbors in the
training dataset. The nearest neighbors are determined by calcu-
lating the Euclidean distance or Mahalanobis distance between the
input feature vector x and the training dataset {xk}mk=1. Thus the
class for the new data point is

y = majority
y∈{+1,−1}

[
argmin

k

{xk}mk=1 − x
] . (31)

Fig. 4. An example of a decision tree in credit scoring.

4.3.2. Decision trees
As shown in Fig. 4 a Decision Tree (DT) [39] asks a series of

questions in order to arrive to an answer (which is a class label).
The root of the Decision Tree is called the root node and it is the
most discriminating feature. The leaf nodes denote the classes.

4.3.3. Support vector machines
A Support Vector Machine (SVM) [43] uses an idea of a hy-

perplane (which is a decision boundary) that separates classes
in a high dimensional feature space. The linear SVM focuses on
maximizing the margin ∥α∥ =

√∑m
i=1 α

2
i between the negative

and positive hyperplanes. The correct class is assigned by using
the following equation:

y =
{
+1, if b+ αTx ≥ +1
−1, if b+ αTx ≤ −1.

(32)

where b is the bias. For non-linear cases, a kernel trick [44] is
used to project features into a high dimensional space.

4.3.4. Artificial neural networks
An Artificial Neural Network (ANN) [45] is a system which

is motivated by a biological neural network system. An ANN
emulates the way in which a biological neural network of the
brain processes information by means of interconnected neu-
rons [2,46,47]. Typically, a neural network consists of three lay-
ers, namely an input, hidden and output layers [48]. Essentially,
training a neural network involves the process of finding opti-
mal weights that map the input and output layers by means of
back-propagation.

For a given input feature vector x, a three-layer ANN computes
the output ŷ according to

ŷ = a2(a1(α(1)x+ α(1)
0 )α(2)

+ α
(2)
0 ), (33)

where (α(1)
0 ,α

(1)), (α(2)
0 ,α

(2)) are weights and a1, a2 are activation
functions between input and hidden layer, hidden layer and out-
put layer, respectively. The parameters are learned on a training
set. The ANN performs final decision by applying a decision
function, such as soft-max, on ŷ. The ANN was first applied in
credit scoring by Odom and Sharda [49].

4.3.5. Random forests
A Random Forest (RF) is an ensemble of decision trees [50],

i.e. K decision trees are built on bootstrapped samples with m
observations. Each decision tree is developed using a subset of
randomly chosen k features. Each decision tree will give a class
of a new feature vector. Thereafter, for overall classification, a RF
assigns the class of the new feature vector by using majority vote
based on the outputs from the decision trees.
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4.3.6. Boosting
The Boosting works by estimating multiple models iteratively

and assigning weights to data instances [51]. Boosting starts by
developing a weak model (i.e. shallow decision tree). Thereafter
a better model that will address errors of the previous model
is developed. The instances which were incorrectly classified by
the previous model will be assigned higher weights. The popular
boosting technique is Adaptive Boosting (Ada-boost). The Ada-
boost assigns a class to an input feature vector x in the following
way

ŷ = sign

(
T∑

t=1

αtφt (x)

)
, (34)

where αt is the weight of classifier φt (x) and T is the total number
of classifiers. The parameters αts are learned on the training
dataset.

4.3.7. Extreme gradient boost
The XGBoost [52] is short for extreme gradient boosting. The

XGBoost is famously known for its processing speed and per-
formance. It works similar to gradient boosting but builds the
decision trees in parallel instead of building the decision trees in
a series [53]. The optimization function to minimize is

L(t)
=

n∑
k=1

l(yk, ŷ
(t−1)
k + φt (xk))+Ω(φt ) (35)

where l(·) is a loss function and Ω(φt ) is a regularization term
that penalizes complexity of the model. The goal of XGBoost is to
find the φt which minimizes the objective function L(t) [54].

4.3.8. Bagging
The Bagging classifier is also known as the bootstrap aggre-

gation [55]. The Bagging technique takes K bootstraps from the
underlying datasets and builds a classifier for every bootstrap.
Then a class label is assigned by using a majority vote from votes
of the K classifiers

y = argmax
y∈{+1,−1}

K∑
i=1

1 (y = φi(x)) , (36)

where

1 (y = φi(x)) =
{
1, if y = φi(x);
0, if y ̸= φi(x).

(37)

4.4. Deep learning models

Deep learning algorithms have been successfully applied in
literature since the 1980s in an attempt to improve classification
accuracy. Moreover, deep learning models with optimal hidden
layers have been developed to reveal information not easily de-
tectable with traditional statistical and machine learning models.
The following subsections highlight the deep learning models that
are used in credit risk datasets.

4.4.1. Restricted Boltzmann machines
As shown in Fig. 5, a Restricted Boltzmann Machine (RBM) can

be perceived as an undirected neural network with two layers.
The two layers can be called the hidden and the visible layers.
The hidden layer is used as a feature detector while the visible
layer is used to train the input data [56]. Given n visible layers v,
and m hidden layers h, the energy function is

E(v, h) = −
n∑

i=1

aivi −
m∑
j=1

bjhj −

n∑
i=1

m∑
j=1

αijvihj, (38)

Fig. 5. A restricted Boltzmann machine architecture with a visible layer v and
a hidden layer h.

Fig. 6. A deep belief neural network architecture which is composed of several
hidden layers of restricted Boltzmann machines.

where ai and bj are biases for binary variables vi and hj respec-
tively, while αij are the weights between unit i and j.

4.4.2. Deep belief neural networks
Deep Belief Networks (DBNs), introduced by Hinton et al. [57],

is a class of deep neural networks. As shown in Fig. 6 a typical
DBN is composed of several hidden layers of RBM. Essentially,
an output of a lower level RBM can be perceived as input of the
higher level RBM. Fig. 6 shows a graphical view of the DBN layers.

4.4.3. Convolutional neural networks
Convolutional Neural Networks (CNNs) were first introduced

by LeCun et al. [58] and have been mainly used in image process-
ing [59–61], and on time series data [60,62,63]. The convolutional
neural network consists of an input layer, convolutional layers,
pooling layers and fully connected layers (see Fig. 7). The convo-
lutional and pooling layers are responsible for extracting data
representations [64].

Input. A convolutional neural network takes inputs as tensors of
shape (height, width, channel). In image classification, the height
and width values represent the height and width of an image. The
channel represents the depth/color of an image (e.g. 1 represents
a gray-scale image and 3 represents an image with color). A
tensor is a multidimensional array that contains numerical values
or in some instances non-numeric values. The input shape is
normally changed into a shape that the convolutional neural
network anticipates and the input is scaled so that all values are
in the [0, 1] interval [64]. Since credit scoring data is not an image
data, a 1D convolutional neural network is normally used for non-
image data with the exception of speech/voice data. Hence, for
credit scoring, the CNN architecture consists of an input layer
which is a tensor of shape (m, 1, n), where m is the number of
instances and n is the number of features. Each instance is a
feature vector with three channels that has a shape (1, 1, n). All
inputs are scaled into [0, 1] interval.
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Fig. 7. A 1D convolutional neural network architecture which consists of two convolutional layers, two pooling layers and a fully connected layer.

Convolutional layer. The word ‘‘convolution’’ refers to a math-
ematical operation which is a specialized kind of linear opera-
tion [65]. Below is a convolution function

(f ∗ g)(t) =
∫
∞

−∞

f (x)g(t − x)dx. (39)

A convolutional layer learns local patterns [64], for example, in
image classification, a convolutional layer breaks down an image
into edges and textures. These local patterns are feature maps
and are also known as activation maps. A convolution operation is
applied on the input tensor and the feature detector. The feature
detector also known as the filter or kernel is a tensor of shape
(height, width). The feature detector slides along different loca-
tions of an input tensor to form a feature map. The feature map
is a reduced and transformed input tensor. A non-linear activation
function such as ReLU (Rectified Linear Unit) or a Sigmoid function
is applied on activation maps to introduce non-linearity.

Pooling layer. A pooling layer is responsible for downsampling
feature maps. At pooling layer, either a max pooling or an average
pooling is used. For max pooling, each local input location is trans-
formed by taking the maximum value of each channel over the
location, whereas for average pooling, an average value of each
channel is used. A convolutional neural network has a property
called spatial invariance, which occurs at a pooling layer. The
spatial invariance assures that the network is not influenced by
input distortions or variations. Thus, the pooling layer is capable
of preserving important features.

Flattening. The pooled feature maps are then converted into a
single vector by a process called flattening. This single vector
becomes an input to a fully connected artificial neural network.

Fully connected layer. A Fully Connected Layer is a feed forward
artificial neural network. It consists of an input layer, hidden
layer/s and an output layer. At output layer, a loss function or cost
function is defined as follows

C(y, ŷ) =
∑
∀i

d(yi, ŷi), (40)

where yi, ŷi ∈ {+1,−1} and d(yi, ŷi) is a measure between yi and
ŷ(i) such as the Mean Squared Error(MSE) or Cross-Entropy. The
mean squared error is

MSE =
1
m

m∑
i=1

(yi − ŷi)2, (41)

and the cross-entropy is

H(y, ŷ) = −
1∑

i=0

yi log ŷi. (42)

Table 2
A confusion matrix with correct predictions, True Positives (TP) and True
Negatives (TN), and incorrect predictions, False Positives (FP) and False Negatives
(FN).

Predicted

Positives Negatives

Actual Positives TP FN
Negatives FP TN

A neural network tries to minimize the cost function by learning
and updating the connection weights using back propagation [66].

4.4.4. Deep Multi-Layer Perceptron
A Multi-Layer Perceptron with multiple hidden layers is called

Deep Multi-Layer Perceptron. Deep Multi-Layer Perceptron is
a directed neural network and training is performed by back-
propagation. The cost or loss function for Deep Multi-Layer Per-
ceptron uses Softmax and Cross-Entropy to update the weights.
The Softmax function is

fj(z) =
ezj∑
k ezk

(43)

and fj(z) ∈ [0, 1] and zj is a probability output from the network.

5. Evaluation metrics

There are many evaluation metrics which are used in litera-
ture and the following metrics are the most popular metrics for
assessing the performance of the models in credit scoring. The
Percentage Correctly Classified (PCC), Type I Error, Type II Error,
Kolmogorov–Smirnov Statistic (K-S), Sensitivity/Recall, Specificity,
Geometric-Mean(G-mean), F-measure and Area Under Receiver Op-
erating Characteristics Curve (AUC). Each of these metrics is shown
in the sequel.

A confusion matrix (see Table 2) consists of True Positives (TP),
True Negatives (TN), False Positives (FP) and False Negatives (FN)
and is used for calculating the metrics which are discussed in this
section. Based on credit scoring classification, TN is the number of
borrowers who are correctly classified as non-defaults, FP is the
number of non-defaulted borrowers who are incorrectly classified
as defaults, FN is the number of defaulted borrowers who are
incorrectly classified as non-defaults and TP is the number of
borrowers who are correctly classified as defaults.

From the confusion matrix the performance metrics can be
derived, such as

PCC =
(TP + TN)

(TP + FP + FN + TN)
, (44)

Type I =
(FP)

(FP + TN)
, (45)
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Type II =
(FN)

(TP + FN)
, (46)

Sensitivity/Recall =
TP

(TP + FN)
, (47)

Specificity =
TN

(FP + TN)
, (48)

G–mean =

√
TN

(FP + TN)
×

TP
(TP + FN)

, (49)

F–measure =
2× Recall× Precision
Precision+ Recall

. (50)

The Kolmogorov–Smirnov Statistic

K–S = max|P(s|G)− P(s|B)| (51)

calculates the maximum distance between the cumulative score
distribution of bads P(s|B) and goods P(s|G)

P(s|B) =
∑
t≤s

p(t|B) (52)

and

P(s|G) =
∑
t≤s

p(t|G) (53)

respectively and where s ∈ Z+ denotes a score in 500 ≤ s ≤
1000.

The AUC [67] is

AUC =
1
2

(
1+

TP
TP + FN

−
FP

FP + TN

)
(54)

and measures the discriminative power of a model between
classes.

6. Data imbalance

Imbalanced datasets occur as the number of observations in
one class (referred to as a minority class) in a dataset is usually
much lower than the number of observations in the other class
(referred to as a majority class). There are studies that have dealt
with imbalanced datasets. For example, Brown and Mues [15]
showed that the random forest and gradient boosting classifiers
perform very well in a credit scoring context and are able to
cope comparatively well with pronounced class imbalances in the
datasets. On the other hand, when faced with a large class im-
balance, the C4.5 decision tree algorithm, quadratic discriminant
analysis and k-nearest neighbors perform significantly worse than
the best performing classifiers. Douzas and Bacao [68] tackle the
problem of imbalanced datasets by using a novel oversampling
method, Self-Organizing Map-based Oversampling (SOMO).

There are a number of over-sampling (applied on minority
class) or under-sampling techniques (applied on majority class)
that can be found in literature. For example, Chawla et al. [69]
proposed Synthetic Minority Over-sampling Technique (SMOTE).
The SMOTE over-samples the minority class by taking each mi-
nority class sample and creating synthetic examples (along the
line segments joining any/all of the k minority class nearest
neighbors). Thereafter, neighbors from the k nearest neighbors
are randomly chosen, depending on the amount of over-sampling
required. For instance, if the amount of over-sampling needed is
300%, only three neighbors are chosen and one sample is gener-
ated in the direction of each. Synthetic samples are generated by
taking the difference between the feature vector (sample) under
consideration and its nearest neighbor. Thereafter this difference
is multiplied by a random number between 0 and 1, and is added

to the feature vector under consideration to form a synthetic
feature vector.

There are other techniques that neither do over-sampling nor
under-sampling to deal with class imbalance, such as wavelet
data transformation and linear dependence approach. Saia et al.
[70] proposed a discrete wavelet transformation to deal with
imbalanced data in credit scoring. Wavelets are small waves and
wavelet transform captures both the time and frequency do-
mains [71]. The discrete wavelet transform disintegrates a signal
wave into a set of wavelets that is mutually orthogonal [71]. Saia
et al. [70] approach outperformed the random forest model re-
gardless of data distributions. Saia and Carta [72] proposed a
linear dependence approach for imbalanced data. The idea was
to exploit one class (the majority class) to overcome imbalanced
class distribution issue. The linear dependence is determined by
calculating the determinant of a square and non-square matrices.
The determinant is a real number that is calculated from a matrix.
When vectors are dependent, their determinant is zero. Saia
and Carta [72] used an average of sub-matrix determinants and
reliability band of the majority class to classify new instances. The
proposed approach performed very similarly to the random forest
model.

7. Model transparency

This section discusses different model transparency
techniques. The aim of model transparency is to make non-
transparent models explainable. In a case of credit scoring, this
will help in explaining why a borrower was not granted a loan.
In the following, we present the most commonly used model
transparency techniques in credit scoring.

7.1. NeuroRule

The NeuroRule was first introduced by Setiono and Liu [73].
The NeuroRule uses three-layer feed-forward neural network. The
NeuroRule consists of six steps:

(Step-1) Build and train a neural network;
(Step-2) Prune the neural network to remove irrelevant connec-

tions;
(Step-3) Discretize the hidden unit activation values of the pruned

neural network by clustering;
(Step-4) Extract rules that describe the network outputs in terms

of the discretized hidden activation values;
(Step-5) Extract rules that describe the discretized hidden unit

activation values in terms of the network inputs;
(Step-6) Combine the two sets of rules extracted in steps 4 and

5 to obtain a final set of rules that relate the inputs and
outputs of the network.

7.2. Trepan

Trepan was first introduced by Craven and Shavlik [74]. Trepan
is an hybrid intelligent system. It [Trepan] induces a tree to
approximate any classifier’s predictions. Hence, Trepan is not
restricted to neural networks. Trepan learns queries as opposed
to normal decision trees which learn from data. At each node,
Trepan stores (i) a subset of training observations, (ii) a set of
query instances and (iii) a set of constraints (the conditions that
observations must satisfy in order to reach the node).

7.3. LIME

LIME stands for Local Interpretable Model-Agnostic Explana-
tions. LIME is capable of explaining a prediction of any classifier
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by learning an interpretable model (e.g. a Decision Tree or a linear
model) around a prediction [75]. The logic behind explaining
predictions is for human subjects to have trust in the predictions
if actions need to be taken. For example, if a doctor depends
on a model to predict presence/absence of any disease, he/she
will need to trust the model predictions in order for him/her to
prescribe medication for patients. The doctor has prior knowl-
edge in the field of medicine, he/she will either accept or reject
the explanation based on his/her expertise. Hence, human prior
knowledge plays an important role for accepting or rejecting
explanations for predictions. LIME is designed to provide trust to
human subjects.

7.3.1. Interpretable data representation
Before acquiring explanations, a data set needs to be in a for-

mat that is understandable to humans. This is applicable, e.g., in
image classification or text classification, where features in the
input space need to be transformed to a vector of ones and
zeros to indicate the presence or absence of feature components.
An observation x ∈ Rn is transformed into x̂ ∈ {0, 1}n′ for
interpretability.

7.3.2. Local fidelity
The behavior of a classifier in the vicinity of an individual

prediction determines the local faithfulness of an explanation.
Let an explanation be denoted by e ∈ E where E is a space of
interpretable models, e.g., decision trees or linear models. The
complexity of an explanation is given by Ω(e), e.g., for decision
trees the complexity is the depth of a tree. Let φ : Rn

→ R
be a classifier which needs to be explained and let πx(y) be a
proximity measure between observation y to observation xwhich
defines the locality around x. The measure of how unfaithful is e
in explaining φ(x) in the locality given by πx(y) is

ψ{φ, e, πx}, (55)

where

πx(y) = exp
(
−D(x, y)2/σ 2) (56)

is an exponential kernel defined on some distance D (e.g. Maha-
lanobis distance).

To obtain interpretability and local fidelity, an optimization is
performed to minimize equation Eq. (55) and Ω(e) is kept low.
Hence, the prediction explanation for observation x is

ζ (x) = argmin
e∈E

ψ{φ, e, πx} +Ω(e). (57)

7.3.3. Model agnostic
For explanations to be model-agnostic, we do not need to

make assumptions about φ. This will ensure that any prediction
of any black-box model can be explained.

7.3.4. Sampling
The Eq. (55) is approximated by drawing samples which are

weighted by πx around an observation of interest x. The sampling
is done by drawing non-zero elements of x uniformly at ran-
dom [75]. Then x̂ ∈ {0, 1}n′ is a perturbed sample which contains
non-zero elements of x. The perturbed data set is denoted by ℜ.
The outcome/label prediction for x̂ is given by φ(x).

7.3.5. Sparse linear explanations
This is a part where predictions are explained. In this stage an

explainer is a linear model. Hence, e(x̂) is a linear model

e(x̂) = αT x̂. (58)

Let x be the original representation of x̂. Then the Eq. (55) be-
comes a locally weighted square loss

ψ{φ, e, πx} =
∑
x,x̂∈ℜ

πx(Φ(x)− e(x̂))2. (59)

8. Model limitations and imposed assumptions

The Linear Discriminant Analysis (LDA) technique is one of
the two popular statistical techniques applied in credit scor-
ing, and is subject to a parametric assumption which is defined
as the underlying multivariate normal distribution of the fea-
tures. Eisenbeis [76] argues that categorical features violate this
parametric assumption. The other model which uses two strong
statistical assumptions (i.e. i. the assumption that the features are
conditionally independent ii. the values of numeric features are
normally distributed) is the Naïve Bayes Classifier. The normally
distributed assumption in Naïve Bayes classifier does not always
hold in other domains, hence a need to estimate other continuous
distributions is required [77].

The most popular statistical technique in credit scoring is
Logistic Regression (LR). The Logistic Regression assumes a linear
relationship between the inputs and the log odds. However, the
linearity assumption does not always hold, there are other cases
where the relationship between the independent variables and
the log odds is non-linear. In such cases kernel Support Vector
Machines (SVM) serves as one of the non-linear classification
techniques to be used. However, Yu et al. [78] argues that the
performance of SVM model is sensitive not only to the algo-
rithm for solving the Quadratic Programming problem but also
to the parameters setting in learning (i.e. regularized parameter
balancing the classification margin and tolerable misclassification
errors, and the kernel parameter). Yu et al. [78] propose Least
Squares SVM (LSSVM) to solve the quadratic programming prob-
lem and the design of the experiment for parameter selection in
SVM modeling.

Henley and Hand [42] propose the use of a non-parametric
technique, k-nearest neighbor method in credit scoring. However,
the k-nearest neighbor method is costly because it requires more
computations (i.e. it calculates a metric distance for each data
record stored during classification). Jiang [79] proposes the use
of a decision tree (C4.5) in conjunction with an approach called
Simulating Annealing Algorithm (SAA) which performs global
optimization. In this study, Jiang highlights the shortcoming of
the Decision Tree approach which is the inability to perform
global optimization because of its local search strategy, hence
the need to use SAA. Albeit the ANNs better performance when
compared to other techniques in terms of accuracy, it lacks in-
terpretability [5]. Baesens et al. [5] propose Decompositional and
Pedagogical approaches to extract rules (without compromising
the accuracy) from the ANN for interpretability.

Deep Learning models have not been applied extensively in
credit scoring. However, the problem with deep learning models
is interpretability. Since banks are governed by regulators, banks
are required to be transparent in their credit scoring process. A
bank needs to tell a borrower why his/her loan application has
been rejected.

9. Emerging trends

Most banks have developed an interest in applying machine
learning models (including deep learning modes) in their credit
scoring systems. However, the regulators still maintain that the
models which are used for credit scoring should be transparent.
Despite their non-transparency, machine learning models are
gaining traction in credit scoring. One way of mitigating the non-
transparency issue of machine learning models is to rationalize
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Table 3
Datasets that are used in literature for credit scoring. Each dataset has a number of good borrowers and a number of bad borrowers.
Dataset Sample size #Goods #Bads # of features

European Credit Bureau 186,574 179,544 7,030 324
UK 30,000 28,800 1,200 14
Barbados 21,117 20,614 503 20
Indonesia 14,700 14,290 4,410 31
Benelux 2 (Belgium, Netherlands, and Luxembourg) 7,190 5,033 2,157 28
Brazilian 4,504 4,144 360 5
Benelux 1 (Belgium, Netherlands, and Luxembourg) 3,123 1,040 2,083 27
University of California, San Diego 2,435 1,836 599 38
China 1,057 552 505 10
German 1,000 700 300 20
Iranian 1,000 950 50 27
Australian 690 307 383 14
Japanese 653 296 357 15
Polish 240 128 112 30
Texas Banks 162 81 81 19

(i.e. give justification as to why a certain decision has been made)
the predictions.

9.1. Transparency

Methods that involve rule extractions for opening-up non-
transparent models have been suggested in the literature. Bae-
sens et al. [5] evaluated and contrasted three neural network rule
extraction techniques, namely, Neurorule, Trepan, and Nefclass
for credit-risk evaluation. They concluded that neural network
rule extraction is an effective and powerful management tool
which allows the development of advanced and user-friendly
decision-support systems for credit-risk evaluation. Setiono and
Liu [80] proposed a NeuroLinear method for extracting oblique
decision rules from neural networks. The experimental results
showed that NeuroLinear is effective in extracting compact and
comprehensible rules that have high predictive accuracy from
neural networks.

The techniques highlighted above are based on rules, and
recently techniques such as SHAP values, Partial Dependence and
Explainable Boosting Machines that do not require rules have been
applied in domains (other than credit scoring). In their empirical
study [81] proposed intelligible model that can easily explain
its predictions. The study applied generalized additive models
with feature interactions (also referred to as explainable boosting
machines) on real health care problems. Their results showed
that the proposed generalized additive model can perform com-
parably with best performing machine learning models such as
random forest and logistic regression. Lundberg and Lee [82] used
SHAP (SHapley Additive exPlanations) as a unified framework to
interpret predictions. The SHAP method assesses contribution of
each feature towards a prediction. On the other hand, the partial
dependence checks how the prediction changes when different
feature values are used. The partial dependence plots show the
marginal impact one or two features have on the prediction of a
machine learning model [83].

9.2. Deep learning in credit scoring

This section covers deep learning techniques in credit scoring.
There is an emerging trend to replace statistical and classical ma-
chine learning techniques with deep learning techniques in credit
scoring. For instance, Luo et al. [84] used Corporate Default Swaps
(CDS) data to compare performances of deep belief networks
with well-known credit scoring models such as logistic regres-
sion, multi-layer perceptron and support vector machine. Deep
belief networks showed better performance. In their study, Ra-
masamy and Rajaraman [85] compared meta-cognitive restricted
Boltzmann machine with extreme learning machines, support

vector machines and multi-layer perceptron using Australian,
German and Kaggle credit datasets. The meta-cognitive restricted
Boltzmann machine showed superior performance. Tomczak and
Zieba [67] assessed and compared performances of classification
restricted Boltzmann machine with several traditional statistical
and machine learning models, such as logistic regression, decision
trees, adaboost, random forest etc., using German, Australian,
Kaggle and Short-Term Loans data. The classification restricted
Boltzmann machine showed comparable results on German, Kag-
gle and Short-Term Loan datasets, and better results on Australian
dataset. Tran et al. [86] proposed a hybrid genetic programming
and stacked auto-encoder network model. The proposed hybrid
model was compared to logistic regression, k−NN, support vec-
tor machines, artificial neural networks and decision trees using
German and Australian credit datasets. The hybrid model showed
a better accuracy rate. Yeh et al. [87] used daily stock returns
to predict defaults and non-defaults using deep belief network
and support vector machines. The proposed deep belief net-
work outperformed support vector machines. In their empirical
study, Neagoe et al. [88] compared deep convolutional neural
networks with multi-layer perceptron using German and Aus-
tralian datasets. The results showed a superior overall accuracy
rate for deep convolutional neural networks. These studies have
shown the superiority of deep learning models in credit scoring.
However, Hamori et al. [89] argue that the performance of deep
learning models is dependent on the choice of activation function,
the number of hidden layers and the dropout rate. The results
in [89] showed a better performance for ensemble methods,
such as boosting and bagging, when compared with deep neural
networks using Taiwan credit dataset. These studies highlight and
reiterate the applicability of deep learning algorithms to credit
scoring data.

9.2.1. Data augmentation
Deep learning models require more data for training to avoid

overfitting [90]. Data augmentation is normally performed to
increase the number of training data points. This is done by
applying several distortions to the original training images, such
as changing the brightness and rotation of images and the distor-
tions should not change the spatial pattern of target classes [91].
In [91], several data augmentations such as random shift, random
zoom, random horizontal flip and random rotation were applied
on image data. The random shift randomly shifts the images by
a factor, the random zoom randomly zooms the images by a
certain range, the random rotation randomly rotates the images
by a certain angle and the random horizontal flip randomly
flips the images horizontally to produce additional images. Their
results [91] showed that data augmentation did not significantly
improve the accuracy (i.e. accuracy increased by 1%). Kvamme
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et al. [92] argue that data augmentation has been mostly done
in image processing, and does not necessarily generalize well to
other data sources.

On the other hand, Krizhevsky et al. [93] achieved signifi-
cant improvements on error rates when data augmentation was
applied on ImageNet dataset. A huge deep neural network (60
million parameters and 650,000 neurons) was used for this task,
and for this they needed to increase the dataset size. Perez and
Wang [94] used data augmentation on gold fish vs. dogs and
cats vs. dogs datasets. The results showed better improvements
in terms of accuracy on both datasets. Salamon and Bello [95]
combined deep learning neural network with data augmentation
to classify audio data. They used four different data augmenta-
tions and the proposed combination significantly outperformed
deep neural network without augmentation. Frid-Adar et al. [96]
proposed a combination of classic data augmentation with Gener-
ative Adversarial Network (GAN) data augmentation. The GAN was
used to synthesize new images of liver lesion. This combination
resulted in significant accuracy improvement. All of these studies
used image datasets and credit scoring data is not in the form of
images. However, the credit scoring data can be converted into
images [97].

The above authors have contrasting views on the effective-
ness of data augmentation on model accuracy. The conclusion
from Krizhevsky et al. [93] is that when data augmentation is
used in conjunction with large deep neural networks, the accu-
racy increases significantly compared to using data augmenta-
tions with ‘‘shallow’’ neural networks. Also Salamon and Bello
[95] found that class accuracy is influenced differently by each
augmentation.

10. Limitations in credit scoring literature

Below is the list of limitations which have been partially or
completely ignored in credit scoring literature:

✓ No inclusion of macro-economic variables;
✓ The time it takes for borrowers to default is not deter-

mined;
✓ Exploratory Data Analysis: detection of outliers and distri-

bution of variables (checking zero-variance for variables) is
not performed;

✓ Time/Model Complexity is not factored;
✓ Creation of new features instead of performing feature

space reduction techniques/feature selection is not taken
into account;

✓ Correlation between dependent variable (or target vari-
able) and independent variables is not assessed.

✓ Most studies in literature focus on homogeneous base clas-
sifiers and ignore heterogeneous base classifiers for ensem-
ble methods;

✓ Using different cut-offs (instead of 0.5) to classify borrow-
ers as either non-defaults or defaults is not covered in
literature;

✓ Few studies incorporate Type II error. The type II error is
more costly in credit scoring, since Type II (False Negative
ratio) predicts a borrower as a good borrower but in actual
fact he or she is a bad borrower.

The increases in macro-economic variables such as interest
rate, inflation rate and unemployment rate may increase the risk
of a borrower defaulting. Hence, it is key to incorporate macro-
economic variables in credit scoring. Since macro-economic vari-
ables are time-varying, it is key to develop forward-looking credit
scoring techniques. The survival analysis can cater for forward-
looking credit scoring techniques. This can help not only to

Fig. 8. A pie-chart that shows a proportion of literature papers that used data
balancing techniques and a proportion of papers that did not balance their
datasets.

classify a borrower as default but to know when will a bor-
rower default. The univariate analysis can help in identifying
non-predictive variables and also detect outliers. Model/time
complexity stems frommodels with too many parameters. Hence,
it is key to keep a few parameters during model development. Al-
though feature reduction/selection improves model accuracy, the
literature needs to look at other feature engineering techniques
such as taking the sum/product of two features to create a new
feature. In cases where there are few independent features, a cor-
relation between the target variable and the independent features
can be performed to determine the high predictive features. The
literature needs to focus on other ensemble techniques where
base classifiers/learners are heterogeneous (i.e. models coming
from different model classes). The default cut-off for classifying
borrowers is 0.5, e.g. in logistic regression, the literature needs to
assess the impact of using different cut-offs. The error which is of
interest in credit scoring community is Type II error and the aim
is to minimize this error. The literature needs to report more on
this error when developing credit scoring models.

11. Results

This section focuses on the meta-analysis of the results from
primary studies. The frequency distributions of feature extraction
techniques, the models and evaluation metrics from all primary
studies are analyzed. The pie-charts for distribution of data bal-
ancing techniques and transparency techniques are also shown.
The German and Australian credit datasets are selected for model
performance comparison, as they are the most frequently used
datasets in credit scoring.

11.1. Data balancing

Credit risk data is generally imbalanced (see Table 3). The non-
default borrowers are usually more than the defaulted borrowers.
In cases where there is a high imbalance in data, the models
turn to be biased towards the majority class. To mitigate this
bias, techniques such as over-sampling or under-sampling are
usually performed. However, this study shows that only 18% of
the primary studies in this literature survey have balanced their
datasets (see Fig. 8). The most used technique is under-sampling
the majority class (see Fig. 9).
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Fig. 9. A frequency distribution of data balancing techniques that are used in
primary studies of this literature survey.

Fig. 10. A frequency distribution of feature extraction and engineering
techniques that are used in primary studies of this literature survey.

11.2. Feature extraction

The distribution of feature extraction techniques, such as fea-
ture selection and feature engineering for this literature survey is
shown in Fig. 10. This shows that out of 17 studies (see Table 4 for
details) which used feature extraction, Rough Set technique was
the most frequently used feature extraction technique, followed
by Stepwise, Genetic Algorithm and PCA.

11.3. Evaluation metrics

Based on this current literature survey, Fig. 11 shows com-
monly used evaluation metrics in credit scoring. The most fre-
quently used evaluation metrics are PCC and AUC (see Table 5
for details).

11.4. Models

This literature survey focuses on statistical, traditional and
state-of-the-art machine learning models. Based on the results of
this literature survey, Fig. 12 shows that LR, SVM and ANN were
the most frequently used single classifiers (see Table 6 for details).
For ensemble of classifiers, Boosting was the most frequently used
ensemble classifier. The deep learning classifiers are among the
least frequently used classifiers and this is attributable to the fact
that deep learning classifiers are not applied extensively in credit
scoring.

Fig. 11. A frequency distribution of evaluation metrics that are used in primary
studies of this literature survey.

Fig. 12. A frequency distribution plot of most frequently used statistical and
machine learning models in credit scoring.

Fig. 13. A pie-chart that shows a proportion of studies that used transparency
techniques and a proportion of studies that did not use transparency techniques.

11.5. Transparency

Under Basel II Accord [149], credit scoring models are required
to be transparent (i.e. to explain their predictions). The major-
ity of machine learning models are not transparent in nature.
Hence, a need to make the models transparent in credit scoring is
paramount. However, as can be seen in Fig. 13, this survey shows
that only 8% of the primary studies have looked into techniques
which make models transparent.
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Table 4
Feature extraction methods used in primary studies. Legend: ST (Stepwise), FS (F-score), RS (Rough Set), GA (Genetic
Algorithm), PCA (Principal Component Analysis), AE (AutoEncoder), LDA (Linear Discriminant Analysis), and LASSO
(Least Absolute Shrinkage and Selection Operator).
Source ST FS RS GA PCA AE LDA LASSO

[17] ✓ ✓
[98] ✓ ✓
[25] ✓
[99] ✓
[100] ✓
[101] ✓ ✓
[20] ✓
[15] ✓
[102] ✓
[16] ✓
[103] ✓
[104] ✓
[18] ✓
[105] ✓
[22] ✓
[86] ✓
[106] ✓
[107]
[108] ✓ ✓
[109] ✓
[110] ✓

Fig. 14. Averages of pcc and auc that are calculated from the results reported on the papers considered for this literature survey that used German and Australian
credit datasets.

11.6. Model performance on German and Australian datasets

Out of 74 primary studies, 39 primary studies either used Ger-
man credit dataset, Australian credit dataset or both. The results
for both PCC and AUC on both datasets were collected from the
primary studies. The results (see Fig. 14) show that on average
on both datasets, the Convolutional Neural Networks performed
better in terms of PCC, followed by ensemble classifiers such as
Random Forests, Bagging and Boosting. The high performance of
CNN can be attributed to the fact that they can detect features
that are more discriminative between borrowers. In terms of
AUC, the ensemble of classifiers performed better than all single
classifiers. We noted that different studies reported differently on

PCC and AUC for each of the classifiers. This could be attributed
to data pre-processing of each study.

12. Guiding machine learning framework for credit scoring

Based on the results of this literature survey, we propose a
framework which is shown in Fig. 15, which serves as a guideline
for credit scoring analysts. The nature of the data in credit scoring
is either balanced or imbalanced. For both types of datasets,
this framework suggests exploratory data analysis, data pre-
processing, feature extraction techniques, the sampling method-
ology, the models to use as benchmarks, the best performing
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Table 5
Evaluation metrics from primary studies. Legend: PCC (Percentage Correctly Classified), AUC (Area Under ROC Curve), T1 (Type I
Error), T2 (Type II Error), F-M (F-measure), G-M (G-measure), K-S (Kolmogorov–Smirnov Statistic), SP (Specificity), SE (Sensitivity)
Source PCC AUC T1 T2 F-M G-M K-S SP SE

[111] ✓
[25] ✓ ✓ ✓ ✓
[112] ✓
[113] ✓
[98] ✓
[17] ✓
[25] ✓ ✓ ✓ ✓
[99] ✓
[114] ✓ ✓ ✓
[100] ✓
[115] ✓ ✓ ✓
[116] ✓ ✓ ✓
[117] ✓ ✓ ✓
[118] ✓ ✓ ✓ ✓
[114] ✓ ✓
[101] ✓
[119] ✓
[20] ✓ ✓
[120] ✓ ✓ ✓
[121] ✓ ✓ ✓
[15] ✓
[122] ✓
[102] ✓ ✓ ✓
[16] ✓ ✓
[123] ✓ ✓ ✓
[104] ✓
[18] ✓
[103] ✓ ✓ ✓
[47]
[124] ✓
[22] ✓
[105] ✓
[125] ✓
[126] ✓
[127] ✓
[67] ✓ ✓ ✓ ✓
[128] ✓
[87] ✓
[129]
[130] ✓ ✓ ✓ ✓
[131] ✓
[132] ✓ ✓ ✓
[133] ✓
[86] ✓ ✓ ✓
[134] ✓ ✓ ✓
[135] ✓
[46] ✓ ✓ ✓ ✓
[136] ✓ ✓
[137] ✓
[107] ✓ ✓ ✓ ✓
[84] ✓ ✓
[138] ✓ ✓
[136] ✓ ✓ ✓
[19] ✓ ✓
[139] ✓ ✓ ✓
[85] ✓ ✓
[140] ✓
[141] ✓ ✓ ✓
[106] ✓
[142] ✓ ✓
[110] ✓ ✓
[143] ✓
[92] ✓ ✓ ✓ ✓
[108] ✓ ✓
[97] ✓ ✓ ✓
[144] ✓
[88] ✓
[89] ✓ ✓ ✓
[109] ✓
[145] ✓ ✓
[56] ✓
[146] ✓ ✓
[147] ✓
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Table 6
Models used in credit scoring. Legend: LR (Logistic Regression), NB (Naïve Bayes), LDA (Linear Discriminant Analysis), XGB (XGBoost), EML (Extreme Learning
Machines), k-NN (k-Nearest Neighbor), SVM (Support Vector Machine), ANN (Artificial Neural Network), BA (Bagging), BO (Boosting), RF (Random Forest), RBM
(Restricted Boltzmann Machine), DBN (Deep Belief Network), DMLP (Deep Multi-Layer Perceptron), and CNN (Convolutional Neural Network).
Source LR NB LDA XGB DT EML k-NN SVM ANN BA BO RF RBM DBN DMLP CNN

[111] ✓
[98] ✓ ✓
[99] ✓ ✓
[112] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[113] ✓ ✓ ✓
[25] ✓ ✓ ✓
[17] ✓
[114] ✓
[100] ✓
[115] ✓ ✓ ✓ ✓ ✓ ✓
[116] ✓
[117] ✓ ✓ ✓
[119] ✓ ✓
[114] ✓ ✓ ✓ ✓ ✓ ✓
[101] ✓
[118] ✓ ✓
[20] ✓
[120] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[15] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[121] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[16] ✓ ✓
[123] ✓
[122] ✓ ✓
[102] ✓ ✓ ✓
[103] ✓ ✓
[18] ✓
[104] ✓
[18] ✓
[47] ✓ ✓ ✓ ✓ ✓
[124] ✓
[105] ✓ ✓
[22] ✓
[125] ✓ ✓
[126] ✓
[127] ✓ ✓ ✓ ✓ ✓ ✓
[129] ✓
[131] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[128] ✓
[87] ✓ ✓ ✓
[67] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[132] ✓ ✓ ✓
[130] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[135] ✓
[86] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[134] ✓ ✓ ✓ ✓ ✓
[133] ✓ ✓ ✓ ✓ ✓
[142] ✓ ✓ ✓ ✓ ✓ ✓
[141] ✓ ✓
[46] ✓ ✓ ✓ ✓ ✓ ✓
[136] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[137] ✓ ✓
[140] ✓
[106] ✓
[107] ✓
[84] ✓ ✓ ✓ ✓
[138] ✓ ✓ ✓ ✓
[136] ✓ ✓ ✓ ✓ ✓ ✓
[19] ✓
[139] ✓ ✓
[85] ✓ ✓ ✓ ✓
[97] ✓ ✓ ✓
[144] ✓ ✓ ✓ ✓ ✓
[88] ✓ ✓
[109] ✓ ✓ ✓ ✓ ✓ ✓
[145] ✓ ✓ ✓ ✓ ✓
[143] ✓
[92] ✓
[108]
[146] ✓
[147] ✓
[148] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[110] ✓ ✓ ✓
[56] ✓ ✓
[89] ✓ ✓ ✓ ✓ ✓
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Fig. 15. The guiding machine learning credit scoring framework that is proposed in this literature survey.

models in credit scoring, the evaluation metrics and the tech-
nique which explains model predictions. This literature survey
showed that the most frequently used techniques for feature
extraction are Rough Set and Genetic Algorithm. The sampling
methodology that we are suggesting for imbalanced datasets is
SMOTE. The sampling is only applied on the training set. The
models which can be used as benchmarks is Logistic Regression
(LR) and Decision Trees (DT). The LR performs similarly to most
traditional Machine learning models and the choice of selecting
DT is its capability of explaining predictions. This literature survey
shows that ensemble classifiers and CNN performed better when
compared to other models, hence we suggest these two models
for use in credit scoring. For imbalanced datasets, evaluation
metrics which can be applied are G-mean, Recall and F-measure.
Since predictions from ensemble classifiers and CNN cannot be
explained, we suggest LIME for predictions’ explanations.

13. Conclusion and future work

Many studies over the years have evaluated and contrasted
the performances of different statistical and classical machine

learning models in credit scoring. However, no consensus has
been reached in identifying the best performing model. This
literature survey systematically reviewed the most commonly
used statistical, classical machine learning and deep learning
models in credit scoring. The performances (on German and
Australian credit datasets) of statistical, classical machine learn-
ing and deep learning models that were reported in literature
were compared in this literature survey. The literature results
showed that an ensemble of classifiers generally outperform sin-
gle classifiers. Despite the minimal application of deep learning
models in credit scoring literature, deep learning models such
as convolutional neural networks showed better results com-
pared to statistical and classical machine learning models. This
literature survey also highlighted limitations in credit scoring
literature. The credit scoring literature often ignores exploratory
data analysis, omits inclusion of macro-economic variables and
does not determine correlation between the target variable and
the independent features, to mention a few. Furthermore, in
this survey we proposed a guiding machine learning framework
for analysts to perform credit scoring. This framework includes
feature selection methods, data balancing technique, models to
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consider for bench-marking, best performing models in credit
scoring, relevant evaluation metrics and a method for making
models transparent. This survey pointed to emerging directions
in credit scoring such as the use of techniques that make model
predictions explainable and the applications of deep learning
models in credit scoring.

Future research should focus more on balancing classes of
datasets in credit scoring. Balancing techniques that neither do
over-sampling nor under-sampling such as linear dependence
approach and wavelet data transformation should be explored
in credit scoring. Future research should incorporate macro-
economic variables such as interest rates, unemployment rates
and inflation rates. An increase in any of the mentioned macro-
economic variables may increase the risk of a borrower de-
faulting. Future studies should consider the time it takes for
borrowers to default and this will allow commercial banks to be
forward-looking and proactive. The literature does not take into
consideration the exploratory data analysis, hence future research
should focus on this aspect to better understand for example
the distributions of features. Future studies should focus more
on time/model complexity to allow efficiency in model devel-
opment in credit scoring. Future research should determine the
correlation between the target variable and the independent vari-
ables/features in-order to identify predictive variables/features.
There are few studies that focused on using heterogeneous base
classifiers for ensemble methods [113,145,147]. However, future
studies should focus more on using heterogeneous instead of
homogeneous base classifiers in ensemble methods to allow
diversity of base classifiers.
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ABSTRACT Credit scoring has become an important risk management tool for money lending institutions.
Over the years, statistical and classical machine learning models have been the most researched risk
management tools in credit scoring literature, and recently the focus has turned to deep learning models. This
transition is due to better performances that are shown by deep learning models in different domains. Despite
deep learningmodels’ superior performances, there is still a need for explaining how these models make their
predictions. The non-transparency nature of deep learning models has created a bottleneck for their use in
credit scoring. Explanations of decisions are important for lending institutions since it is a requirement for
automated decisions that are generated by non-transparent models to be explained. The other issue in using
deep learning models, specifically 2D Convolutional Neural Networks (CNNs), in credit scoring is the need
to have the data in image format.We propose an explainable deep learningmodel for credit scoring which can
harness the performance benefits offered by deep learning and yet comply with the legislation requirements
for the automated decision-making processes. The proposed method converts tabular datasets into images
and thus allowing the application of 2D CNNs in credit scoring. Each pixel of the image corresponds to
a feature bin of the tabular dataset. The predictions from the 2D CNNs were explained using state-of-the-
art explanation methods. Furthermore, explanations were evaluated using a sanity check methodology and
also performances of the explanation methods were compared quantitatively. The proposed explainable deep
learning model outperforms the other credit scoring methods on publicly available credit scoring datasets.

INDEX TERMS Credit scoring, convolutional neural network, deep learning, explainable artificial
intelligence.

I. INTRODUCTION
Credit scoring, proposed by Durand [1], has become an
important risk management tool for money lending institu-
tions. Over the years, statistical and classical machine learn-
ing models have been the most researched risk management
tools in credit scoring literature, and recently the focus has
turned to deep learning models [2]. This transition is due to
better performances that are shown by deep learning models
in different domains. Despite better performances, there is
still a need for explaining how deep learning models make
their predictions. According to Liu et al. [3], an explanation
is defined as ‘‘the ability to provide a visual or textual pre-
sentation of connections between input features and output

The associate editor coordinating the review of this manuscript and

approving it for publication was Wei Xiang .

predictions’’. Similarly, Doshi-Velez and Kim [4] defined
an explanation as ‘‘the ability to explain or to provide the
meaning in understandable terms to a human’’. Note that
in this study we treat explanation and interpretability as
interchangeable terms although in literature some argue that
these terms differ [5], Rothman [6] annotates that an explana-
tion creates comprehensibility and clarity, on the other hand
interpretability tells the meaning. This study intends not to
pursue the philosophical debate on the differences between
explanation and interpretability. The aim of this current study
is to explain predictions made by a deep learning model in a
credit scoring setting.

Explaining a prediction is particularly important in credit
scoring since it is now a requirement for lending institu-
tions under the Basel Accord [7] to explain to an applicant
why her/his loan application was denied. Regulations such

50426 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 9, 2021

https://orcid.org/0000-0003-4628-9420
https://orcid.org/0000-0001-6925-6010
https://orcid.org/0000-0002-0608-065X


X. Dastile, T. Celik: Making Deep Learning-Based Predictions for Credit Scoring Explainable

as the European Union General Data Protection Regulation
(GDPR) [8] have made it compulsory for machine learning
models to explain their predictions under the notion ‘‘right to
explanation’’. Explanations foster trust in model predictions
and assure that no discriminations are incurred during the
application process when assessing credit worthiness of loan
applicants. Explanations are playing an important role in
areas where decisions are critical, for example in healthcare
and in banking, to mention a few. This requirement of the
‘‘right to explanation’’ is advancing the research field that is
coined as Explainable Artificial Intelligence (XAI) [6]. XAI
is not a new concept and it has a rich history of more than
50 years [9]. Breiman was amongst the early adopters of
interpretable systems and Breiman is known for developing
Classification and Regression Trees and is quoted in one
of the papers stating that ‘‘On interpretability, trees are an
A+’’ [10].

Samek andMüller [11] highlighted at high level, the differ-
ent techniques (old and emerging) that are used for XAI. The
need, the purpose of different users, the evaluation methods
and the future directions of XAI were also discussed in [11].
However, Rudin [12] provides a contrasting view on XAI and
highlights the reasons why interpretable models should be
used over explainable black box models for high-stakes deci-
sions such as criminal justice, healthcare and credit scoring.
Their argument was based on the premise that if a second
model is used to explain a black box model (i.e. post-hoc
explanation), there is a high chance that the explanation is
not ‘‘faithful to what the original model computes’’ [12]. The
recommendation was that instead of using post-hoc explana-
tions, inherently interpretable models (i.e. ante-hoc explana-
tions) that perform similarly to some of the black box models
should be used for high-stake decisions. It was argued further
that there is no truth in the statement ‘‘there is a trade-off
between accuracy and interpretability’’, in other words it is
a myth that non-interpretable models are more accurate than
inherently interpretable models. To decide whether to use
inherently interpretable models or not should be based on the
circumstantial needs. In their review article Chari et al. [13]
synthesised a taxonomy of explanations from the literature.
This taxonomy consists of nine different types of explana-
tions such as case-based, contextual, contrastive, scientific,
statistical, trace-based, everyday and simulation-based expla-
nations. The aim was to help produce explanations that are
aligned to the circumstantial needs. Despite these different
views from the literature, our study was motivated by [14].
However, our study differs from [14] in such a way that we
have systematically discretized data into optimal categories
using weights of evidence and we used both categorical and
continuous features as opposed to [14].

Our contributions in this paper are as follows. 1) This
is the first study to convert tabular data into images using
a novel method and also it is the first method after such
a conversion takes place that employs different explanation
methods to explain the decision on each predicted credit
sample. 2) We empirically showed that the explanations from

different explanation methods can be used as optimal features
and we observed that there is a huge boost in the classifiers’
performance. In this work, we showed for the first time that
the explanations are good features that can be directly applied
on the classifiers and perform better when compared to the
same classifiers operating on the raw data.

The remainder of this paper is organised as follows,
Section II reviews and examines previous research of deep
learning models in credit scoring, explanations of convo-
lutional neural networks in other domains as well as the
conversion of tabular data into images. Section III dis-
cusses the proposed framework of this study. Section IV
discusses conversion of tabular datasets into images, train-
ing of 2D convolutional neural networks and the techniques
used for explaining individual predictions. The experiments
are described in Section V. The results are presented in
Section VI and the conclusion is in Section VII.

II. RELATED WORK
In recent years, researchers have shown an interest in the
application of deep learning models in credit scoring. For
instance, Zhu et al. [14] used a hybrid method by combining
a relief algorithm (which performs feature selection) with
Convolutional Neural Network (CNN) to perform credit scor-
ing and the hybrid relief-CNN model showed better perfor-
mances when compared to Logistic Regression and Random
Forest (RF) models. Tomczak and Zieba [15] used Restricted
Boltzmann Machine (RBM) in credit scoring. A comprehen-
sible scoring table from RBM showed better performances
compared to classical machine learning models. Li et al. [16]
conducted a study of deep learning with clustering and merg-
ing and the results showed high prediction accuracies. Deep
Multi-Layer Perceptron (DMLP) and Deep CNN (DCNN)
were used byNeagoe et al. [17] to assess the credit worthiness
of applicants. The DCNN significantly outperformed DMLP.
Hamori et al. [18] compared Deep Neural Network (DNN)
with RF, bagging and boosting methods on credit datasets
and the results showed that the ensemble methods performed
better than DNN.

Deep learning with RF feature importance approach was
proposed by Ha and Nguyen [19] for credit scoring. The
empirical results showed that the proposed approach per-
formed better than baseline methods such as the Decision
Trees, k-Nearest Neighbour, Naíve-Bayes, Multi-Layer Per-
ceptron and Random Forest with the exception of Support
Vector Machine on German credit dataset. The proposed
approach outperformed all baseline methods on Australian
credit dataset. In their empirical study Sirignano et al. [20]
developed a cohort of neural network ensemble models to
assist in predicting the probability of default in credit risk
using German and Australian credit datasets. The results
showed that the proposed neural network ensemble models
provide similar or better performance results compared to
the literature results as well as to baseline single classifiers.
Tripathi et al. [21] proposed a novel algebraic activation
function to improve the performance of Extreme Learning
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Machine (ELM) model in credit scoring. The ELM con-
sists of an input layer, a single hidden layer and an output
layer. The study also proposed Bat algorithm which is an
evolutionary approach to initialise the weights and biases
of the ELM. The results showed a significant improvement
on German and Australian credit datasets. Edla et al. [22]
combined a binary particle swarm optimization and grav-
itational search algorithm (BPSOGSA) with a multi-layer
ensemble classifier using five heterogeneous classifiers. The
purpose of BPSOGSA was to select predictive features. The
results showed that the proposed hybrid model outperforms
the Random Forest model and other majority voting ensem-
ble techniques on German, Australian and Japanese credit
datasets. Similarly, Tripathi et al. [23] proposed a hybrid
credit scoring model using a dimension reduction approach
(i.e. neighbourhood rough set) and a multi-layer ensemble
classifier. The experimental results showed that the proposed
model can achieve satisfactory performance in credit scoring.

Regulated institutions are not willing to adapt models
that cannot explain predictions and this is hampering the
use of machine learning, specifically deep learning models.
However, Ariza-Garzón et al. [24] conducted a study in
credit scoring where the focus was to make non-transparent
machine learning models explainable. In the study, classical
machine learning models were compared to a logistic regres-
sion model for Peer-to-Peer (P2P) lending and predictions
were explained using SHAP values. The results showed that
the classical machine learning models not only perform better
in terms of classification but also perform better in terms of
explanations. Moreover, classical machine learning models
showed that they can reflect dispersion, non-linearity and
structural breaks in the relationships between each indepen-
dent variable and the response variable [24]. The credit scor-
ing literature has not researched extensively in explanations
of deep learning predictions.

There has been interests in credit scoring and other fields
for converting tabular datasets into images in order to apply
2D CNN models. For example, Zhu et al. [14] combined
relief algorithm with CNN model. The relief algorithm was
used to select predictive features and the CNN was used for
classification. The study converted credit scoring tabular data
into images by bucketing features and mapping them into
image pixels. However, the study considered only numeric
features. The results showed that the relief-CNN hybrid
model performed better than the benchmark models in credit
scoring such as the random forest and the logistic regression.
Sharma et al. [25] proposed a novel approach called DeepIn-
sight to convert non-image data into images and apply CNN
models. The types of data that were used in the study were
Ribonucleic Acid (RNA) sequence data, vowels data, text
data and artificial data. The results showed a better perfor-
mance from the DeepInsight approach compared to the state-
of-the-art machine learning models such as the Ada-boost
and the Random Forest models. Yang et al. [26] converted
a multivariate time-series data firstly into two-dimensional
colored images and secondly the two-dimensional colored

images were combined to form a single image and lastly a
CNN was applied on a single image for classification. The
study compared three transformation methods for converting
time series data into images. The transformation methods
were Gramian Angular Summation Field (GASF), Gramian
Angular Difference Field (GADF), and Markov Transition
Field (MTF). The study was focusing on assessing the effect
of using different transformation methods, the sequences of
combining images, and the complexity of CNN architectures
on classification accuracy. The results showed that the selec-
tion of transformation methods and the sequence of combi-
nation do not significantly impact the prediction outcome.
Further, the results also showed that the proposed framework
performed better than the other classification models in terms
of the accuracy metric. Buturovi’c and Miljkovi’c [27] pro-
posed a novel approach called TAbular Convolution (TAC)
for converting tabular dataset into images for the application
of 2D CNN models. The study used gene expression data
obtained from blood samples of patients with bacterial or
viral infections. The results showed a similar performance
between the TAC approach and the state-of-the-art non-CNN
machine learning classifiers in terms of accuracy when classi-
fying gene expression data. Singh et al. [28] converted sensor
dataset obtained from the floor surface pressure mapping into
image data. Thereafter, a pre-trained CNNwas applied on the
image data and the results showed that the proposed method
performed significantly better (by 10%) than the traditional
machine learning methods. Note that none of these methods
used the proposed conversion method that was undertaken in
this current study. Furthermore, to the best of our knowledge,
there is no other method in the literature which transforms
tabular data into images in the way we proposed and applies
explanation methods on predictions from 2D CNN.

Several studies have also focused on making CNNs inter-
pretable in other domains. For instance, Tamajka et al. [29]
used activations of the CNN as discreptors. Firstly the data
was split into training and test sets, then the CNN was
trained using a shallow network, the activations from the
first pooling layer were used as a database of activations
from known observations. Secondly, the test dataset was
fed through a similar CNN and activations were extracted.
Thirdly, to identify the class of each test set observation, its
activation was compared to the activations of the training set
samples and the class was assigned using a majority vote.
This is similar to k-Nearest Neighbour approach and the
authors used both cosine and euclidean as distance measures.
The study usedMNIST dataset and the results showed that the
proposed interpretable model achieved almost similar results
to the trained original CNN. Simonyan et al. [30] trained a
DCNN on ILSVRC-2013 dataset which consists of 1.2 mil-
lion images and two visualisation techniques were considered
based on computing the gradient of the class score with
respect to the input image. The finding was an establishment
of the connection between the gradient-based CNN visuali-
sation methods and deconvoltional networks. Liu et al. [31]
applied CNN on MNIST dataset with the aim of interpreting
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the inner workings of the Fully-Connected (FC) layer. Firstly,
the activations of the hidden layer of the FC layer were
clustered to form factors. A factor is simply a label/class of a
cluster. Secondly, identifications (IDs) were assigned to each
cluster. Thirdly, the IDs were combined with the original data
to form a meta-level data. Lastly, a decision tree was trained
on meta-level data. For interpreting the hidden layer of the
FC layer, the activations of the hypothesis class vs. true class
were plotted on the x-y plane using all rows/depths of the
decision tree. If there was an overlap between the activations,
then this implied that there was no separation between the
hypothesis class and the true class, this process was repeated
until there was only one class or there was less overlap
between the activations. The finding was that the proposed
process was faithful to the original CNN model, i.e. accuracy
was not compromised by the interpretable CNN.

III. PROPOSED FRAMEWORK
The proposed framework serves as a guideline for using
2D CNNs on tabular datasets. Firstly, this framework pro-
poses that the feature values from tabular datasets should be
mapped into different bins that are used to calculate weights
of evidence and thereafter images to be created from the
bins. After creating the images, the image dataset is split
into training and test sets. Secondly, a 2D CNN needs to be
trained on the training set and its performance to be assessed
on the test set. Thirdly, the predictions from the 2D CNN
need to be explained using state-of-the-art methods such
as the Grad-CAM, SHAP values, Saliency Map and LIME.
Fourthly, explanations must be validated using sanity check
methodology [32]. Lastly, all explanation techniques must be
compared quantitatively for the purpose of identifying the
best performing explanation technique.

IV. METHODOLOGY
This section discusses the methodology undertaken in this
study and its components in detail.

A. WEIGHT OF EVIDENCE
The Weight of Evidence (WOE) is used as a transformation
technique for features in credit scoring [33]. The first step in
calculatingWOE is to create bins for each feature. Thereafter,
the WOE is calculated for each bin. We denote the weight of
evidence for bin b in feature f asWOE (f )

b which is calculated
as follows

WOE (f )
b = ln

(
%Dst.Gds(f )b
%Dst.Bds(f )b

)
, (1)

where Dst.Gds(f )b and Dst.Bds(f )b are the distribution of good
and bads for bin b in feature f computed according to Eq. (2)
and Eq. (3), respectively.

Dst.Gds(f )b =
#ofgoods(f )b

(#ofgoods(f )b + #ofbads(f )b )
(2)

Dst.Bds(f )b =
#ofbads(f )b

(#ofgoods(f )b + #ofbads(f )b )
(3)

WOE computations are performed as follows [33]. Each
bin is created in such a way that the bin contains at least
5% of data. This is to ensure that no bins are empty. There
are no bins with 0 counts for goods and bads. This means
that even if the data is not balanced, each bin will have
both goods and bads and no bin will contain one type of
class. The bins should have a monotonically decreasing or
increasing relationship with the response/target variable. This
is to assure that there are no reversals in the relationship
between the features and the response variable. To crystallise
this, suppose a feature age has a relationship with a default
risk target variable. In general, younger people tend to be at
a higher risk of defaulting on their loans compared to older
people, and this implies that risk decreases monotonically
with increasing age. Note that in this study we are not directly
using WOE for converting tabular datasets into images but
bins that are used to calculate WOE. The WOE are only used
as inputs to information value calculation which is discussed
in the following section.

Table 1 shows an example calculation of WOE. The Age
feature is bucketed into different bins. For each bin, the distri-
bution of goods and bads are calculated. Each bin has at least
5% of data and no bin contains 0 counts of either bads or
goods. The goods are non-defaults and the bads are defaults.
The WOEs are showing a decreasing trend. Later, we will
show how we use bins for calculating WOE in order to con-
vert our dataset into images. The bins for WOE calculations
are optimal bins in terms of class distribution and also no bins
contain single class information.

TABLE 1. Calculating Weights Of Evidence (WOE) for Age feature. The Age
feature is bucketed into different bins. For each bin, the distribution of
goods (Dst.Gds) and bads (Dst.Bds) are calculated. Each bin has at least
5% of data and no bin contains 0 counts of either bads or goods. The
goods are non-defaults and the bads are defaults. The WOEs are showing
a decreasing trend.

B. INFORMATION VALUE
The Information Value (IV) is used to select predictive fea-
tures and is calculated as follows for each feature f ,

IV (f )
=

B(f )∑
b=1

(%Dst.Gds(f )b −%Dst.Bds(f )b )×WOE (f )
b , (4)

where B(f ) represents the number of bins for feature f . The
following thresholds apply as a general rule of thumb when
using IV [33]:
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TABLE 2. Bins for WOE calculations in (a) Australian dataset, (b) German dataset, and (c) HMEQ dataset. Legend for German dataset: DM (Deutsche Mark),
Acc Bal (Account Balance), Age (years), DCredit (Duration of credit), LEmploy (Length of current employment), Asset (Most valuable available asset),
VStocks (Value of savings/stocks) and PStatus (Payment status of previous credit). Legend for HMEQ dataset: Loan (Requested loan amount), Mortdue
(Amount due on existing mortgage), Value (Value of current property), Job (Occupancy), Derog (Number of major derogatory reports), Delinq (Number
of delinquent credit lines), Clage (Age of oldest credit line in months), Ninq (Number of recent credit enquiries) and Debtinc (Debt-to-income ratio).

R1) < 0.02: unpredictive;
R2) 0.02 to 0.1: weak predictor;
R3) 0.1 to 0.3: medium predictor;
R4) 0.3 to 0.5: strong predictor; and
R5) ≥ 0.5: suspicious or too good to be true.
Before converting our datasets into images, we first use IV
to select predictive features, i.e., a feature f is selected if
IV (f )

≥ 0.1.

C. CONVERSION OF TABULAR DATA INTO IMAGES
Once the data is transformed using bins for WOE calculation,
we then create a one-hot-encoding transformation for each
binned feature. Below we show a matrix example for each
applicant, i.e. ∀i ∈ {1, 2, · · · ,N } where N is the number of
applicants:

x(i) =


0 0 1 · · · 0
1 0 0 · · · 1
0 1 0 · · · 0
...

...
...

...

0 0 0 · · · 0


B×D

, (5)

where B = max {B(f )} which is a maximum number of bins
for feature f .

Let x(i) be a feature image representation of record f(i) =
[f (i)1 , f (i)2 , . . . , f (i)D ] and y(i) be a corresponding label for a
dataset {f(i), y(i)}Ni=1 of N records. The feature image is noth-
ing but a sparse binary matrix (see Eq. (5)) of size B × D
representing one-hot-encoding of each feature according to

x(i) =
[
E(f (i)1 ),E(f (i)2 ), . . . ,E(f (i)D )

]
, (6)

where E : fj 7→ {0, 1}B is a function to perform one-hot-
encoding for a feature fj and B is defined as a maximum
number of distinct bins of features, i.e. B = max {B(fj)}

D
j=1.

It is worth to note that for some features B(fj) < B and in
such cases, function E(fj) appends (B − B(fj)) zeros to one-
hot-encoding representation of fj. It is also worth to note
that features become nominal with one-hot-encoding, hence
some features in Table 2 do not follow a logical order. For
example, the feature Duration of Credit in Table 2(b)
has bin [13, 24] as the first bin and [4, 12] as the last bin. For
this feature, one would expect the bins to be arranged in an
increasing order, however it is not always the case with one-
hot-encoding.

Each entry of x(i) is then mapped into a pixel, where ones
correspond to white pixels (and white pixels symbolise the
presence of a bin) and zeros to black pixels (and black pixels
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symbolise the absence of a bin). Thus, each white pixel of an
image represents a defined bin for WOEs calculations.

D. CONVOLUTIONAL NEURAL NETWORKS
Convolutional Neural Networks (CNNs) [34] are widely
known for solving tasks in image recognition, speech recog-
nition and time series problems. The CNN consists of con-
volutional layers, pooling layers and dense layers (please
see Figure 1). In what follows we briefly discuss layers of a
CNN. For more details on CNNs please refer to our previous
paper [2].

FIGURE 1. Schematic view of a Convolutional Neural Network [2].

1) INPUT
In image classification tasks, an input is a tensor of shape
(height, width, channel). The channel represents a color of an
image where 1 denotes a gray-scale image and 3 denotes an
image with color/s.

2) CONVOLUTIONAL LAYER
Local patterns in image classification such as edges and
textures are learned at convolutional layers [35]. Each con-
volutional layer consists of feature/activation maps that are
responsible for learning different local patterns in an image.
The feature maps are formed by sliding a learned feature
detector also known as a learned filter on different parts of an
image. Thereafter, a non-linear function such as the Rectified
Linear Unit (ReLU) function is applied on feature maps.

3) POOLING LAYER
A pooling layer is responsible for downsizing feature maps
by performing either max pooling or average pooling. The
spatial invariance occurs at a pooling layer to assure that
features are preserved irrespective of where they are located
in an image.

4) FLATTENING
Flattening transforms all pooled feature maps into a single
vector which acts as an input in a dense layer/fully connected
layer.

5) CALCULATION IN EACH LAYER OF CNN
Normally, a deep learning neural network learns a set of
parameters such as the weights during training. The parame-
ters are learned in the convolutional layers and dense layers.

To calculate the number of learnable parameters in the con-
volutional layers, we multiply the shapes of the filters such as
the width w, height h, previous layer’s filters p and filters of
the current layer c resulting in

# of parameters = ((w× h× p)+ 1)× c), (7)

where 1 is for the bias term, w is the shape of width of the
filter, h is the shape of height of the filter, p is the number of
filters in the previous layer and c is the number of filters in the
current layer. In the convolutional layers, a feature map (i.e.
a matrix of numbers) is produced by striding a filter along an
input image (in the input layer) or along another feature map
(in the convolutional layer). Each entry of the feature map is
calculated as follows

K [r, c] = (f ∗ t)[r, c] =
r∑
i=1

c∑
j=1

t[i, j]f [r − i, c− j], (8)

where r and c represent rows and columns, respectively, of a
resulting feature map, f denotes an input image, t represents
a kernel or a filter, ∗ denotes a convolutional operator. The
feature mapA(l−1) is then multiplied by a weight matrixW(l)

and added with a bias term b(l) to form

Z(l)
= A(l−1)

·W(l)
+ b(l), (9)

and a ReLU function σ is applied on Z(l) to propagate the
feature maps into subsequent convolutional layers

A(l−1)
= σ (l)(Z(l)), (10)

where l denotes the l-th convolutional layer. In the pooling
layer, either a max pooling or mean pooling is applied to
produce down-sized feature maps. Each entry of the pooled
feature map is

P[i, j] = max[A∗i,j ⊂ A(l)]. (11)

In the dense layer, the number of learn-able parameters is

# of parameters = ((c× p)+ 1× c), (12)

where c denotes current layer neurons, p denotes previous
layer neurons and 1 is for the bias term. For dense layers or
fully connected layers, each neuron in the l-th layer receives
signals from neurons of the previous layers l−1. The signals
are multiplied by the corresponding weights and are summed
together with a bias term and thereafter a transfer function
is applied on the summed product to form an activation.
Suppose w(l)

ji is a weight connection from neuron i to neuron j

in the l-th layer. The activation a(1)j of each neuron in the first
hidden layer of the fully connected layers is

a(1)j = σ (
d∑
i=1

w(1)
ji xi + b

(1)
j ) (13)

and the activation in the subsequent hidden layers is

a(l)k = σ (
n∑
j=1

w(l)
kj a

(l−1)
j + b(l)k ) (14)
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where d denotes the number of input features, n denotes
the number of hidden neurons in hidden layer l − 1 and
σ is a transfer function (e.g sigmoid or ReLU function).
In the output layer of the fully connected layers, a binary
cross-entropy function is

H (p, q) = −
1
2

2∑
i=1

yilog(p(yi))+ (1− yi)log(q)), (15)

where p(yi) is the predicted output, yi is the actual target value
and q = 1− p(yi). The binary cross-entropy function is used
to propagate errors backwards to update the weights of the
CNN during training.

E. EXPLANATIONS
1) SALIENCY MAP
A Saliency Map [9] provides a visual explanation by high-
lighting important regions of an image that result in a predic-
tion of a specific class. Specifically in this study, the image
pixels correspond to bins that were created for WOE calcu-
lations. There are several variants of Saliency Map explana-
tions, e.g., gradient explanation, gradient class activation map
(Grad-CAM) explanation and layer-wise relevance propaga-
tion (LRP) explanation to mention a few. However, in this
study we focused on gradient explanation and Grad-CAM.
For an image x belonging to a class c, the Saliency MapM is
computed as a derivative

ω =
∂ ĝ(x)
∂x

(16)

of a prediction ĝ(x) with respect to an input image x where
ĝ is a cost function. Each pixel of M corresponds to the
importance of the relative pixel of an input image [32], which
is normally a class-specific score. The gradient measures how
much a change in each input dimension would change the
prediction ĝ(x) in a small neighborhood around the input [32].

2) GRAD-CAM
Gradient weighted Class Activation Map (Grad-CAM) [36]
is determined using a last convolutional layer of a CNN
model. Firstly, a gradient of the score with respect to an
activation map of the last convolutional layer is determined
via a back-propagation approach

∂yc

Ak
,

where yc is a score for class c and Ak is a feature map activa-
tion. Secondly, the neuron importance weights are calculated
as follows

αck =
1
Z

∑
i

∑
j

∂yc

Akij
,

where 1
Z

∑
i
∑

j is a global average pooling and Z = i × j.
Lastly, each importance weight is multiplied by the corre-
sponding feature map activation and the products are summed

up to form a saliency map given as follows

LcGrad−CAM =
∑
k

αckA
k ,

where LcGrad−CAM ∈ Ru×v and u × v represent the size of
the feature map. The saliency map that is produced by the
Grad-CAM highlights the important regions in an image that
are corresponding to a predicted class.

3) LIME
Local Interpretable Model-Agnostic Explanations
(LIME) [37] is used to explain predictions of black-box
models. LIME uses for example a decision tree or a linear
model around an instance of interest to explain the instance’s
class prediction [37]. The idea behind explaining predictions
is to foster trust in predictions if any actions need to be
taken. For example, if a credit analyst depends on a model
for granting/rejecting a loan application, he/she will need to
have a model’s prediction explanation in order to trust the
prediction and subsequently make a decision. We use LIME
to create explanations as follows.

a: CREATE PERTURBATIONS OF AN IMAGE OF INTEREST:
Let x be an original representation of an image. Image x
is then segmented into M super-pixels. A super-pixel is a
group of pixels in an image. Let K be a number of perturbed
images. A perturbation of image x is created by randomly
turning on and off some of the super-pixels. This results into
X̂ = {0, 1}K×M where M = B × D (i.e. B is the maximum
number of bins and D is the number of features) and each
row of X̂ is an interpretable representation of each perturbed
image. Here, a 1 represents that a super-pixel is on and a
0 represents that a super-pixel is off.

b: PREDICT CLASSES OF THE PERTURBED IMAGES:
A non-linear machine learning model g (which is in our case
the model we have trained on the images) is used to predict
a class of each perturbed image x(i)′. The prediction of x(i)′ is
ĝ(x(i)′).

c: COMPUTE DISTANCES BETWEEN THE ORIGINAL IMAGE
AND EACH OF THE PERTURBED IMAGES:
The distance between each perturbed image and the image
being explained is computed using the cosine distance. The
cosine distance is given as

Di(x, x(i)′) =
x · x(i)′

‖x‖‖x(i)′‖
, (17)

∀i = {1, 2, · · · ,K } where x = {1}Mi=1 is the original image
with all super-pixels enabled and x(i)′ = {0, 1}Mi=1 are per-
turbed images.

d: COMPUTE THE WEIGHT FOR EACH PERTURBED IMAGE:
This is achieved by mapping each of the distances calcu-
lated above into a kernel function that has values between
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zero and one. This is shown by the formula below

πx(i)′ = exp
(
− Di(x, x(i)′)2/σ 2), (18)

where σ is the width of the kernel.

e: FIT A SPARSE LINEAR MODEL:
The interpretable representations X̂ of the perturbed images,
the predictions ĝ(x(i)′) and the weights πx(i)′ are then used to
fit a sparse linear model. The sparse linear model is given as

ψ(x(i)′, ĝ(x(i)′), πx(i)′ ) = β
(i)
0 +

M∑
j=1

β
(i)
j (πx(i)′x

(i)′
j ), (19)

∀i = {1, 2, · · · ,K } where M represents the number of
super-pixels. Each coefficient β(i)j in the sparse linear model
corresponds to one super-pixel in the segmented image.
The coefficients represent how important each super-pixel
is for the prediction of the class of interest. Thus, the top
super-pixels (in terms of the coefficient magnitudes) are used
to explain the prediction made by the model g.

4) SHAP VALUES
The SHAP values [38] use an idea of coalition game theory,
where there are players, a game and a payout. The aim of
game theory is to distribute the payout between the players
based on their contributions. In machine learning, the players
are the feature values of a tabular dataset, the game is the
prediction task, the payout is the predictionminus the average
prediction for all dataset records. Hence, the SHAP value for
any record is the average marginal contribution of a feature
across all possible feature coalitions. Suppose we have a lin-
ear model and wewant to explain a prediction for a record f(i).
The prediction for f(i) is

ĝ(f(i)) = β0 + β1f
(i)
1 + · · · + βpf

(i)
d , (20)

where f (i)1 , f (i)2 , · · · , f (i)d are feature values. Let φj be a contri-
bution of feature j on prediction ĝ(f(i)). The contribution φj is
given as

φj(ĝ) = βjf
(i)
j − E(βjFj)

= βjf
(i)
j − βjE(Fj),

where E(Fj) is the expected value for feature j. If all feature
contributions are summed up for one record, the result is

d∑
j=1

φj(ĝ) =
d∑
j=1

(βjf
(i)
j − E(βjFj))

= (β0 +
d∑
j=1

βjf
(i)
j )− (β0 +

d∑
j=1

E(βjFj))

= ĝ(f(i))− E(ĝ(F)),

which is the difference between the predicted value for record
f(i) and the average predicted value for dataset F = {Fj}dj=1
where Fj = {fij}Ni=1.

For machine learning models, we determine M coali-
tions/combinations of feature values for a record f(i). There
are 2d possible coalitions for feature values and this makes
computations to be expensive and as a result we choose M
such that M � 2d . In order to assess contributions of each
feature when explaining a prediction of a record, we make
predictions for all M coalitions. Since we are using a subset
of coalitions, the contribution of each feature is an estimate
given as

φ̂j =
1
M

M∑
m=1

(ĝ(fm+j )− ĝ(f
m
−j
)), (21)

where ĝ(fm+j ) is the prediction for record f, but with a random
number of feature values replaced by some feature values
from a random data point z in dataset F with the exception
of the respective value for feature j. The prediction ĝ(fm−j ) is
identical to ĝ(fm+j ) but the respective value of feature j is taken
from a feature value of z. Let

f = (f1, f2, · · · , fd ) (22)

and

z = (z1, z2, · · · , zd ) (23)

then

fm+j = (f1, · · · , fj−1, fj, zj+1, · · · , zd ) (24)

and

fm−j = (f1, · · · , fj−1, zj, zj+1, · · · , zd ). (25)

In general, Eq. (21) is

φj(g)=
∑

S⊆{f1,...,fd }\{fj}

|S|!(d−|S|−1)!
d !

(ĝ(S ∪ {fj})−ĝ(S)),

(26)

where d ! = (d)× (d − 1)× (d − 2)× · · · × (3)× (2)× (1)
and S is a subset of feature values for record f that needs to
be explained.

For images, a player is a group of features, for example,
pixels can be grouped together to form super-pixels. Hence,
each super-pixel represents a player.

V. EXPERIMENTS
A. DATA
Three real world credit datasets were used in this study,
i.e. German, Australian [39] and Home Loan Equity
(HMEQ) [40]. The number of samples, the number of fea-
tures and the types of features for each dataset are shown in
Table 3. All three datasets are publicly available credit scoring
datasets onUCI repository and Kaggle. The first two datasets
are the most used datasets in credit scoring literature [2]. The
German credit dataset has 20 features of which 7 are numer-
ical and 13 are categorical. These features include status
of existing checking account, duration in
month, credit history and purpose, to mention
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TABLE 3. Credit datasets with sample sizes, number of defaults, number
of non-defaults, number of categorical features and number of
continuous features.

FIGURE 2. An example of applicant information is converted into a binary
image for HMEQ tabular dataset. The columns represent features and the
rows represent bins for WOE calculations.

a few. The Australian credit dataset has in total 14 fea-
tures and 6 of the features are numerical and 8 are cat-
egorical. The original feature names have been changed
for confidential purposes. The HMEQ dataset has 13 fea-
tures of which 11 are numerical and 2 are categori-
cal. The features include amount of loan request,
amount due on existing mortgage, value of
the current property, years at present
job, number of credit lines and etc. The
response variable for all three datasets is binary,
i.e. applicants are classified either as ‘‘defaults’’ or ‘‘non-
defaults’’. Table 2 shows WOE bins for each feature in
German, Australian and HMEQ datasets. Note that unpredic-
tive and weak features were removed according to the infor-
mation value. Figure 2 shows an example where an applicant
information is converted into an image, and in Figure 2 the
columns represent features and the rows represent bins for
WOE calculations.

B. MODEL
Each of the datasets was split into 70% training set and 30%
test set following the common practise in the literature. The
samples in each split were shuffled and thereafter stratified
random sampling was performed for each split. The training
set was used to determine the optimal parameters of the CNN
model. The test set was used to assess the performance of
the CNN model. Table 4, Table 5 and Table 6 show different

TABLE 4. CNN Architecture #1: Parameters and architectures of the CNN
model in (a) Australian dataset, (b) German dataset, and (c) HMEQ
dataset. Legend: Conv (Convolutional Layer), PL (Pooling Layer), FC (Fully
Connected Layer).

TABLE 5. CNN Architecture #2: Parameters and architectures of
the second CNN model in (a) Australian dataset, (b) German dataset, and
(c) HMEQ dataset. Legend: Conv (Convolutional Layer), PL (Pooling Layer),
FC (Fully Connected Layer).

architectures of the CNN models for Australian, German
and HMEQ datasets, respectively. For Australian dataset,
the CNN model was trained using 100 epochs and a batch
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TABLE 6. CNN Architecture #3: Parameters and architectures of the third
CNN model in (a) Australian dataset, (b) German dataset, and (c) HMEQ
dataset. Legend: Conv (Convolutional Layer), PL (Pooling Layer), FC (Fully
Connected Layer).

TABLE 7. CNN Architectures: Parameters and architectures for 1D CNN
model: (i) 1D CNN Architecture #1, (ii) 1D CNN Architecture #2, Legend:
Conv (Convolutional Layer), PL (Pooling Layer), FC (Fully Connected Layer).

size of 54. For both German and HMEQ datasets, the CNN
model was trained with 100 epochs and a batch size of 64.
The 2D CNNmodel was then compared to a 1D CNNmodel.
The 1D CNN model was trained using 1000 epochs and a
batch size of 32 on each dataset. The purpose of using a 1D
CNN model is to see the effect of the model when the data
is not converted into images. For 1D CNN model, we used
the raw tabular dataset. Hence, Table 7 shows two different
architectures for a 1D CNNmodel. Please note that 2D CNNs

are not applicable to raw tabular datasets, hence we opted for
a 1D CNN model.

C. PREDICTION PERFORMANCE MEASURES
For each of the datasets, we calculated ‘‘Accuracy’’ which
measures the proportion of the correctly classified examples
and is defined as

Accuracy =
(TP+ TN )

(TP+ FP+ FN + TN )
. (27)

We also calculated other performance metrics which are
defined next. The ‘‘Area Under the Curev’’ (AUC) [15] which
is a metric that measures the predictive power of a model is
calculated as follows

AUC =
1
2

(
1+

TP
TP+ FN

−
FP

FP+ TN

)
. (28)

The higher the AUC, the better the predictive power of the
model. The ‘‘Brier Score’’, named after Glenn Brier [41],
calculates themean squared error between the predicted prob-
abilities and their respective true class values and is calculated
as follows

Brier Score =
1
N

N∑
i=1

(ŷi − yi)2, (29)

where ŷi is the predicted probability of the true class, yi is the
true class and N is the number of records. The Brier Score
takes values between 0 and 1. The lower the Brier Score,
the better the predictions are calibrated. On the other hand
the ‘‘H-measure’’ proposed by Hand [42] assesses the cost of
misclassification and it uses a severity ratio (SR) given as

SR =
c0
c1
, (30)

where c0 > 0 is the cost of misclassifying a class 0 record
as class 1. Hence, the higher the H-measure the lower the
misclassification cost.

D. EXPLANATIONS
After training the CNN models and assessing their perfor-
mances, explanation methods such as LIME, SHAP values,
Grad-CAMand SaliencyMapwere used to explain individual
predictions. For LIME, we set the kernel width σ 2

= 0.25
and the number of perturbed images K = 150. This study
focused on local explanations (i.e. individual explanation) as
opposed to global explanations (i.e. explaining holistically
how the model makes predictions).

VI. RESULTS
A. MODEL PERFORMANCE
We created three CNN architectures (please refer to Table 4,
Table 5 and Table 6) to perform contrast experiments on the
design of the architectures. For each architecture we used
different activation functions, different number of layers and
different number of filters in each layer. Also, Table 8, Table 9
and Table 10 show confusion matrices, AUC, Brier Score and
H-measure for each of the CNN architectures on all three
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TABLE 8. Performance metrics resulted from the CNN Architecture
#1 model for all three datasets for both training and test sets.

TABLE 9. Performance metrics resulted from the CNN Architecture
#2 model for all three datasets for both training and test sets.

datasets. Amongst the three tables, Table 8which corresponds
to CNNArchitecture #1 shows better performances in almost
all three datasets. Hence, our proposed method is based on
CNN Architecture #1. The results show that the proposed
method achieves similar performances on both training and
test set, hence it does achieve a good generalisation perfor-
mance. We compared the 2D CNN model with 1D CNN
model to see the impact of converting data into images.
Table 11 and Table 12 show the results of the 1D CNNmodel.
It can be seen that when comparing the results in Table 8
with the results in Table 11 and Table 12, the 2D CNN model
performs better than the 1D CNNmodel on German and Aus-
tralian datasets when looking at all the performance metrics.
However, on the HMEQ datasets, both 2D CNN and 1D CNN
perform similarly regarding accuracies and brier scores, but
2DCNN show better results when looking at the AUC and the
H-measure. These results support the conversion of tabular
datasets into images in order to leverage the high performance
nature of 2D CNNs.

TABLE 10. Performance metrics resulted from the CNN Architecture
#3 model for all three datasets for both training and test sets.

TABLE 11. Performance metrics resulted from the 1D CNN Architecture
#1 model for all three datasets for both training and test sets.

The results that were found in literature which are shown
in Table 13 were compared with the proposed method results.
Hence, the proposed method shows in most cases better
performances compared to the methods from the literature
considered in this paper. The results in Table 13 and Table 8
support the efficacy of the proposed 2D CNN model in accu-
rately assessing the credit applicants. However, we also want
to make sure that we have meaningful and good explanations
for the proposed model’s decision. In the following, we qual-
itatively and quantitatively evaluate the explanations of the
proposed method generated by four different explanation
methods (i.e LIME, Saliency Map, Grad-CAM and SHAP
values).

B. EXPLANATIONS
For each of the datasets, we randomly selected an image
representing the corresponding record in the tabular dataset.
Thereafter, we predicted each class for each of the randomly
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TABLE 12. Performance metrics resulted from the 1D CNN Architecture
#2 model for all three datasets for both training and test sets.

TABLE 13. Performances of related models in credit scoring literature.

FIGURE 3. The rows in this figure refer to the original image, class 0 and
class 1 and the columns refer to the Grad-CAM, Saliency Map, Shap
values and LIME. Prediction explanation for a random image belonging to
class 0 on Australian dataset. Legend: class 0 (non-defaults), class 1
(defaults), column 0 (A2), column 1 (A3), column 2 (A4), column 3 (A5),
column 4 (A6), column 5 (A7), column 6 (A8), column 7 (A9), column 8
(A10), column 9 (A12), column 10 (A13) and column 11 (A14). All the (A’s)
are feature names. All columns are features from tabular dataset and the
rows are bins for WOE calculations. See Table 2 for further details on
features.

selected images. We then used Grad-CAM, LIME, SHAP
values and Saliency Map to explain each predicted class
(i.e. defaults = 1 and non-defaults = 0). Figure 3, Figure 4
and Figure 5 show explanations for each of the predictions.
The white blocks/pixels in LIME are super-pixels that are

FIGURE 4. The rows in this figure refer to the original image, class 0 and
class 1 and the columns refer to the Grad-CAM, Saliency Map, Shap values
and LIME. Prediction explanation for a random image belonging to class 1
on German dataset. Legend: class 0 (non-defaults), class 1 (defaults),
column 0 (Acc Bal), column 1 (Age), column 2 (DCredit), column 3
(LEmploy), column 4 (Asset), column 5 (VStocks) and column 6
(PStatus). All columns are features from tabular dataset and the rows
are bins for WOE calculations. See Table 2 for further details on features.

FIGURE 5. The rows in this figure refer to the original image, class 0 and
class 1 and the columns refer to the Grad-CAM, Saliency Map, Shap
values and LIME. Prediction explanation for a random image belonging to
class 1 on HMEQ dataset. Legend: class 0 (non-defaults), class 1
(defaults), column 0 (Loan), column 1 (Mortdue), column 2 (Value),
column 3 (Job), column 4 (Derog), column 5 (Delinq), column 6 (Clage),
column 7 (Ninq) and column 8 (Debtinc). All columns are features from
tabular dataset and the rows are bins for WOE calculations. See Table 2
for further details on features.

important inmaking a prediction of a class. For SaliencyMap,
the color-bar shows which pixels are important in making
a prediction of a class. For SHAP values, the red pixels
contribute more in making a prediction of a class and the blue
pixels contribute less. To explain in an understandable form
to a human, we use Table 2 where each bin corresponds to a
pixel.

For example, LIME in Figure 5 explains the reason why
a customer is flagged as a defaulted customer. The reason is
that the amount due on existing mortgage is at least $88, 210,
the value of the current property is at least $106, 450,
the number of credit default lines is at most 1, the age of the
oldest credit line is between 130 and 166 months and the debt
to income ratio is at least 31%. We can interpret this explana-
tion as follows: the customer has defaulted once, he/she still
owes a huge amount on his/her mortgage, almost a third of
his/her salary/income pays debt and he/she has one credit line
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that is older than 11 years. Saliency Map in Figure 5 explains
that the oldest credit line for the same customer is between
130 and 166 months, the amount due on existing mortgage
is less than $42, 000 and the value of the current property
is less than $72, 000. SHAP values in Figure 5 explain the
following: the amount due on existing mortgage is at least
$88, 210 for the customer and the customer is doing an office
work, the value of the existing property is at least $106, 450
and the oldest credit line is between 279 and 1168 months.
Grad-CAM in Figure 5 explains that the customer requested
a loan of atleast $13, 000 and the amount due on existing
property is atleast $88, 210.
It is worth to mention that for Australian credit dataset all

feature names and values were anonymized to protect con-
fidentiality of the data. Hence, we can’t really explain
Figure 3. Next, we explain Figure 4 where the correct class
is a defaulted customer. Starting with LIME, the defaulted
customer is 34 years or older, owns a real estate, his/her
account is in arrears and his/her account balance is less
than 200 Deutsche Marks. The same defaulted customer is
explained by the Saliency Map as 34 years or older and
unemployed. For SHAP values, the customer is 34 years and
older, account in arrears, owns a real estate and the account
balance is less than 200 Deutsche Marks. For Grad-CAM
in Figure 4, the customer has a balance that is less than
200 Deutsche Marks and she/he has been working for atleast
4 years but less than 7 years.

This is an illustration of how one would explain the predic-
tions using the corresponding bins in Table 2. Please note that
we did padding on the images to compensate for empty bins,
if an explanation highlights a pixel that falls on a padding,
we ignore the importance of that pixel because it carries no
meaning.

C. SANITY CHECK FOR EXPLANATIONS
Once an explanation is determined for a prediction, the next
thing to do is to assess its validity. To do this, we followed
a process suggested in [32]. Firstly, a model is trained on
the original labels and an explanation is provided to explain
a prediction of image x. Secondly, another model having
the exact architecture as the previous model is trained on a
copy of the original data but the labels are randomly per-
muted. The reason for randomizing the labels is to break
the relationship that exists between the input features and
the labels [32]. An explanation is then provided to explain a
prediction of a randomly permuted label for image x. Thirdly,
the explanations on both scenarios for image x are compared.
If the explanation for image x did not change after randomly
permuting the labels, then the explanation on the original
labels did not explain anything about the relationship between
the inputs and the prediction. The visual comparison of the
explanations could be misleading, to ascertain that the expla-
nations are the same/differ, a quantitative measure such as
the Spearman rank correlation is used. The Spearman rank

TABLE 14. Spearman rank correlations to quantitatively perform sanity
check for Figure 3, Figure 4 and Figure 5.

correlation is calculated as

ρ = 1−
6×

∑l
i m

2
i

l(l2 − 1)
(31)

where l is a number of categories that need to be ranked and
m = Rank(x)o − Rank(x)p is the difference between the
rankings of the explanations on the original and the permuted
labels, respectively.

Table 14 shows correlations for each explanation tech-
nique for Figure 3, Figure 4 and Figure 5 on each dataset.
For Australian data, LIME shows a weaker correlation. For
German data, SHAP values and Grad-CAM show a weaker
correlation. For HMEQ, LIME shows a weaker correlation.
According to [32], weaker correlations mean that the expla-
nations do pass the sanity check.

D. QUANTITATIVE COMPARISON OF EXPLANATION
METHODS
This section looks at comparing all four explanation meth-
ods quantitatively. Suppose LR is an xgboost model trained
on raw dataset and LE is another xgboost model trained
on explanations of predictions from the model. The per-
formance of LR on raw test set is denoted as PR and
the performance on explanations test set is denoted as
PE . We hypothesise that for good explanations, we expect
PE > PR. Note that the performance metric we are
using is the accuracy which is a proportion of the correctly
classified records. We tested our hypothesis in all three
datasets and we found that for all four explanations PEi >
PR,∀i ∈ {Grad-CAM,Saliency Map,LIME,SHAP values}.
Thereafter, we compared performances of the explanations
methods used in this study. The best performing explanation
method will have PEi > PEj ,∀j where j 6= i. To conduct the
comparisons, firstly we split each raw dataset into 70% train-
ing and 30% test sets. To avoid confusion, for each dataset
we only performed a single data split, where we randomly
shuffled the records and performed stratified sampling. Sec-
ondly, we predict the class of each record for each of the
datasets (both training and test sets) using our CNN model.
Thirdly, we explain each of the predictions using Grad-CAM,
SaliencyMap, LIME and SHAP values. Fourthly, we trainLR
on 70% raw dataset and assess its performance PR on 30%
raw test set. Thereafter, we train LE on explanations of the
predictions from the 70% raw dataset and assess the perfor-
mance PE on explanations of the predictions from the 30%
raw test set. Table 15 shows performances of the explanation
methods together with performances on the raw datasets
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TABLE 15. Performances on the 30% test sets based on raw dataset and explanations of predictions from the CNN model. Accuracy is denoted as Acc.

when using xgboost model. Note that the performances were
based on 30% test set. In all three datasets, the SHAP values
improve accuracy to 99% and 100% and these are state-of-
the-art results for all three datasets. This shows that the SHAP
values may be used for explanations as well as for feature
selection for improving model performances.

VII. CONCLUSION AND FUTURE WORK
In this paper, tabular datasets were converted into images
using bins that were used to calculate weights of evidence.
Each pixel of a feature image corresponds to a feature bin.
The purpose of using weights of evidence was to create
meaningful bins that are monotonic to the response variable.
For instance, in credit scoring, a feature such as age should
decrease monotonically with a default risk response variable
and this means that the younger applicants are more riskier
than the older applicants in terms of defaulting on their loans.
Hence, the risk of defaulting decreases monotonically with
increasing age. The other purpose for using bins that were
used to calculate weights of evidence in this current study is
that both continuous and categorical features were accommo-
dated. The images were then used to train 2D convolutional
neural networks. The performances of the trained convolu-
tional neural networks were compared with literature results.
We found that the trained convolutional neural networks
performed better when compared to the literature results.
However, the aim of our study was not only on model perfor-
mance but rather on explaining predictions. The predictions
of the models were then explained using Grad-CAM, LIME,
SHAP values and Saliency Map. Each of these explanation
methods highlight important regions/pixels in an image that
correspond to the output/prediction class. To explain in an
understandable form, all important pixels were linked to
their respective bins that were used to calculate weights of
evidence. The explanation techniques were validated using
sanity check methodology. Furthermore, performances of
explanation methods were compared quantitatively by using
an xgboost model. The explanation method which performed
better compared to other methods in all three datasets was
SHAP values. The purpose of the xgboost model was to
evaluate quantitatively the performances of the explanation

methods. However, the future research should focus on val-
idating and evaluating performances of the explanations by
using domain experts in the field of credit scoring such as
the credit risk analysts or managers. Also, future work should
focus on comparing the performances of themethods that per-
form tabular data conversion into images. Further, for future
work the proposed framework can be extended to other deep
learning architectures such as ResNet, Deep Graph Neural
Networks and others.
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ABSTRACT The past decade has shown a surge in the use and application of machine learning and deep
learning models across various domains. One such domain is credit scoring, where applicants are scored to
assess their creditworthiness for loan applications. It is essential to ensure that no biases or discriminations are
incurred during the scoring process.Mostmachine learning and deep learningmodels are prone to unintended
bias and discrimination in the datasets. Therefore, it is imperative to explain each prediction from the models
during the scoring process to avoid the element of model bias and discrimination. Our study proposes a novel
optimization formulation that generates sparse counterfactual explanations via a custom genetic algorithm
to explain the black-box model’s predictions. We evaluated the efficacy of the proposed method on publicly
available credit scoring datasets by comparing the counterfactual explanations generated by the proposed
method with explanations from credit scoring experts. The proposed counterfactual explanation method
does not only explain rejected loan applications but also can be used to explain approved loan applications.

INDEX TERMS Credit scoring, machine learning, counterfactual explanation, explainable AI, genetic
algorithm.

I. INTRODUCTION
The pervasiveness and ubiquitous nature of machine learning
and deep learning models brings about positive change in
society with the risk of unintended consequences such as
algorithmic bias. The algorithms are not intrinsically biased
but inherit the bias from human activities captured in the data
during the training process. Thus, themodels need to be trans-
parent at all costs. The Basel Accord [1] requires explanations
for denied loan applications to ensure that transparency is
maintained in automated decisions in the financial sector.
Emerging regulations such as the European Union General
Data Protection Regulation (GDPR) [2] stipulate that, for
automated decisions, a ‘‘right to explanation’’ needs to be
maintained. Explaining predictions is crucial for high-stake
decisions, such as the presence or absence of a disease in
the healthcare sector, the rejection or acceptance of a loan
application in the finance sector, and the denial or approval of
parole in the criminal justice sector. Hence, our study focuses

The associate editor coordinating the review of this manuscript and

approving it for publication was Long Wang .

on using a counterfactual explanation technique, which is an
instance-based explanation, for explaining predictions from
black-box models. Wachter et al. [3] highlighted three key
benefits of using the counterfactual explanation, (1) to inform
and assist applicants in understanding why a certain decision
was made, (2) to give grounds to contest unfair decisions, and
(3) to understand what could be changed to attain a desired
outcome in the future. A typical example of a counterfac-
tual explanation is a loan application [4], [5]: ‘‘Imagine you
filed a credit application at a bank. Unfortunately, the bank
rejects your application. Now, you would like to know why.
In particular, you would like to know what would have to be
different so that your application would have been accepted.
A possible explanation might be that you would have been
accepted if you would earn 500$ more per month and if you
would not have a second credit card.’’

Therefore, it is imperative to explain each prediction from
the models during the scoring process to avoid the element
of model bias and discrimination. We propose a novel opti-
mization formulation that generates sparse counterfactual
explanations via a custom genetic algorithm to explain the
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black-box model’s predictions. Our contributions are as fol-
lows: 1) a novel formulation of the optimization problem
that leads to a single sparse counterfactual explanation using
a custom genetic algorithm; 2) a computationally efficient
generation of counterfactuals achieved by the normalization
of continuous features and selection of predictive features;
and 3) validation of automatically generated counterfactuals
with the credit scoring experts. Without loss of generality,
we used the terms ‘‘counterfactual’’ and ‘‘counterfactual
explanation’’ interchangeably. In addition, the words ‘‘sam-
ple’’, ‘‘instance’’ and ‘‘record’’ are used interchangeably.

The remainder of this paper is organized as follows.
Section II discusses background and related work on coun-
terfactual explanations. Section III introduces our proposed
method for generating counterfactual explanations. The
experiment setup is described in Section IV and the results
are given in Section V. Finally in Section VI, we summarize
the paper and discuss our future work.

II. BACKGROUND AND RELATED WORK
The literature has done a great amount of work on
eXplainable Artificial Intelligence (XAI), an emerging arti-
ficial intelligence branch. The main purpose of XAI is to
make deep learning and machine learning models inter-
pretable. A black-box model can be explained by either
using a post-hoc, an ante-hoc or an instance-based expla-
nation. A post-hoc explanation uses another model such
as a linear regression or a decision tree to explain the
behaviour of a black-box model (e.g. Local Interpretable
Model-Agnostic Explanation (LIME) [6]). On the other hand,
an ante-hoc explanation is an inherently interpretable model
(e.g. Bayesian Rule List [7]), and an instance-based explana-
tion uses an instance to explain the behaviour of a black-box
model (e.g. Visual Counterfactual Explanations (ViCE) [8]).
Rudin [9] posited that inherently interpretable models (i.e.
ante-hoc explanations) should be used for high-stake deci-
sions in lieu of explainable machine learning (referring to
post-hoc explanations). The study argued that explainable
machine learning generates explanations that are not faithful
to what the black-box model computes. Hence, to avoid this
shortcoming, this study proposes the use of counterfactuals
to explain black-model predictions.

Although counterfactuals seem to produce intuitive expla-
nation systems, some problems remain. Most counterfactual
explanation methods generate more than one counterfactual
explanation, and this problem is referred to as Rashomon
effect [5]. The generated explanations might have contradict-
ing ‘‘paths’’ on how a certain output was reached. It becomes
more difficult and unclear for the user or applicant if there
is more than one option of explanations to select from. The
other issue with counterfactual explanations is the time it
takes to generate the counterfactuals [10]. The time metric
can be measured as an average time taken over the generation
of a counterfactual for a group of records or the generation of
multiple counterfactuals for a single input record [10].

Despite these problems, the research in recent years has
shown an increase in the number of studies that focused on
explaining machine learning predictions using counterfac-
tual explanations. Grath et al. [11] proposed two weighted
approaches to produce counterfactuals for credit scoring data,
where one approach derives weights from feature impor-
tance, and the other depends on nearest neighbours. Empirical
results showed that the weights that are produced from
feature importance result in more compact counterfactuals.
Furthermore, the study produced positive counterfactuals for
accepted loan applications to assist individuals when they
make future financial decisions.

In most cases, counterfactuals are generated by using a
metaheuristic approach (i.e. an optimization approach that
is not problem/task dependent). Guidotti et al. [12] pro-
posed a method that learns a local and interpretable classifier
on a synthetic neighbourhood of a record of interest (i.e.
an instance that its prediction needs to be explained). The
synthetic neighbourhood is generated by a genetic algo-
rithm. The proposed method produces a local explanation
that consists of logical rules explaining a decision of the
instance of interest and a set of counterfactuals that suggest
changes in the instance of interest to produce a desirable
outcome. The results showed that the proposed method out-
performs previous methods with regards to the quality of
the produced explanations and the faithfulness to the black-
box model. Sharma et al. [13] proposed a unified and model
agnostic approach to address non-transparency (among other
issues) of black-box models by using counterfactuals that are
generated via a genetic algorithm. The proposed approach
achieved robustness, transparency, interpretability, and fair-
ness of black-box models. Further, the study intends to
improve the speed of genetic algorithms in their future work.
Sharma et al. [13] is the closest study to our approach.

Once the counterfactuals are generated, the next thing to
look at is the feasibility of the generated counterfactuals.
A change in a few features makes counterfactuals to be
feasible. Van Looveren et al. [14] proposed a framework
for generating sparse and in-distribution counterfactuals.
A sparse counterfactual refers to a counterfactual that
requires minimum feature changes to belong to the desired
class.

Poyiadzi et al. [15] argued that the current methods that
generate counterfactuals for explanation are not considering
the feasibility of the generated counterfactuals in the real
world. This is attributable to counterfactuals that do not rep-
resent the underlying data distribution. The study proposed a
method that generates feasible and actionable counterfactual
explanations based on the shortest path distance determined
by density-weighted metrics. The proposed approach gener-
ates counterfactuals that are logical and consistent with the
underlying data distribution, making counterfactuals feasible
and actionable. Mothilal et al. [16] posited that counterfac-
tuals should be feasible and diversified. The study proposed
a framework for generating and assessing the diversity of
counterfactuals based on a determinant of a kernel matrix.
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The proposed framework generates diverse counterfactuals as
opposed to previous methods.

Efficiency and speed are key factors when generat-
ing counterfactuals. It is better to use fewer computer
resources to speed up the computation time. Resource-
intensive methods tend to result in high computation time.
Artelt and Hammer [17] investigated how to efficiently
compute counterfactuals for prototype-based classifiers. The
study discovered that in most cases, either a set of linear or
convex quadratic programs that generate counterfactuals can
be solved efficiently. Van Looveren and Klaise [18] proposed
the use of class prototypes to speed up the generation of
counterfactuals. The class prototypes are either attained by
employing an encoder or class-specific k-d trees. Efficiency
is synonymous with the generation time of counterfactuals.

Not only speed and efficiency are essential when gener-
ating counterfactuals, but the safety of the black-box models.
Counterfactuals guarantee the safety of the black-boxmodels.
Sokol and Flach [19] showed that when making AI systems
explainable, there is a chance of compromising the safety and
security of the system and the possibility of data leakage.
This poses a challenge to Explainable AI systems, and the
study suggests that the security of AI systems will not be
compromised when counterfactuals are used in lieu of other
explainable AI techniques.

In general, the credit scoring literature is not extensive
when it comes to counterfactual explanations. Hence, this
study aims to expand the use of counterfactual explanations
in credit scoring to address the issue of multiple counterfac-
tuals that are generated to explain a single instance. Further,
this study aims to suggest alternative ways to deal with the
efficiency and sparseness of counterfactuals.

III. METHODOLOGY
This section outlines the methodology that is undertaken
in this study. The key design decisions were to collect
the datasets, select predictive features, calculate correlations
between the target variable and the predictors, normalize each
continuous feature of the datasets, formulate an optimiza-
tion problem that will help to generate the counterfactuals,
measure the time it takes to generate the counterfactuals,
and to compare the generated counterfactuals with experts’
opinions. Each of the above steps helped us to obtain coun-
terfactuals that are sparse, generated fast, and robustly tested.

Figure 1 shows the flowchart of our proposed methodol-
ogy. Firstly, we focus on feature selection, where we select
predictive features using a random forest model. Secondly,
we calculate Spearman’s correlation coefficient between the
target variable and the features. The aim of calculating the
correlations is to create sparse counterfactuals. This means
that we will only focus on features that are better correlated
with the target variable when generating the counterfactuals.
The feature selection together with sparsity ties back to the
feasibility of the counterfactuals, which requires a minimal
number of features to be changed. Thereafter, the dataset
is split into categorical and continuous features, and the

continuous features are normalized. The purpose of normaliz-
ing continuous features is to ensure that the features have the
same scale. This allows counterfactuals to be generated much
quicker because there is no huge varying degree of values
within each feature. We proceed by merging the categorical
and continuous features. The dataset is then split using the
K-fold cross validation and a classifier is trained and its
performance is assessed. The purpose of the K-fold cross
validation is to ensure that model robustness is maintained
during training. The final step is to generate a counterfactual
that will explain the predicted outcome for a data point that
we are interested in (i.e. a defaulted loan).

A. DATA PREPROCESSING
We selected predictive features via a random forest. The
random forest is an ensemble of decision trees. At each node
of the decision tree, a split is determined by the measure
of impurity of each feature, either by using the entropy or
the gini index. The importance or predictive power of each
feature is derived from the impurity calculation, which is
shown by either the entropy

IE = −
1∑
j=0

pj log2 pj (1)

or the gini index

IG = 1−
1∑
j=0

pj (2)

where pj represents proportion of samples in each class.
The more ‘‘pure’’ a feature is, the more important it is. The
importance of each feature is obtained from how ‘‘pure’’ a
feature is. The more the feature reduces impurity, the more
important the feature is.The final importance of the feature is
the average impurity decrease across all decision trees. Thus,
all selected features will have a maximum average impurity
decrease across all decision trees.

B. COUNTERFACTUAL SPARSITY
To ensure that the counterfactuals that are generated are
sparse, we used Spearman’s rank correlation coefficient.
Spearman’s rank correlation coefficient is based on the rank-
ings of a feature as opposed to using raw feature values. The
benefit of using rankings is that both continuous and categor-
ical features can be used to calculate the correlation. Hence,
sparsity is determined by the correlation between the target
variable (which is categorical in nature) and the predictors
(which are either categorical or continuous). Spearman’s rank
correlation coefficient is given as

ρ = 1−
6×

∑
z2i

n(n2 − 1)
(3)

where zi is the difference between two ranks of each record
and n is the number of records. The aim of calculating the
correlation is to focus only on features that are correlated with
the target variable when the counterfactuals are generated.
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FIGURE 1. The flowchart of the proposed methodology.

The statistical significance of a Spearman’s rank corre-
lation is tested by using a hypothesis testing. The test will
measure the association between the target variable and the
predictors. The null hypothesis and the alternative hypothesis
are stated as

• H0 = There is no monotonic association between
variables.

• Ha = There is a monotonic association between
variables.

The level of significance for the hypothesis test is α = 5%.
The null hypothesis H0 is rejected when the p-value < α.
If the null hypothesis is rejected, then the conclusion will
be that there is statistical evidence that there is association
between variables.

C. NORMALIZATION OF CONTINUOUS FEATURES
Let xk ∈ Rd denote a feature vector for record k , where d
represents the number of features in a dataset. The labeled
dataset is represented by X = {(xk , yk )}nk=1, where yk ∈
{0, 1} represents the target/response flag and xk = {f i}di=1
is the feature vector, and n denotes the number of records
in the dataset. Let fi represent each feature in X, ∀i ∈

{1, 2, · · · , d}. Continuous feature values were converted by
using a normalization technique

f inorm =
f i −min(fi)

max(fi)−min(fi)
, (4)

such that

f inorm ∈ [0, 1], (5)

where min(fi) and max(fi) are the minimum and the maxi-
mum values for feature i, respectively.

D. GENETIC ALGORITHM
The genetic algorithm is a heuristic search approach that is
motivated by natural evolution [20]. The genetic algorithm
searches for optimal values that can either minimize or max-
imize a certain function. Hence, genetic algorithms are used
for optimization problems. The genetic algorithm involves a
selection of individuals (i.e. parents) (based on some defined
fitness function) from an initial population for reproduction.
Individuals that are unfit for reproduction are omitted. The
parents produce an offspring that inherits their (i.e. parents)
characteristics. The offspring then gets included in the next
generation of the population. The process repeats itself until
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it converges into a solution. The genetic algorithm process
involves five phases i.e. the initial population, the fitness
function, the selection, the cross-over, and the mutation.
In the context of credit scoring, a population individual is a
feature vector and this feature vector is regarded as a counter-
factual. To select the best counterfactuals, a fitness function is
used. The fitness function in this study is the black-boxmodel
that is required to be explained by the counterfactual. The
fitness function output is probabilistic and has values in the
range [0, 1]. The quality of each counterfactual is determined
by the output of the fitness function and the distance between
the counterfactual and the feature vector of interest (i.e. a fea-
ture vector with a default response flag) should be less than
some epsilon value. Selected counterfactuals go to a mating
pool and these counterfactuals are known as parents. Every
two parents will produce two offspring (i.e. two counterfactu-
als). The mating process is a cross-over phase. The cross-over
is based on a cross-over rate which is defined as the probabil-
ity of two parents crossing over at a single point [20]. Mating
high-quality parents will generate better-quality offspring
with similar traits as the parents. This removes bad population
individuals from generating more bad individuals. Note that,
the offspring will have similar drawbacks as their parents.
To overcome the drawbacks, some changes will need to be
made to the offspring to generate new offspring. The changes
are known as the mutation phase. The mutation is responsible
for randomly changing values in the counterfactual based
on a mutation rate which is defined as the probability of
determining the number of counterfactuals that should be
mutated in a single population [21]. The main purpose of
mutation is to preserve diversity in a population, and this
prevents early convergence to a solution.

E. FORMULATION OF THE OPTIMIZATION PROBLEM
This section defines our formulation of the optimization prob-
lem which is solved via a custom genetic algorithm. Let
c∗ ∈ Rd denote a counterfactual for record x ∈ Rd and g
denote a black-boxmodel. Let g have a probabilistic cartesian
product output. Then g is given as

g : Rd
−→ A× B, (6)

where

A× B = {(a, b)|a ∈ [0, 1], b ∈ [0, 1], a+ b = 1} (7)

and a represents a probability of belonging to class 0 and b
is a probability of belonging to class 1. The aim is to find
c∗ ∈ Rd such that

c∗ = arg min
c∈Rd

gb∈[0,1](c) (8)

subject to

dist(c∗, x) < ε (9)

and

c∗,i ∈ [min(fi),max(fi)], ∀i ∈ {1, 2, · · · , d}. (10)

The main idea behind the above optimization problem is to
find optimal c∗ ∈ C (i.e. C is the set of counterfactuals)
that result in a non-default class, ensuring that the generated
counterfactual c∗ is as close as possible to the instance of
interest x and that c∗ comes from the same data distribution
as x. The output of each class (i.e. default or non-default) is

class output =

{
0, if (a, b) ∈ [0.5, 1]× [0, 0.5)
1, if (a, b) ∈ [0, 0.5)× [0.5, 1].

(11)

In Eq. (8), we ensure that b ∈ [0, 1] is minimized so that a ∈
[0.5, 1] makes the counterfactual to belong to a non-default
class. Please note that class output = 0 and class output =
1, means that x belongs to a non-default class and default
class, respectively. According to Wachter et al. [3], closeness
of c∗ to x should be measured by the L1 norm distance
divided by the mean absolute deviation (MAD). Wachter et
al. [3] showed that the L1 norm distance divided by MAD
is better than the L1 or L2 norm distances. The first part of
Equation (12) is for continuous features and the latter part
is for categorical features. Since we are treating categorical
values as discrete, hence we used the mean deviation which
is suitable for discrete values. The choice of distance in our
study is

dist(c∗, x) =
d∗∑
i=1

|c∗,i − f i|
MADi

+

d∑
i=d∗+1

|c∗,i − f i|
MDi

, (12)

whereMADi andMDi denote a mean absolute deviation and a
mean deviation for feature i, respectively, and d∗ denotes the
number of continuous features. The mean absolute deviation
for feature i is

MADi =
1
n

n∑
j=1

|f ij − f̄(i)|, (13)

where n denotes the number of records and f̄(i) denotes the
mean or average of feature i. The mean deviation for feature
i is

MDi =
1
m

m∑
l=1

ol |f il − f̃(i)|, (14)

where m is the number of categories, ol is the frequency of
each category and f̃(i) is the median of feature i.
The threshold for the chosen distance is defined by ε which

is provided by the user. The fitness function in our optimiza-
tion problem is g(c∗). To explain predictions of applicants that
are approved for loans (i.e. class output = 0), the aim is to
find optimal values of c∗ such that

c∗ = arg min
c∈Rd

ga∈[0,1](c) (15)

subject to the same constraints of Equation (8). In Eq. (15),
we ensure that a ∈ [0, 1] is minimized so that b ∈ [0.5, 1]
makes the counterfactual to belong to a default class.

The major differences between our study and that of
Sharma et al. [13] are 1) the formulation of the optimization
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problem, 2) the distance calculation for categorical features
and 3) the generation of sparse counterfactuals. Sharma et al.
[13] used the following fitness function,

fitness function =
1

dist(c∗, x)
(16)

where

dist(c∗, x) =
ncon
n

ncon∑
i=1

|c∗,i − f i|
MADi

+
ncat
n

SimpleMat(c∗cat , xcat ) (17)

and ncon and ncat denote the number of continuous and
categorical features, respectively, and c∗cat and xcat are
categorical attributes for the counterfactual c∗ and record
x, respectively. The simple matching coefficient is used in
Sharma et al. [13] to deal with categorical features and is
given as

SimpleMat =
number of matching attributes
total number of attributes

, (18)

and has values between 0 and 1.

IV. EXPERIMENTS
A. DATA
Publicly available credit scoring datasets were used in this
study, i.e. German [22] andHome Loan Equity (HMEQ) [23].
The German dataset can be accessed on the UCI reposi-
tory, and the HMEQ dataset can be accessed on Kaggle.
The German credit dataset has 20 features, where 7 of the
features are numerical and the other 13 are categorical.
The German credit dataset has features such as status
of existing checking account, duration in
month, credit history and purpose to mention
a few. The HMEQ dataset has 13 features, where 11 of
the features are numerical and the other 2 are categori-
cal. The features are the amount of loan request,
amount due on existing mortgage, value of
the current property, years at present
job, number of credit lines to mention a few. The
target variable for each of the above credit scoring
datasets is binary, i.e. applicants are classified either as
‘‘default’’ (i.e. bad applicants denoted by a 1) or ‘‘non-
default’’ (i.e. good applicants denoted by a 0).

B. DATA SPLIT, MODEL TRAINING AND
MODEL PERFORMANCE
For robustness of the classifier g, a K-fold cross valida-
tion [24] was used. The K-fold cross validation splits the data
into K equal folds D1,D2, · · · ,DK , where

K⋃
k=1

Dk = X. (19)

Each fold Dk is used as a test set and the remaining D =
{Dj}

(K−1)
j=1,j6=k folds are used for model training. The overall

performance metric for the model is

gp =
1
K

K∑
k=1

gkp (20)

and gp represents the average model performance metric, e.g.
accuracy or Area Under the Curve (AUC), and gkp is a model
performance metric in each of the test folds Dk . Note that
the remaining folds D = {Dj}

(K−1)
j=1,j6=k were used in turn for

training, we did not build K distinct models.

C. EXPERIMENT SETUP
For the genetic algorithm, we ran four experiments on each
dataset to select optimal parameters based on the execution
times of the optimization problem, the resulting class output
and the distance between the record that needs to be explained
and the generated counterfactual. Table 1 shows different
parameter values that were used for the genetic algorithm.
We then measured the times in seconds for the execution of
the optimization problem, the resulting class outputs, and the
distances were also assessed and are shown in Table 1. For
German dataset, we chose ε = 4, mutation rate = 0.01,
cross-over rate = 0.40 and population size = 30, since they
are giving a least amount of execution time, the desired class
output (i.e. the non-default output), and the minimal distance.
For HMEQ dataset, we chose ε = 7, mutation rate = 0.04,
cross-over rate = 0.70 and population size = 100, since they
are giving the desired class output (i.e. the non-default output)
and the least distance. The models that were used in our study
were random forest and artificial neural networks (this was
to ensure that our approach is model-agnostic). The choice
of these models was based on our previous literature review
study [25]. The parameters for the random forest model were
set as follows, the maximum depth for each decision tree was
set to 5, and the number of decision trees was set to 100. For
the artificial neural networks, we used 3 hidden layers, the
first hidden layer had 50 neurons, and the second hidden layer
had 30 neurons and the third hidden layer had 5 neurons, with
the output layer having 2 neurons. The parameters for both
neural networks and random forest were obtained by using
a grid-search approach. To train the models, we used K-fold
cross validation, where we set K = 5.

D. EXPERIMENTS FOR CREDIT SCORING EXPERTS
Initially, we contacted about six credit scoring experts and
there were only three experts who showed interest in taking
part in the experiments of this study. It is challenging to find
credit scoring experts since they have busy schedules and
are mostly not available. The use of several experts in this
study was to ensure that we get different views from industry
experts. This will then ensure that the counterfactuals are
robustly assessed. All the experts in this study have more than
7 years of working experience in the financial sector, working
as quantitative analysts in credit scoring departments. They
all have a background in developing credit scorecards from
scratch. The experts were given a data dictionary with a
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TABLE 1. Selection of parameters for genetic algorithm based on execution times (measured in seconds), the resulting objective function and the
distance between the original feature vector and the counterfactual vector on German and HMEQ credit datasets. Legend: time (execution time for
optimization problem), func (predicted class output), dist (distance between record that needs to be explained and the counterfactual). For predicted
class output, 0 denotes non-default class and 1 denotes default class.

detailed description of each feature. The experts were asked
to identify features that they deem fit in influencing the
prediction of the record of interest (i.e. the record that belongs
to a default class) based on their domain expertise. This was
to allow credit experts to have a subjective opinion on the
features that they thought were key contributors in predicting
the class of the record of interest. The credit risk experts then
created their counterfactuals and they assessed the prediction
of their counterfactuals using an online user interface, to see
if the counterfactuals will belong to the desired class (i.e.
a non-default class). The experts were also asked to normalize
all continuous features before they use the online platform.
The online user interface can be found on this link (https://
xolani-explanation-research.herokuapp.com/). We created
this user interface from scratch and the scoring models that
were used in the user interface for predictions are the ones
that we are explaining using the counterfactuals in this study.

V. RESULTS
This section starts by looking at the features that are cor-
related with the target variable and thereafter the model
performances of the random forest classifier on German
credit dataset and the artificial neural networks classifier
on HMEQ credit dataset. Lastly, explanations from our
approach, Sharma et al. [13] approach and from the experts
are examined.

A. COUNTERFACTUAL SPARSITY
We assessed the correlations between the target variable
and the predictors. The aim is to focus only on pre-
dictors that are better correlated with the target variable
when we are generating our counterfactuals. Figure 2
and Figure 3 show correlation matrices for the German
and HMEQ credit datasets, respectively. In Figure 2, the

FIGURE 2. Spearman’s rank correlation coefficient for the German credit
dataset. The selected features are Account Balance, Payment Status
of Previous Credit and Duration of Credit (month) based on
the correlation coefficients with the Target variable. The p-values of the
correlation coefficients for all selected features are ≈ 0.

predictors that are better correlated with the target vari-
able areAccount Balance andPayment Status of
Previous Credit. Please note that by ‘‘better correla-
tion’’we mean that compared to the rest of the predictors, the
selected predictors have a ‘‘higher’’ correlationwith the target
variable. In Figure 3, the predictors that are better correlated
with the target variable are DEBTINC, DEROG and DELINQ.
Thereafter, we tested the statistical significance of the cor-
relations. All the selected features in both datasets that are
correlated with the target variable show that the associations
are statistically significant since their p-values� 5%.

B. MODEL PERFORMANCE
Table 2 shows the classifier performance results that were
reported in literature, and we compared those results to the
performances of the models that were used in our study.
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FIGURE 3. Spearman’s rank correlation coefficient for the HMEQ credit
dataset. The selected features are DEBTINC, DEROG and DELINQ based on
the correlation coefficients with the Target variable. The p-values of the
correlation coefficients for all selected features are ≈ 0.

TABLE 2. Credit scoring model performances that are reported in the
literature.

A detailed comparison of model performances in credit scor-
ing can be found in our previous study [25]. In Table 2,
the results do not significantly differ from each other, and
this proves the efficacy of our model choice for our study.
The main purpose of our study is not to compare model
performances but to explain how amodel makes its prediction
and what actions are required to effect a desired outcome for
the loan applicant.

C. EXPLANATIONS
1) PREDICTION EXPLANATIONS FROM OUR APPROACH
AND FROM SHARMA et al. [13] APPROACH
Please note that in this study, we also implemented from
scratch, the approach that was used in [13]. The explana-
tions are given in Figure 4 and Figure 5, for German and
HMEQ credit datasets, respectively. The feature names are
on the y-axis, the x-axis represent the change between the
original feature value and the counterfactual feature value.
Please note that all continuous values in the figures were
normalized, however when providing explanations using text,
the normalized values were denormalized to make sense
out of the explanations. Using our approach on German
credit data, the applicant would qualify for the loan if the
Payment Status of Previous Credit decreases
by 3 and Account Balance decreases by 1. Using the
approach by Sharma et al. [13] on German credit data,
the applicant would qualify for the loan if the Account
Balance decreases by 1, Credit Amount increases by
15630, Duration of Credit (month) increases by
43, Purpose increases by 5 and Age (years) decreases

TABLE 3. Comparison of our approach with the approach from Sharma et
al. [13] using different metrics. Legend: time (execution time for
optimization problem measured in seconds), func (predicted class
output), dist (distance between the record that needs to be explained and
the counterfactual). For predicted class output, 0 denotes non-default
class and 1 denotes default class.

by 6. Using our approach on HMEQ credit data, the applicant
would qualify for the loan if the DEBTINC decreases by 32,
DELINQ increases by 1 and DEROG increases by 3. Using
the approach by Sharma et al. [13] on HMEQ credit data, the
applicant would qualify for the loan if the LOAN increases
by 39072, MORTDUE increases by 325939, VALUE increases
by 84791, CLAGE increases by 1051, NINQ increases by 4,
CLNO increases by 9, DEBTINC decreases by 24 and DEROG
increases by 10.

The difference between our approach and that of
Sharma et al. [13] is around the time it takes to generate a
counterfactual and the distance between the record of interest
and the generated counterfactual. The generated counterfac-
tual must not be far off from the data point of interest, this
ensures that the counterfactual is feasible. Our approach uses
sparse counterfactuals that result in small distances between
the counterfactual and the record of interest. This is illustrated
in Table 3.

2) EXPLANATIONS FROM CREDIT SCORING EXPERTS
Credit scoring experts generated their own counterfactual
explanations based on their domain knowledge. Please
refer to Figure 4 and Figure 5 to visually see the
explanations that are given in the text below. Expert
number 1 on German credit dataset, stated that the appli-
cant would qualify for the loan if the Payment Status
of Previous Credit decreases by 4, Duration of
Credit (month) increases by 10, Credit Amount
increases by 5702, Account Balance increases by 1 and
Age (years) increases by 7. Expert number 2 on German
credit dataset, suggested that the applicant would qualify
for the loan if the Duration of Credit (month)
increases by 57, Credit Amount increases by 10359 and
Purpose decreases by 1. Expert number 3 on German
credit dataset, stated that the applicant would qualify for the
loan if the Duration of Credit (month) increases
by 38, Age (years) decreases by 10 and Payment
Status of Previous Credit decreases by 3. Expert
number 1 on HMEQ credit dataset, stated that the appli-
cant would qualify for the loan if the LOAN increases by
11544,DEROG increases by 2, VALUE increases by 373079,
CLAGE increases by 456, NINQ increases by 8, CLNO
increases by 42 and DEBTINC decreases by 14. Expert num-
ber 2 on HMEQ credit dataset, stated that the applicant would
qualify for the loan if the the CLAGE increases by 362. Expert
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FIGURE 4. Explanation on German credit dataset record using our approach, Sharma et al. [13] and experts. The red bars represent a decrease in a
feature value and the green bars represent an increase in a feature value. The x-axis on each figure represent the change between the original feature
value and the counterfactual feature value.

number 3 on HMEQ credit dataset, stated that the applicant
would qualify for the loan if the the CLAGE increases by 304.

For counterfactuals that were generated by the experts,
in some cases the features that needed to be changed over-
lapped with the features that were changed when using our
approach to generate counterfactuals. The experts select fea-
tures that are more influential in determining the output of the
model. On the other hand, our approach selects features that
are more likely to change the outcome of a prediction. Our
approach can play a key role in credit scoring for black-box
model explanations and the credit scoring experts can lever-
age off the explanations from our approach, and this can result
in a human-machine relationship.

D. MEAN OPINION SCORE (MOS)
The set of features that were used in the counterfactual expla-
nations which were generated when using our approach, were
compared to the set of features that were chosen by the credit
scoring experts. Let L denote the number of credit scoring

experts and I denote the number of features used to gener-
ate the counterfactuals when using our approach. We define
below ail which determines whether there is an overlap
between a feature from our approach and the ith-feature from
the l th-expert opinion,

ail =

{
1, if eil = mi

0, otherwise,
(21)

where eil is the l
th-expert feature opinion and mi is the feature

which is selected by our approach. Hence, the mean opinion
score is given as follows,

MOS =
1
I

I∑
i=1

1
L

L∑
l=1

ail . (22)

The MOS ranges between 0 and 1, values that are close to
1 would mean that the credit experts agree more with the
features that need to be changed for the generation of a
counterfactual using our approach. The values that are close
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FIGURE 5. Explanation of on HMEQ credit dataset record using our approach, Sharma et al. [13] and experts. The red bars represent a decrease in a
feature value and the green bars represent an increase in a feature value. The x-axis on each figure represent the change between the original feature
value and the counterfactual feature value.

to 0, it would mean that the credit experts agree less with
the values that are suggested for creating a counterfactual
using our approach. For German credit scoring dataset, the
MOS = 0.17, indicating that the credit experts agree 17%
with the features that needed to be changed to generate a
counterfactual. For HMEQ credit dataset, theMOS = 0.083,
this indicates that the credit experts agree 8.30% with the
features that needed to be changed to generate a counterfac-
tual. The low values of the MOS are due to the fact that our
approach looks at sparse counterfactuals, this results in few
features that need to be changed, whereas for credit scoring
experts there is no restriction in the number of required
features.

E. COMPARISON WITH STATE-OF-THE-ART
COUNTERFACTUAL EXPLANATION METHODS
Table 4 shows comparisons with state-of-the-art counter-
factual explanation methods. Factors such as the black-box
nature of the models, the applicability of the expla-
nation approach using different classes of models (i.e.
model-agnostic behaviour), involvement of domain experts,
the sparseness of the counterfactuals, and quantitative assess-
ments of the resulting counterfactuals, were used for compar-
ison purposes. We observed that most methods are focusing
on black-box models and model-agnostic behaviour of the
explanations, except [3], [16], [30]. Our approach looks at
all the suggested factors. The factors such as expert domain
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TABLE 4. Comparison with state-of-the-art counterfactual methods with
our approach. Legend: Q-Measured is Quantitatively Measured.

knowledge, the sparseness of counterfactual explanations,
and also the ability to quantitatively assess the generated
counterfactuals, ensure the robustness of the generated coun-
terfactual explanations. Please note that the list of sources in
Table 4 is not exhaustive.

VI. CONCLUSION AND FUTURE WORK
The non-transparent nature of machine learning and deep
learning models hampers the application of these models in
credit scoring. We address this challenge of non-transparency
by generating counterfactuals via a custom genetic algorithm
to explain model predictions. We select predictive fea-
tures and determine Spearman’s rank correlations between
the target flag and the predictors to enforce sparseness.
We normalize all continuous features to expedite the genera-
tion of counterfactuals. We show the efficacy of the proposed
approach on German and HMEQ credit scoring datasets. The
experimental results indicate that the proposed approach effi-
ciently generates sparse counterfactuals compared to similar
methods. We also test the accuracy of our approach by using
counterfactuals from credit scoring experts. Our results show
an overlap between some features selected by the credit scor-
ing experts and our approach in creating the counterfactuals.

Although the proposed method produces satisfactory
results with the default parameter settings of the genetic
algorithm, optimal parameter settings may improve the per-
formance of the counterfactual generation. Furthermore,
an optimal fitness function capturing different properties of
counterfactuals using a genetic programming approach can
enhance the performance of the proposed method. In addi-
tion, explaining the overall working mechanism of the
black-box models instead of explaining individual instances
can further improve the transparency and explainability of the
credit scoring models.
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1. Introduction1

Automated decisions that are generated by some of the machine learning2

techniques may have unfavorable consequences. For example, in a banking3

setting, if a loan application decision relies on a machine learning technique, the4

loan application may be denied due to unintended bias that may reside in data.5

As a result, the bank may be subjected to a regulatory fine. The consequence6

for the applicant may be that he/she is unable to send his/her child to university7

if the primary purpose of the loan was to pay university intuition.8

An emerging field known as eXplainable Artificial Intelligence (XAI) seeks to9

remediate machine learning techniques’ lack of explanation. There are several10

explanation techniques that can be found in the literature and these include11

global and local explanation techniques Guidotti (2022). A global explanation12

refers to the ability of the explanation technique to explain how an entire model13

makes its predictions. A local explanation refers to an explanation technique14

that only explains a single prediction at a time. Over and above that, the15

explanations are either referred to as ante-hoc or post-hoc Guidotti (2022). An16

ante-hoc explanation is intrinsically explainable. A post-hoc explanation seeks17

to explain the behavior of the already trained model. An example of an ante-18

hoc explanation is a decision tree and that of the post-hoc is a counterfactual19

explanation.20

The focus of this paper is on counterfactual explanations. Counterfactual21

explanations are not new and have a long history in fields such as psychology,22

philosophy, and social sciences Verma et al. (2020), and now are being used in23

machine learning. Despite the prevalence of counterfactual explanations, there24

still remain limitations. The first limitation is that a counterfactual explanation25

assumes that a non-transparent classifier will not change over time, whereas in26

reality, it is possible for a classifier to change due to data drift Verma et al.27

(2020). The second limitation is that the counterfactual explanations are un-28

able to handle missing data Verma et al. (2020). Despite these limitations,29

there is an appetite in using counterfactual explanations within the machine30

learning community. However, there is no consensus within the machine learn-31

ing community on how to assess the performance of counterfactual explanations32

Guidotti (2022). The simplest way to measure the performance of counterfactual33

explanations is to look at several properties Verma et al. (2020). These proper-34

ties include, validity, sparsity, similarity, actionability, plausibilty to mention a35

few. Please note that this list of properties is not exhaustive. It is rare to find36

counterfactual explanations that encompass all of the properties simultaneously37

Guidotti (2022). This paper investigates the use of counterfactual explana-38

tions in credit scoring, which possess several properties. Our contribution is the39

novel formulation of the optimization problem that generates counterfactuals40

with multiple properties simultaneously without compromising any of the coun-41

terfactual properties. In addition, according to the best of our knowledge, this42

is the first study to statistically test and contrast the performances of counter-43

factual explanations generated by different approaches.44

The organization of this paper is as follows. In Section 2, related work is45
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presented. In Section 3 the methodology is discussed. The experiments are46

covered in Section 4. In Section 5 the results are presented. The conclusion is47

in Section 6.48

2. Related Work49

Machine learning classifiers that are unable to explain their predictions are50

not suitable for use in highly regulated entities such as the financial and health-51

care sectors. There are several explanation techniques that can be found in52

the literature that mitigate the lack of explainability of the machine learning53

classifiers, and one of those techniques is the counterfactual explanation. For54

instance, Förster et al. (2021) proposed a novel approach to generate coherent55

counterfactual explanations. A counterfactual is coherent if the counterfactual56

scenario is realistic and typical as well as suitable to explain the factual situation57

Förster et al. (2021). The results showed that the proposed approach produces58

explanations that are significant and realistic and typical as well as suitable to59

explain the factual situation when compared to state-of-the-art counterfactual60

explanations. However, the actionability of the generated counterfactuals was61

not considered in Förster et al. (2021). Downs et al. (2020) proposed a Counter-62

factual Recourse Using Disentangled Subspaces (CRUDS) approach that gen-63

erates algorithmic recourse to achieve more favorable outcomes. The CRUDS64

approach generated recourse that is more realistic and actionable than those65

of baseline counterfactual explanations. The generated counterfactuals obey66

causal relations between features. However, the approach uses only the training67

data and it is not based on the trained opaque model to generate counterfac-68

tuals. Laugel et al. (2018) proposed a method that identifies a close neighbor69

classified differently to the datapoint that needs to be explained, where the70

closeness definition includes a sparsity constraint. The empirical results showed71

that the proposed approach can be used to attain knowledge about the opaque72

classifier. The study did not consider the actionability and plausibility of the73

generated counterfactuals. Rathi (2019) proposed a model agnostic approach74

and a systemic implementation to generate counterfactual explanations using75

shapely additive explanations (SHAP). The approach proved to be model ag-76

nostic and provided a more consistent way of generating explanations. However,77

the approach did not consider sparsity, plausibility, and actionability.78

It is important to have counterfactuals that are actionable and sparse. The79

sparseness property ensures simpler explanations that are easy to help an ap-80

plicant to focus only on making a few changes. Also, the counterfactuals have81

to be realistic and actionable. For example, it would not benefit an applicant if82

the recommendation from a counterfactual suggests a decrease in the applicant’s83

age.84

Looveren and Klaise (2019) adopted the use of class prototypes to generate85

counterfactual explanations. The class prototypes are generated by an encoder.86

The use of class prototypes sped up the search process for the counterfactu-87

als. The study did not consider the actionability of the generated counter-88

factuals. Samoilescu et al. (2021) proposed the use of a deep reinforcement89
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learning approach that converts the optimization process into an end-to-end90

learnable process, allowing the generation of counterfactual explanations in a91

single forward pass. The empirical results showed that the proposed approach92

can produce sparse, in-distribution counterfactual explanations across different93

datasets. The study by Samoilescu et al. (2021) looked at all of the counter-94

factual properties that are considered in our paper. However, the study only95

used a single optimization technique to generate counterfactuals as opposed to96

our approach. Fernández et al. (2020) proposed the use of a partial fusion of97

tree predictors from a random forest into a single decision tree using a modifica-98

tion of the classification and regression tree algorithm. The proposed approach99

obtained a counterfactual set that guaranteed an optimal counterfactual. How-100

ever, the proposed method did not consider the actionability and plausibility of101

the generated counterfactuals.102

Most of the above methods did not consider some of the key counterfactual103

properties such as sparsity and actionability when generating counterfactuals.104

We propose a model-agnostic approach that considers multiple counterfactual105

properties simultaneously.106

3. Methodology107

This section focuses on the methods that were used to generate counterfactu-
als. Before formulating the new optimization problem, definitions are provided.
Suppose x ∈ Rd is a feature vector, where d denotes the number of features.
In the context of credit scoring, which is a binary classification, the black-box
model g maps the feature vector x to a predicted class label ŷ ∈ {0, 1}, i.e.,

g : x→ ŷ, (1)

where 0 represents a non-default class and 1 represents a default class. The108

probability of x being mapped to the non-default class and default class is109

P (g(x) = 0) and P (g(x) = 1), respectively. Next, a counterfactual explanation110

and a counterfactual explainer are defined.111

• Counterfactual explanation: A counterfactual explanation for a fea-112

ture vector x, is a feature vector c such that the output ŷ′ = g(c) differs113

from that of ŷ = g(x), and that the distance between x and c is minimal114

Guidotti (2022).115

• Counterfactual explainer: Is a function h that takes as input, the116

feature vector x of the dataset X, the black-box model g, and it returns117

a set of counterfactuals C = {c1, c2, · · · , ck} Guidotti (2022).118

To find a counterfactual c, the following cost function h must be minimized:119

h(x, c, g) = γ × (1− P (g(c) = 0)) + dist(x, c) (2)

subject to:120
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P (g(c) = 0) ≥ 0.5 (3)

and121

1

1 + exp−ζi < δ, ∀i ∈ {1, 2, · · · , d}, (4)

and122

ci =

{
ci, if f i is mutable

f i, otherwise,
(5)

and123

ci ∈ [min(f i),max(f i)], ∀i ∈ {1, 2, · · · , d}, (6)

where γ controls the contribution of the first term against the second term in124

Eqn. 2, and γ > 1, f i and ci represent the ith feature value for a given x and c,125

respectively, P (g(c) = 0) denotes the probability of a counterfactual belonging126

to a non-default class, and f i represents feature values of the ith feature in127

dataset X (i.e., f i is column i in X). The choice of distance is128

dist(x, c) =

d∗∑
i=1

|ci − f i|
MADi

+

d∑
i=d∗+1

|ci − f i|
MDi

, (7)

where MADi and MDi denote a mean absolute deviation and a mean devi-129

ation for the ith feature, respectively, and d∗ denotes the number of continuous130

features Dastile et al. (2022). Please note that the first term of Eqn. 7 is the131

calculation of distance for continuous features and the second term is the dis-132

tance calculation for categorical features. The mean absolute deviation for the133

ith feature in X is134

MADi =
1

n

n∑
j=1

|f i
j − f̄ i|, (8)

where n denotes the number of records and f̄ i denotes the mean or average135

of the ith feature Dastile et al. (2022). The mean deviation for the ith feature is136

MDi =
1

m

m∑
l=1

ol|f i
l − f̃ i|, (9)

where m is the number of categories, ol is the frequency of each category137

and f̃ i is the median of the ith feature Dastile et al. (2022).138

The five counterfactual properties that are included in the optimization139

problem are validity, sparsity, similarity, actionability, and plausibility. Va-140

lidity measures the ability of a counterfactual to change the decision of an141

outcome Guidotti (2022). Sparsity measures the minimal changes in data fea-142

tures/variables that are required to effect the desired outcome Guidotti (2022).143
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Similarity measures how far a counterfactual is from the original instance Guidotti144

(2022). Actionability measures the ability of a counterfactual to change mutable145

features only Guidotti (2022). Plausibility ensures that the counterfactual and146

the original instance come from the same distribution and that the counterfac-147

tual is not an outlier Guidotti (2022).148

The validity property is captured in Eqn. 3. The sparsity property is repre-149

sented in Eqn. 4, the similarity property is captured in the actual cost function150

in Eqn. 2 by the distance calculation term, the actionability property is cap-151

tured in Eqn. 5, and the plausibility is represented in Eqn. 6. The term ζi in152

Eqn. 4 measures the absolute percentage change between the ith feature value153

in the vector of interest x and the generated counterfactual c and is given as154

ζi =
|ci − f i|
f i + ϵ

, ∀i ∈ {1, 2, · · · , d}, (10)

where ϵ is a small positive arbitrary number that guarantees a non-zero155

division. The absolute percentage change values ζi can be greater than 1. For156

ease of use, the logistic function (i.e., the left-hand side of Eqn. 4) is used to157

ensure the values are not greater than 1, where the range of the logistic function158

is [0.5, 1]. Since the absolute change values ζi are inputs to the logistic function159

and are non-negative, the lower value of the logistic function is 0.5.160

To guarantee sparsity, a threshold value 0 < δ < 1 must be chosen so that161

there are only a few feature values that are changed in x when generating a162

counterfactual c. Any feature values in x that result in the left-hand side of163

Eqn. 4 to be greater than δ, those feature values will not be changed when164

generating the counterfactual c.165

In the sequel, details of the optimization techniques that this study focuses166

on are provided and these include Genetic Algorithm (GA), Particle Swarm167

Optimization (PSO), and Bayesian Optimization (BO).168

3.1. Genetic Algorithm (GA)169

The genetic algorithm is an evolutionary search approach that is motivated170

by natural evolution Mitchell (1996). The genetic algorithm process involves171

five phases i.e. the initial population, the fitness function, the selection, the172

cross-over, and the mutation. The genetic algorithm involves a selection of in-173

dividuals (based on some defined fitness function) from an initial population174

for reproduction/mating (i.e. cross-over). The selected individuals produce a175

diverse offspring (i.e. mutation) that inherits the initial individual’s characteris-176

tics. The diverse offspring gets included in the next generation of the population.177

The process repeats itself until it converges to a solution. For more details on178

genetic algorithms please refer to our previous article Dastile et al. (2022).179

3.2. Particle Swarm Optimization (PSO)180

The PSO mimics the navigation of a flock of birds or a school of fish Dong-181

shu et al. (2018). The original inventors of the PSO are Eberhart and Kennedy182
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(1995). Since its inception in 1995, PSO has gained a huge amount of improve-183

ments over time Dongshu et al. (2018).184

The PSO is a stochastic search strategy and uses position vectors and veloci-185

ties of the particles in a swarm Dongshu et al. (2018). The particles are assigned186

initial random position and velocity values. Each particle in the swarm has its187

own objective function which is governed by the position of the particle and188

the velocity at which the particle moves Dongshu et al. (2018). To find the189

optimal minimum for the objective function, the particle will have to consider190

its personal best-optimized value and the global best-optimized value in the191

entire swarm. The final global best value is found when all the particles have192

converged to the global best. The current position of particle j is represented193

by Zt
j and the position of particle j in the next iteration/generation is194

Zt+1
j = Zt

j + V t+1
j , (11)

where V t+1
j represents the velocity of moving from position Zt

j to position195

Zt+1
j and t is the indexing/iteration value. The velocity at the next iteration is196

represented by the following formula197

V t+1
j = ωV t

j + a1r1(P
t
j − Zt

j) + a2r2(G
t
j − Zt

j). (12)

The first part of Eqn. 12 is the inertia where ω represents the weight pa-198

rameter Dongshu et al. (2018). The second part of Eqn. 12 is called cognitive199

component and P t
j denotes the personal best-optimized value Dongshu et al.200

(2018). The third part of Eqn. 12 represents the social component and Gt
j is the201

global best-optimized value Dongshu et al. (2018). The particle j is a feature202

vector and the aim is to find the feature values that result in the global best-203

optimized value (i.e. the minimal value of the objective function) in a search204

space. Eqn. 12 has several parameters that may influence the performance of205

the PSO. The initial researchers who studied the impact of the weight parameter206

on the performance of the PSO were Shi and Eberhart (1998). The weight pa-207

rameter ω balances exploration and exploitation Shi and Eberhart (1998). The208

exploitation refers to the particles converging to a known solution in the search209

space Shi and Eberhart (1998). The exploration refers to how well a particle210

explores other regions in a search space that may have possible optimized objec-211

tive function values Shi and Eberhart (1998). The value of ω should gradually212

decrease with time/iterations Dongshu et al. (2018). Shi and Eberhart (1998)213

proposed that the weight parameter must change during the search from 0.9 to214

around 0.2.215

The impact of the parameters a1 and a2 (which denote the acceleration of216

the particles towards the personal best solution and the global best solution,217

respectively), is assessed by setting one parameter to 0 and setting the other218

parameter to 2. If a1 = 0, it means that there is no personal best in the search219

space and when a2 = 0 it means that there is no information sharing between220

the particles, each particle depends on its personal best. It is noted that when221

a1 = 0, the particles do converge to a minimum, however, when a2 = 0, the222
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Algorithm 1 Particle Swarm Optimization (PSO) Van den Bergh and Engel-
brecht (2004)

Require: The controlling parameters. The population of N particles.
while The end condition is not satisfied do
for Each particle do
Calculate the objective function
Update personal best (PBEST) if required
Update global best (GBEST) if required

end for
Update the inertia weight
for Each particle do
Update the velocity (V)
Update the position (Z)

end for
end while
return GBEST

particles do not converge to a minimum. Thus, when a1 = 0, this means that223

the exploration is at the lowest level but the exploitation is at the highest level.224

When a2 = 0, this means that the exploration is at the highest level but the225

exploitation is at the lowest level. It is therefore key to balancing exploration226

and exploitation. In most cases a1 = a2 = 2 to ensure that there is a balance227

between the exploration and the exploitation Dongshu et al. (2018). Carlisle228

and Dozier (2001) conducted experiments and found that the optimal values229

for a1 and a2 are 2.8 and 1.3, respectively, and this was further confirmed by230

Schutte and Groenwold (2005).231

The parameters r1 and r2 are random numbers ranging between 0 and 1,232

and their purpose is to create randomness in the search space.233

3.3. Bayesian Optimization (BO)234

Bayesian Optimization is another heuristic search approach. Bayesian op-235

timization uses a notion of a surrogate function Shahriari et al. (2015). The236

purpose of the surrogate function is to approximate the original cost function237

during optimization Shahriari et al. (2015). Figure 1 illustrates the phenomenon238

of Bayesian Optimization. The first frame (1) in Figure 1 shows the original cost239

function g(x) that needs to be optimized based on input x. The surrogate func-240

tion is represented by the dashed line in frame (2) of Figure 1 and it is formed241

based on sampled data points. In each iteration, new points are sampled and242

the surrogate function is updated based on the new sampled data points. When243

the iterations are exhausted, the process reaches a global minimum. The good244

thing about Bayesian Optimization is that there are no assumptions about the245

original cost function such as the need for the function to be differentiable as246

opposed to other techniques such as gradient descent. The original cost function247

may be complex (in terms of evaluation), however, the complexity is taken away248
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by the surrogate functions which are normally cheap (in terms of evaluation)249

Bergstra et al. (2011). In the following section, the Bayes Theorem is discussed,250

which serves as the basis for Bayesian Optimization.251

3.3.1. Bayes Theorem252

Before the discussion of the Bayes decision rule, the following notation is253

introduced:254

• P (g(x)|x) denotes the a posterior probability Duda et al. (2001) (i.e. the255

probability of the black-box model given the feature vector x);256

• P (g(x)) denotes the a priori probability Duda et al. (2001) (i.e. the prob-257

ability distribution of the black-box model);258

• p(x|g(x)) represents the conditional density Duda et al. (2001) (i.e. the259

distribution of the feature vector x which results in g(x));260

• p(x) represents the evidence Duda et al. (2001) (it can be viewed as the261

scaling factor that guarantees that the posterior probabilities sum to one).262

The Bayes decision rule Duda et al. (2001) is defined as follows:263

P (g(x)|x) = p(x|g(x))P (g(x))

p(x)
. (13)

Note that p(x|g(x)) is a multivariate Gaussian distribution density function.264

The Gaussian distribution density function is given as:265

p(x;µ,Σ) =
1

(2π)
n
2 |Σ| 12

exp{−1

2
(x− µ)TΣ−1(x− µ)}

where the mean, µ, and covariance-matrix, Σ, are estimated by using Ex-266

pectation Maximization (EM) Reynolds (2015).267

3.3.2. Surrogate and acquisition functions268

The Gaussian distribution density function p(x|g(x)) also known as the Tree269

Parzen Estimator (TPE) Bergstra et al. (2011) is actually a surrogate function.270

The TPE is basically a distribution of the feature vector x given the cost function271

g(x). The acquisition function is applied to the surrogate function to find better-272

sampled data points. The commonly used acquisition function is the Expected273

Improvement (EI) Bergstra et al. (2011). The formula for EI is:274

EIg(x)(x) :=

∫ ∞

−∞
max(g(x)− g(c), 0)P (g(c)|x) dg(c). (14)

The term P (g(c)|x) in Eqn. 14 is known as the Gaussian Process which275

represents a surrogate model Bergstra et al. (2011). The g(c) is the predicted276

value for counterfactual c and g(x) is the predicted value for the feature vector277

of interest x. The aim is to maximize the acquisition function Shahriari et al.278

(2015) to find better data points (i.e. feature vectors) when sampling, which279
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will potentially result in a minimum for the cost function. Thereafter, the sur-280

rogate function is updated using the sampled data points. This is repeated281

until a global minimum/number of iterations is reached. The acquisition func-282

tion is responsible for newly sampled data points and the notion of exploration283

and exploitation is applicable when looking for new data points Shahriari et al.284

(2015). The exploitation allows the acquisition function to sample where the285

surrogate function results in an optimized cost function. The exploration al-286

lows the acquisition function to sample in regions with lots of uncertainty in287

hopes that better data points will be found that will result in an optimized cost288

function. Thus, the acquisition function must balance the exploration and the289

exploitation when sampling for new data points.290

3.4. Statistical significance testing291

Statistical significance testing of the counterfactual generating approaches is292

assessed. The aim is to see if there are performance differences in the way coun-293

terfactual explanations are generated. The counterfactual properties that were294

used for significance testing are validity, similarity, and sparsity. All statistical295

significance tests in this study were based on Friedman test Friedman (1937)296

which is a non-parametric test. The Friedman test consists of four steps, i.e., a297

hypothesis, a test statistic, a rejection region, and a conclusion. Below are the298

steps involved in the Friedman test,299

Step-1) State a null hypothesis H0 and an alternative hypothesis H1;300

• H0: The counterfactual generating approaches rank counterfactual301

performances for validity/similarity/sparsity the same.302

• H1: Atleast one counterfactual generating approach ranks coun-303

terfactual performances for validity/similarity/sparsity differently.304

Step-2) Calculate the test statistic;305

• In the following equation, q denotes the number of counterfactu-
als, o denotes the number of counterfactual generating approaches
and R denotes the sum of ranks in each counterfactual generating
approach,

F-score =
12

oq(q + 1)

q∑
j=1

R2
j − 3o(q + 1).

Step-3) Define a rejection region;306

• Rejection region is defined by the level of significance α = 0.05,307

using the upper critical values from the chi-square table.308

• The critical value is defined as a chi-squared value χ2
b−1, where309

b− 1 is the degrees of freedom.310

Step-4) Draw a conclusion;311
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Figure 1: Bayesian Optimization Process Ye (2020 accessed 11 November 2022)

• The null hypothesis is rejected if F-score > χ2
b−1 or p-value < 0.05312

and a conclusion is that there is no significant evidence that the313

counterfactual generating approaches rank counterfactual perfor-314

mances equally/perform similarly.315

In essence, the Friedman test assesses whether there exist significant differ-316

ences in how counterfactuals perform when generated by more than two ap-317

proaches. To find exactly which counterfactual generating approaches differ in318

terms of counterfactual performances, a post-hoc test known as Nemenyi test319

Nemenyi (1963) is used.320

4. Experiments321

4.1. Black-box model322

The black-box model that was used is a deep neural network consisting of323

three hidden layers. The first hidden layer had 20 neurons, the second hidden324

layer had 10 neurons and the third hidden layer had 6 neurons. The input325
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Algorithm 2 Bayesian Optimization (PSO) Bergstra et al. (2011)

Require: Number of iterations T , cost function g, surrogate function M and
acquisition function S
H = (x, g(x))
for Each iteration t do
c← argmin

x
S(x,Mt−1)

H ← H∪ (c, g(c))
Fit new model to Mt

end for
Sort H using g(c) in ascending order
return First pair of H

layer and the output layer had 12 and 2 neurons, respectively. The activation326

functions were Rectified Linear Unit (ReLu).327

4.2. Data328

The dataset that was used in this study is the German credit dataset Kag-329

gle (2017 accessed 17 June 2022). The credit dataset is publicly available on330

Kaggle website. The dataset has 20 features, where 7 of the features are con-331

tinuous and the other 13 are categorical. The German credit dataset has fea-332

tures such as status of existing checking account, duration in month,333

credit history, purpose, Age (years), Sex & Marital Status and Length334

of current employment to mention the least. Features such as Age (years)335

and Sex & Marital Status are treated as immutable. All other features are336

mutable. A pre-processing to select predictive features was performed, and the337

features were reduced to 12. The response variable is binary where one class338

refers to default and the other to non-default.339

4.3. Optimization algorithms’ parameters340

The genetic algorithm had a population size of 100, the mutation probability341

was set to 0.01, the crossover probability was 0.2 and the number of iterations342

was 500. The particle swarm optimization had a population size (i.e. the number343

of particles) of 40, the weight parameter was decreasing from 0.9 to 0.2, the344

acceleration parameters were set to 2 and the number of iterations was 50. The345

maximum iterations parameter for the Bayesian optimization was set to 1000.346

For the optimization formulation, the threshold value δ was set to 0.9, and there347

was no scientific approach that was used to come up with the threshold value.348

The threshold value is provided by a user and is user dependent. If the user349

wants to make counterfactuals sparser, the threshold value will be small.350

5. Results351

This section shows the results that were obtained for counterfactuals using352

three optimization techniques, i.e., Genetic Algorithm, Particle Swarm Opti-353
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Figure 2: A visual explanation of the counterfactual c generated from Genetic Algorithm
process. The red bars denote a decrease in a feature and the green bars denote an increase in
a feature.

mization, and Bayesian Optimization. In addition, qualitative and quantitative354

countarfactual comparisons were performed.355

5.1. Genetic Algorithm356

Figure 2 shows the visual explanation of the counterfactual from GA. The357

counterfactual explanation suggests that for the feature vector of interest x to358

qualify for a loan application, the Purpose must increase by 1, the Payment359

Status of Previous Credit must decrease by 2 and the Length of current360

employment must increase by 2.361

5.2. Particle Swarm Optimization362

Figure 3 shows the visual explanation of the counterfactual from PSO. The363

counterfactual explanation suggests that for the feature vector of interest x to364

qualify for a loan application, the Purpose and Concurrent Credits must both365

decrease by 2, the Type of apartment must increase by 1 and the Duration366

of Credit (month) must increase by 38.367

5.3. Bayesian Optimization368

Figure 4 shows the visual explanation of the counterfactual from BO. The369

counterfactual explanation suggests that for the feature vector of interest x370

to qualify for a loan application, the Purpose must increase by 3, the Payment371

Status of Previous Creditmust decrease by 4, the Most valuable available372

asset must increase by 1 and the Concurrent Credits must decrease by 2.373
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Figure 3: A visual explanation of the counterfactual c generated from Particle Swarm Opti-
mization process. The red bars denote a decrease in a feature and the green bars denote an
increase in a feature.

5.4. Explainer Comparison374

Three optimization techniques that generate counterfactuals were proposed.375

The aim is to see which optimization technique results in a better explainer376

function h. According to Guidotti (2022), explainers can be compared using377

their properties such as efficiency, fairness, and stability. The efficiency prop-378

erty will not be considered here for comparisons purpose, since the optimization379

techniques are using different hyper-parameters and the hyper-parameters may380

influence the processing time of each optimization technique. The fairness prop-381

erty is defined in Guidotti (2022) as the ability of the explainer h to give the382

same decision based on the same feature changes in x irrespective of the demo-383

graphic group. Suppose a feature vector x is rejected for a loan application (i.e.384

g(x) = 1), and that cs and ct are counterfactuals for feature vector x where the385

gender feature value for cs is male and for ct is female. The explainer h is fair386

if and only if the features that are changed in x are the same for cs and ct and387

that388

g(cs) = g(ct) = 0. (15)

The stability (also known as robustness) property is defined in Guidotti389

(2022) as the ability of the explainer to generate similar counterfactuals (i.e. c1390

and c2) when the feature vectors (i.e. x1 and x2) of interest are similar and their391

predictions are the same (i.e. g(x1) = g(x2)). The similarity will be measured392

by the cosine similarity given as393

cosine(c1, c2) =
c1 · c2

∥ c1 ∥∥ c2 ∥
. (16)
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Figure 4: A visual explanation of the counterfactual c generated from Bayesian Optimization
process. The red bars denote a decrease in a feature and the green bars denote an increase in
a feature.

Optimization Techniques
Properties GA PSO BO
fairness yes yes yes
robustness 0.99 0.99 0.99

Table 1: Comparison of the explainer function h across all three optimization techniques.
The legend: GA (Genetic Algorithm), PSO (Particle Swarm Optimization), BO (Bayesian
Optimization)

The cosine similarity has values between 0 and 1 (inclusive). The closer394

the cosine similarity value is to 1, the more similar the feature vectors. The395

closer the cosine similarity is to 0, the more dissimilar are the feature vectors.396

The results of fairness and robustness are shown in Table 1. The results show397

that the explainer h performs similarly across all three optimization techniques.398

Thus, the explainer h is fair and robust across all three optimization techniques.399

5.5. Qualitative comparison of counterfactuals400

One way to assess the performances of counterfactuals is to use a group of401

experts. The experts have first-hand experience and knowledge domain. It is402

challenging to get hold of experts since they always have busy schedules. How-403

ever, in our previous article Dastile et al. (2022), a group of experts was able404

to qualitatively assess counterfactuals. Their main focus was on actionability,405

plausibility, and sparsity of the counterfactuals. The first author of this article406

has domain knowledge as he has worked as a credit risk model developer. The407

first author agrees that to have effective and plausible counterfactuals, only408

a few features need to be changed and the changes must be within the vari-409

able/feature ranges to avoid having outliers. Thus, counterfactuals that do not410
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Source Year Validity Similarity Sparsity Actionability Plausibility
Sharma et al. (2019) 2019 ✓ ✓ ✓
Lucic et al. (2019) 2019 ✓ ✓ ✓
Poyiadzi et al. (2020) 2020 ✓ ✓ ✓
Yang et al. (2021) 2021 ✓ ✓ ✓
Dastile et al. (2022) 2022 ✓ ✓ ✓ ✓
Our Approach 2022 ✓ ✓ ✓ ✓ ✓

Table 2: Comparing state-of-the-art counterfactual methods with our approach.

possess properties such as sparsity, actionability, and plausibility are deemed as411

not useful in the real world of credit risk scoring.412

Based on what the experts noted in our previous article Dastile et al. (2022),413

the counterfactuals are qualitatively assessed in Table 2. Counterfactual prop-414

erties such as validity, similarity, sparsity, actionability, and plausibility were415

used for comparison purposes. Table 2 shows that most methods are focusing416

on validity and similarity. Our approach looks at all the suggested counterfac-417

tual properties. There is only one method Sharma et al. (2019) that focuses on418

the actionability of the generated counterfactuals. Please note that the list of419

sources in Table 2 is not exhaustive.420

5.6. Quantitative comparison of counterfactuals421

Statistical significance tests of the counterfactual generating approaches in422

terms of counterfactual performances using validity, similarity, and sparsity were423

performed. The validity property is assessed using the probability of counter-424

factual c belonging to the non-default class, i.e., P (g(c) = 0). The higher the425

probability, the more valid the counterfactual is. The similarity property is as-426

sessed using the distance between the record of interest x and the generated427

counterfactual c, i.e., dist(x, c). The lower the distance, the more similar x and428

c are. The sparsity property is measured by using the following formula429

sparsity =

∑
(ci=fi) 1

d
, ∀i = {1, 2, ·, d}. (17)

Eqn. 17 counts the number of features that have the same values between x and430

c. The higher the sparsity value, the more sparse the generated counterfactual431

is. This study is compared quantitatively to Dastile et al. (2022), Sharma432

et al. (2019), and Wachter et al. (2017) using counterfactual properties (i.e.433

similarity, validity, and sparsity). There were 30 defaulted records that were434

randomly selected in the dataset, and counterfactuals were generated for the435

randomly selected records using approaches from Dastile et al. (2022), Sharma436

et al. (2019), and Wachter et al. (2017). Figure 5 shows the results for each of437

the counterfactual properties.438

By glancing at Figure 5, it is not clear on how to tell which method per-439

forms better when it comes to counterfactual properties. Hence, a statistical440

significance test is required to assess if the methods perform differently from441

each other. This brings us to the Friedman test. There are three hypotheses:442

16



Figure 5: Performance analysis of our approach and that of Wachter et al. (2017), Sharma
et al. (2019), and Dastile et al. (2022). Three counterfactual properties (i.e. sparsity, validity,
and similarity) were compared using 30 samples that were selected randomly in the dataset.

Hypothesis-1) For validity;443

• H0: The counterfactual generating approaches rank coun-444

terfactual performances the same for validity.445

• H1: Atleast one counterfactual generating approach ranks446

counterfactual performances differently for validity.447

Hypothesis-2) For similarity;448

• H0: The counterfactual generating approaches rank coun-449

terfactual performances the same for similarity.450

• H1: Atleast one counterfactual generating approach ranks451

counterfactual performances differently for similarity.452

Hypothesis-3) For sparsity;453

• H0: The counterfactual generating approaches rank coun-454

terfactual performances the same for sparsity.455
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Sharma et al. (2019) Dastile et al. (2022)Wachter et al. (2017)Our Approach
Sharma et al. (2019) 1.00 0.01 0.00 0.00
Dastile et al. (2022) 0.01 1.00 0.00 0.90
Wachter et al. (2017) 0.00 0.00 1.00 0.00
Our Approach 0.04 0.90 0.00 1.00

Table 3: The p-values for the Nemenyi test on validity property. The p-values, at the inter-
sections, that are less than the level of significance, i.e, 0.05, suggest that there is a significant
difference in how the counterfactuals perform from different counterfactual generating ap-
proaches.

• H1: Atleast one counterfactual generating approach ranks456

counterfactual performances differently for sparsity.457

The p-values for the hypotheses testing are 5.09e-11, 3.19e-12, and 1.91e-458

08, for validity, similarity, and sparsity, respectively. Since all the p-values are459

less than the level of significance, i.e., 0.05, we reject the null hypotheses and460

conclude that atleast one counterfactual generating approach ranks counter-461

factual performances differently for each of the counterfactual properties. A462

post-hoc test is required to identify which of the counterfactual generating ap-463

proaches differs significantly in terms of counterfactual performances for each464

of the counterfactual properties. Hence, a Nemenyi test was used for that. The465

Nemenyi test generates a cross-tabular table consisting of p-values, for any two466

counterfactual generating approaches where they intersect, if the p-value is less467

than the level of significance, the conclusion is that those two counterfactual468

generating approaches are significantly different in terms of the counterfactual469

performances. Looking at Table 3, where Wachter et al. (2017) intersects with470

all other approaches, the p-values are less or equal to 0.01, and testing at 0.05471

level of significance, the conclusion is that for Wachter et al. (2017) the counter-472

factual performances for validity differ significantly with other approaches. This473

is confirmed in Figure 5 under the validity graph, Wachter et al. (2017) has high474

validity scores. For similarity property, Table 4 shows that Sharma et al. (2019)475

significantly differs compared to other approaches since the p-values where they476

intersect are 0.00. This is also shown in Figure 5 under the similarity graph,477

Sharma et al. (2019) has the highest similarity scores compared to other ap-478

proaches. Please note that the higher the similarity score, the more dissimilar479

the counterfactual to the data point of interest is. This means that Sharma480

et al. (2019) performs poorly compared to other approaches when it comes to481

similarity property. For sparsity property, Table 5 shows that at 0.05 level of482

significance, Sharma et al. (2019), Dastile et al. (2022) and our proposed ap-483

proach differ significantly compared to that of Wachter et al. (2017). Overall,484

the results show that Wachter et al. (2017) is more valid but less sparse Fig-485

ure 5. In addition, Dastile et al. (2022) is more sparse but less valid Figure 5.486

This suggests that there is a trade-off between validity and sparsity. Looking at487

Figure 5, our proposed approach does not compromise any of the counterfactual488

properties.489
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Sharma et al. (2019) Dastile et al. (2022)Wachter et al. (2017)Our Approach
Sharma et al. (2019) 1.00 0.00 0.00 0.00
Dastile et al. (2022) 0.00 1.00 0.84 0.38
Wachter et al. (2017) 0.00 0.84 1.00 0.84
Our Approach 0.00 0.38 0.84 1.00

Table 4: The p-values for the Nemenyi test on similarity property. The p-values, at the
intersections, that are less than the level of significance, i.e, 0.05, suggest that there is a sig-
nificant difference in how the counterfactuals perform from different counterfactual generating
approaches.

Sharma et al. (2019) Dastile et al. (2022)Wachter et al. (2017)Our Approach
Sharma et al. (2019) 1.00 0.90 0.00 0.90
Dastile et al. (2022) 0.90 1.00 0.00 0.90
Wachter et al. (2017) 0.00 0.00 1.00 0.00
Our Approach 0.00 0.90 0.00 1.00

Table 5: The p-values for the Nemenyi test on sparsity property. The p-values, at the inter-
sections, that are less than the level of significance, i.e, 0.05, suggest that there is a significant
difference in how the counterfactuals perform from different counterfactual generating ap-
proaches.

6. Conclusion490

In this article, the challenge of the non-transparent nature of machine learn-491

ing models in credit scoring is addressed using counterfactual explanations.492

Three optimization techniques such as genetic algorithm, particle swarm op-493

timization, and Bayesian optimization are used to generate the counterfactuals.494

The efficacy of the proposed approach is demonstrated using the German credit495

dataset which is widely used in credit scoring literature. The results indicate496

that the proposed approach generates actionable counterfactuals that encom-497

pass several properties simultaneously. In addition, the results indicate that the498

cost function of the proposed approach is robust and fair across all three opti-499

mization techniques. Further, the performances of the counterfactuals which are500

generated using different approaches are quantitatively compared using valid-501

ity, similarity, and sparsity. The empirical results show that there is a trade-off502

between validity and sparsity. Furthermore, the empirical results show that503

our proposed approach does not compromise any of the three counterfactual504

properties (i.e. validity, similarity, and sparsity). In addition, when looking at505

qualitative comparisons, our approach encompasses more counterfactual proper-506

ties compared to some of the state-of-the-art methods. A missing counterfactual507

property that needs to be assessed in the future study is causal relations between508

features.509
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Chapter 3

Discussion and Conclusion

3.1 Discussion

This chapter discusses all four articles in this thesis and summarizes all the findings in

all four articles.

3.1.1 Article I

This literature survey has shown that ensemble classifiers perform better than individ-

ual classifiers. The ensemble classifiers remove the idea of relying on one classifier to

make a decision. In an ensemble, base classifiers make their own decisions, and the final

decision is based on a voting mechanism. This reduces potential bias/variance, and as a

result, this ensures that the model does not underfit/overfit. However, it is difficult to

interpret and explain decisions from ensemble methods. Thus, financial institutions are

less interested in models that cannot explain their (i.e. models’) predictions. Similarly,

deep learning models show better performances and suffer from the lack of explaining

their predictions. This limitation is discussed in the literature survey, and the meth-

ods that deal with this limitation are also discussed. The literature survey focused on

the performances of different classifiers and tried to identify a consensus amongst the

researchers regarding a method that outperforms other methods. The consensus of the

best performing method is hard to reach because researchers have done different data

pre-processing techniques. There is no certainty in knowing how these pre-processing

techniques have improved the models’ performances. This literature survey could have

also focused on finding the impact of pre-processing techniques on the models’ per-

formances. Further, this literature survey could have done a quantitative analysis by

repeating the experiments done on the research articles. This could have ascertained the
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results that were obtained in the research articles. To improve the literature survey, the

authors recommend a taxonomy approach. The models have to be grouped according

to their types, how their data was prepared, and according to the performance metrics.

This will then allow a better comparison between the methods. Further, the literature

survey should have a section on the taxonomy of explanation techniques in credit scor-

ing. The authors did not consider the explanation techniques’ taxonomy when writing

the literature survey. This was due to the hypothesis that was tested, mainly around the

fact that deep learning techniques outperform classic statistical and machine learning

methods.

3.1.2 Article II

The conversion of tabular data into images has helped apply 2D-convolutional neural

networks in credit scoring. The conversion of the tabular data was novel and state-of-

the-art prediction performances were obtained. This work showed that it is possible

to convert tabular data into images and apply image processing techniques. The work

further showed that it is possible to extract essential features from the explanations when

explaining predictions made on the images. Although the work showed state-of-the-art

results, this work can only be applied by those scorecard developers who have used or

understand 2D-convolutional neural networks. The other issue with this work is the lack

of validation of the explanations by the domain experts. The article did not measure

the accuracy of the explanations from the domain experts’ point of view. However, the

article tried to mitigate this flaw by quantitatively assessing the explanations’ accuracy.

This is not sufficient, as we want this work to be adopted by banks. Future work should

include domain experts in the loop to assess the validity of the explanations.

3.1.3 Article III

This article has included domain experts in the loop to measure the soundness of the

generated counterfactual explanations. The mean opinion score was the metric of choice

to measure the soundness of the counterfactual explanations. The article focused on

the ”opinions” of the experts and compared those ”opinions” to the ”opinions” of the

counterfactuals. The ”opinions” in this context refer to features that resulted in desired

outcomes. The experts did not directly assess the generated counterfactuals simply be-

cause the authors did not want the experts to blindly agree/disagree with what the

counterfactuals were suggesting. The authors were mainly interested in the opinions
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of the domain experts. However, a follow-up study is required where the domain ex-

perts will be granted an opportunity to directly assess the generated counterfactuals to

agree/disagree with the generated counterfactuals.

The article also used a broad assumption that the target flag is linearly related to the

features. The sparsity will not hold if all the features are not linearly related to the target

flag. Despite this flaw, the study tried to use monotonicity which measures the degree

of association between the target flag and the features. Irrespective of the sign and

magnitude of the correlation, monotonicity measures the association between features.

Future study needs to look at a better way of measuring the association between the

target flag and the features. The other possible way to cater to sparsity, other than

looking at the correlation between the target flag and predictors, is to directly include

sparsity when formulating the optimization problem.

3.1.4 Article IV

The article looked at the novel formulation of the optimization problem that generates

counterfactuals with multiple properties simultaneously. The performance of counter-

factual explanations is generally measured by using several properties. These properties

include, validity, sparsity, similarity, actionability, and plausibility, to mention a few.

Guidotti [36] posited that it is hard to find counterfactuals that encompass many prop-

erties simultaneously.

Further, the article looked at the properties (i.e., robustness and fairness) of the actual

explainer to see if these properties are violated. This was tested using three optimization

techniques: the genetic algorithm, particle swarm optimization, and Bayesian optimiza-

tion. The results showed that the explainer h (i.e. the cost function) is robust and

fair across all three optimization techniques. Further, the study statistically tested the

performance differences between our proposed approach and some of the state-of-the-art

counterfactual generating methods. The empirical results showed that there is a trade-

off between validity and sparsity. The more valid a counterfactual is, the less sparse it

is and vice versa. Our proposed approach seeks not to compromise any of the proposed

counterfactual properties.

3.2 Conclusion

This thesis investigated the performances of statistical and classical machine learning

models in credit scoring. A literature survey was conducted based on 74 journal and
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conference articles published between 2010 and 2018. The literature survey identified

some limitations, and these limitations include the omission of 1) macroeconomic factors,

2) different threshold values for classification, 3) the relationship between the response

variable and the independent features, and 4) exploratory data analysis, mentioning a

few. Further, a guiding machine learning framework was proposed for credit scoring

practitioners. This framework consists of steps identified in credit scoring as critical

requirements from our analysis. The results showed that the ensemble methods perform

better than single classifiers. However, in the literature, the ensemble methods only used

homogeneous base classifiers, and ensemble methods that consisted of heterogeneous base

classifiers were not extensively explored.

Convolutional neural networks, a deep learning model, showed promising results in credit

scoring. These promising results spurred us to investigate the performances of convo-

lutional neural networks. Publicly available credit-scoring datasets were used to assess

the performances of convolutional neural networks. The available tabular datasets were

converted into images using a novel transformation method. The reason for converting

the tabular datasets into images was the use of 2D convolutional neural networks. The

other benefit of converting tabular datasets into images is that each column is consid-

ered a set of pixels; even if there are many independent features, those can be reduced

into image pixels. After dataset conversions, the 2D convolutional neural networks were

applied, and their predictions were explained using state-of-the-art explanation tech-

niques. The explanations from the predictions showed that they possess good features

for classification, which was supported by the state-of-the-art results obtained when ex-

planations were used as training data for 2D convolutional neural networks. The only

problem with the explanations was that they were not suggesting which actions should

be taken to get the desired outcome (i.e., approval of a loan application).

The next step was to understand the reasons for declining loan applications and pro-

vide actions that would result in the approval of loan applications. This led us to the

proposal of counterfactual explanations. A few features/variables must be changed to

achieve the desired outcome for a counterfactual explanation to be effective and appli-

cable. In other words, a counterfactual explanation needs to be sparse. We looked at

independent features correlated with the response flag and only focused on those fea-

tures to generate counterfactuals using a custom genetic algorithm. An assumption that

was made is that the independent features are somehow correlated with the response

flag. This assumption doesn’t always hold. In cases where the assumption doesn’t hold,

monotonicity can be used to measure the association between independent features and

the response flag/variable. Despite this limitation, the counterfactuals were then com-

pared with those obtained from the experts using a mean opinion score. The results

showed some overlaps between the independent features that were changed when using
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our approach and that of the experts. Hence, the proposed method for explaining pre-

dictions can be used by credit scoring experts as a tool to assist in explaining automated

decisions.

Further, we looked at the properties that make counterfactuals considered good. These

properties include but are not limited to validity, similarity, plausibility, sparsity, and

actionability. We developed a novel optimization formulation that captures these coun-

terfactual properties mentioned in the preceding sentence. Further, the properties of the

explainers/cost functions, such as fairness and stability/robustness, were assessed. The

proposed explainer captured counterfactual properties and was fair and robust across

three different optimization techniques.

Further, a statistical significance test was performed, and the proposed approach was

contrasted with state-of-the-art approaches using counterfactual properties such as va-

lidity, similarity, and sparsity. The empirical results showed that there is a trade-off

between validity and sparsity. Further, the empirical results showed that our proposed

approach does not compromise counterfactual properties. By and large, the work in this

thesis has shown that deep learning models (non-transparent and referred to as black-box

models) can be applied in credit scoring without mistrusting their predictions.

The future works of this thesis should look at the inclusion of macroeconomic factors

since any change in those factors would affect a change in loan application decisions. The

impact of different threshold values when classifying an applicant must be investigated

in credit scoring. The literature must explore the usage of 2D convolutional neural

networks in credit scoring since these models perform better in other domains, such as

computer vision [37–40]. A method that explains the entire system’s behavior (i.e., a

global explainer) needs to be developed for counterfactual explanations. The extent of

trade-offs of counterfactual properties on prediction explanations needs to be addressed

in future studies.
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