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Abstract
Commercial banks are required to explain the credit evaluation results to their customers. Therefore, banks attempt to improve the performance of their credit scoring
models while ensuring the interpretability of the results. However, there is a tradeoff
between the logistic regression model and machine learning-based techniques regarding interpretability and model performance because machine learning-based models
are a black box. To deal with the tradeoff, in this study, we present a two-stage logistic
regression method based on the Bayesian approach. In the first stage, we generate the
derivative variables by linearly combining the original features with their explanatory
powers based on the Bayesian inference. The second stage involves developing a credit
scoring model through logistic regression using these derivative variables. Through this
process, the explanatory power of a large number of original features can be utilized
for default prediction, and the use of logistic regression maintains the model’s interpretability. In the empirical analysis, the independent sample t-test reveals that our
proposed approach significantly improves the model’s performance compared to that
based on the conventional single-stage approach, i.e., the baseline model. The Kolmogorov–Smirnov statistics show a 3.42 percentage points (%p) increase, and the area
under the receiver operating characteristic shows a 2.61%p increase. Given that our
two-stage modeling approach has the advantages of interpretability and enhanced
performance of the credit scoring model, our proposed method is essential for those in
charge of banking who must explain credit evaluation results and find ways to improve
the performance of credit scoring models.
Keywords: Two-stage logistic regression, Credit scoring model, Bayesian approach,
Machine learning

Introduction
The primary business of commercial banks involves providing credit loans to individuals. This is one of essential tasks for measuring the default risk of loan applicants as accurately as possible [1]. To perform this task effectively, it is necessary to utilize a credit
scoring model, which is usually developed through logistic regression analysis because
logistic regression deals with the binary dependent variable and achieves satisfactory
performance while using a small number of parameters [2]. In addition, regression
analysis reveals a linear relationship between a dependent variable and explanatory variables. Therefore, it is intuitive, easy to understand, and can be used to perfectly respond
© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/.
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to customer requests to explain evaluation results [3]. A perfect explanation is a significant advantage of logistic regression analysis in practice. However, although machine
learning-based models are currently attracting attention as credit scoring techniques for
significantly improving model performance, their interpretability regarding the credit
evaluation results has a few limitations because they are black box models in which there
is difficulty determining the relationship between the explanatory variable and dependent variable [4]. To overcome this limitation, studies on improving the interpretability of
machine learning-based credit rating models have emerged [5–9].
Machine learning-based models, which have been widely distributed because of
recent technological advances, are currently being used increasingly to improve the performance of credit scoring models. The excellent performance of a machine learningbased model is prominent in areas where machine learning algorithms are suitable such
as image recognition [10]. In the field of credit evaluation, it was determined that for
several reasons, the predictive power of default risk was better than that of the logistic
model, e.g., the assumption that the explanatory variables of logistic regression should
be linearly independent [8, 11, 12]. Generally, approximately 10 explanatory variables
must be finally adopted [3], thereby constraining the improvement of predictive performance. For example, even a newly discovered variable in a new information domain
cannot be used as an explanatory variable if it has a considerable linear dependency on
other variables. However, machine learning techniques can use many features because
explanatory variables have no restrictions, which is one of the reasons for improving
the credit scoring model performance. However, machine learning-based models often
show improved performance, but in many cases, the improvement results from overfitting [13]. Therefore, considerable attention must be given to the overfitting issue when
developing a machine learning-based model.
A practical benefit of the logistic model is that the process of variables changing the
scoring result can be explicitly explained; thus, financial institutions still develop their
main credit scoring models using logistic regression [4]. Therefore, how can the performance of the model be further improved while maintaining perfect interpretability? In
this study, we present a two-stage logistic regression model to improve predictive performance by allowing additional features to be used as explanatory variables. In this
method, the first step involves using the Bayesian approach to extract the explanatory
power regarding the dependent variable, i.e., the default, contained in the features,
after which we create a derivative variable by linearly combining the features and the
extracted explanatory powers. In the second step, we develop the final credit scoring
model using the derivative variables as explanatory variables.
In contrast to the previous studies, this study proposes a method for improving the
performance of credit rating models by combining the Bayesian inference and two-step
modeling approaches. Few previous studies analyzed whether Bayesian methods are
effective in improving the performance of credit rating models. For example, the Bayesian approach showed higher predictive power than the standard maximum likelihood
estimation approach in the bank’s default prediction [14]. In addition, some studies show
that the Naïve Bayesian algorithm or the Bayesian algorithm using a neural network can
improve the performance of credit rating models [15, 16]. Furthermore, studies aimed at
improving the interpretability and the performance of models using Bayesian techniques
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have been conducted. For example, the Bayesian behavior scoring model helps to identify factors that reflect customers’ behavior and affect default probability [17].
However, there is limited literature on two-stage credit scoring modeling. For example,
as a first step, the multivariate adaptive regression splines (MARS) method was applied
to identify significant variables [18]. As a second step, these variables were used as the
input nodes of the neural network model. After applying the mortgage data, the performance was improved compared to that of conventional logistic regression and neural networks. Similarly, irrelevant and noisy features were eliminated in the first stage
because these features would lower model performance. Subsequently, a neural network
model was employed in the second stage of categorizing credit applicants [19]. In addition, principal component analysis was applied as a first step, followed by developing a
model with logistic regression in the second step to consider the interactions between
explanatory variables in regression analysis [3]. The performance of a credit scoring
model was also improved by developing a two-stage additive model using a machine
learning technique in the first stage and logistic regression in the second stage while
simultaneously increasing the interpretability of the model’s prediction results. However, the interpretability of these models has a few limitations because the part using
machine learning still remains a black box [5, 20].
The novelty of this paper lies in filling the gap between research on improving the
credit scoring performance and interpretability of credit evaluation results. This study
presents a method using logistic regression analysis in two steps to provide excellent
performance and interpretability of the model. Additionally, we present the rationale of
the proposed method using the Bayesian approach. To the best of our knowledge, there
is no study suggesting a method for developing a credit scoring model by combining a
logistic regression analysis in two steps based on the Bayesian approach.
For empirical analysis, to verify whether our proposed method significantly improves
the performance of commercial banks’ credit rating models, we analyze the credit loan
data of KakaoBank, a prominent internet bank in Korea with the biggest market share
as of March 2022. The bank has a deposit balance of KRW 33 trillion and 15 million
monthly active users, and thus, it is ranked first among all Korean financial institutions.
This study has academic and practical importance as it presents a logistic regressionbased credit modeling methodology. Because our proposed model is an extension of
the logistic regression approach that banks generally use for developing credit rating
models, it is easy for practitioners to understand and use. This study also suggests a new
method for efficiently improving the performance of credit rating models while ensuring
perfect interpretability.
The remainder of this paper is organized as follows: In "Related works" section, we
reviewed related works. In "Two-stage model using Bayesian approach" section, we present our theoretical two-stage model based on Bayesian inference. In "Empirical analysis" section, we build the baseline and two-stage models using KakaoBank data. We
discuss the results in "Discussion" section and present the conclusions in "Conclusion"
section.
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Related works
The research on improving credit scoring performance is divided into two parts: the
utilization of new significant features and improvement of prediction algorithms.
Utilization of big data and data mining techniques for credit scoring

The discovery of input features for credit scoring is made by finding or deriving data
that contains information about the customer’s default behavior. For developing a
credit scoring model, past financial transaction and demographic data are generally
used, and digital footprints have recently attracted attention [21]. For example, various activity records left by customers on a mobile app or internet homepage of a
financial institution are beginning to be used as important features for credit evaluation [22]. Consistent with this research direction, this study also used system log data
that records customers’ activities on the mobile banking application.
Studies to improve the credit scoring performance by introducing significant input
features using data mining techniques are ongoing. For example, data mining techniques, such as linear discriminant analysis, backpropagation neural networks, and
support vector machine methods, have been applied to analyze the credit scoring
performance for the Taiwanese credit card portfolio [23]. Additionally, there is a
study using the genetic algorithm for feature selection to develop a credit card fraud
prediction model [24].
Modeling algorithms for credit scoring

The traditional method for developing a credit scoring model is logistic regression
analysis [25, 26]. This method provides a good predictive value of the likelihood of
default. Moreover, because it reveals how specific input features affect the scoring
results, the credit evaluation results can be completely interpreted, which is an irreplaceable advantage. Therefore, logistic regression analysis is widely used in practice
by financial institutions that have an obligation to explain the customer’s credit evaluation results in an easy-to-understand manner [25, 26].
However, the machine learning algorithms, which are developing rapidly in recent
years, show improved performance compared to that of logistic regression analysis
in the field of credit scoring. For example, an adaptive neuro-fuzzy inference system and binary classifiers based on machine learning and deep learning were applied
to develop credit scoring models [27, 28]. Additionally, neural networks have been
applied for credit card fraud detection and several marketing tasks [29, 30]. To consider the time-series characteristics of input features, the long short-term memory
algorithm has been used to develop both credit card delinquency prediction and
fraud detection models [8, 9]. In addition, various machine learning algorithms, such
as decision tree, support vector machine, random forest, and genetic algorithm, are
widely used in fraud detection modeling [31–33].
In this study, we created a baseline model using machine learning algorithms for
comparing the performance of our proposed model.
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Two‑stage modeling for credit scoring

A few studies have been conducted on the two-stage hybrid credit scoring methodology, and most of these studies have consisted of a machine learning algorithm as the
first stage and a different methodology as the second stage. For example, the two-stage
credit scoring model to combine artificial neural networks and multivariate adaptive
regression splines showed better performance than the credit scoring models using
discriminant analysis, logistic regression, artificial neural networks, and MARS solely
[18]. There is also a study that presented a two-stage credit scoring model by combining widely used classification models such as extreme gradient boosting, gradient
boosting decision tree, support vector machine, random forest, and linear discriminant analysis [34]. Similarly, there is a study combining the use of an artificial neural
network in the first stage and conditional inference using the case-based reasoning in
the second stage [35].
However, rather than simply combining two models as in the aforementioned studies, recent studies have been conducted regarding extracting features particularly
relevant to the target variable in the first stage and enhancing the prediction performance by using the explanatory power of the extracted information in the second
stage. Specifically, irrelevant and noisy features are removed in the first stage, and
then, the remaining significant features are combined with neural networks in the
second stage [19].
The hybrid models in these previous studies are similar to our proposed model,
which extracts features closely covariate with the target variable in the first stage
and then predicts the default probability based on the significant features in the second stage. However, our study is differentiated from the previous studies because
we suggest a robust approach to extracting information related to the target variable
by introducing the Bayesian framework. The Bayesian approach utilizes significant
information contained in data and is widely used in social sciences such as financial
economics. Specifically, rationality in economics is often assumed to be Bayesian
optimization that makes optimal decisions based on observed information [36]. To
the best of our knowledge, this study is the first to present a two-stage credit scoring
model using significant information extracted from original features by the Bayesian
approach.

Explainable artificial intelligence (AI) for credit scoring

As in the aforementioned section, machine learning algorithms have an advantage
in improving the performance of credit scoring. However, compared to the traditional logistic regression analysis, the insufficient interpretability of the credit evaluation results is a significant limitation. To overcome the limitation, some studies have
attempted to develop an explainable AI model for credit scoring. For example, combining extreme gradient boosting with a framework to provide various viewpoints of
explanation would provide some level of interpretability [37]. Additionally, previous
studies suggested a method to provide some degree of interpretability by using logistic regression analysis in the second stage, even if the machine learning technique
was used in the first stage [3, 5, 38]. However, because these studies used principal
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component analysis or machine learning techniques in the first stage, the effects
of the input features on the final credit evaluation results remain black boxes. This
would be a severe limitation for financial institutions that are obligated to explain the
credit evaluation results to customers.
To the best of our knowledge, there is no study suggesting how to develop a credit scoring model that achieves both excellent performance similar to machine learning algorithms
and perfect interpretability. In this study, by using logistic regression analysis in each of the
two stages, our proposed model showed not only an enhanced performance by utilizing
many more input features than conventional single-stage regression analysis but also perfect interpretability of credit evaluation results by revealing the influence of input features
on the prediction completely.
Contributions of our study

We found that many of the recent studies on credit scoring focus on improving credit
scoring performance using machine learning algorithms or big data, and some studies
try to compensate for the weak interpretability of machine learning with a two-step modeling method. However, to the best of our knowledge, there is no study suggesting how to
develop a credit scoring model that achieves both excellent performance similar to machine
learning algorithms and perfect interpretability.
Reflecting on these aspects, this study made three contributions. First, we propose a
novel two-stage modeling structure using logistic regression analysis in each of the two
stages. Our proposed model shows an enhanced performance by utilizing many more input
features than conventional single-stage regression analysis. Second, in contrast to previous
works, our proposed model provides perfect interpretability of credit evaluation results by
revealing the influence of input features on the prediction completely. Third, in contrast to
previous studies, where a rationale was not provided for the two-stage model, we introduce
a theoretical model based on the Bayesian framework for our two-stage model to utilize
significant information from many more features than a conventional one-stage model.

Two‑stage model using Bayesian approach
In this section, we discuss the process in which we developed our two-stage logistic regression model by extracting the explanatory power of the features using a Bayesian approach.
First stage model and information weights

Generally, when a financial institution develops a credit scoring model, it selects highly significant features for each information domain and uses them as the explanatory variables.
The standard logistic function about the probability of default, i.e., p(default) : R → (0, 1),
is defined as follows:



p default =

1
1 + e−(β0 +β1 X)

,

(1)

where β0 is a constant, and X and β1 are vectors of input features and their coefficients,


respectively. By dividing both sides of the above equation by 1 − p(default) and taking
the logarithm, the following equation can be obtained:
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p(default)
1 − p(default)
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(2)

= β0 + β1 X

The left-hand side of Eq. (2) is called ’log odds’, and here, we denote it as Y . Estimating the above equation is to obtain the conditional expectation of Y , i.e., E(Y |X), using
the feature vector X . The advantage of using Eq. (2) is that it can express the conditional
expectation in a linear form that is easier to understand than Eq. (1). Therefore, Bayesian
inference can be directly applied to Eq. (2). Particularly, we use the following linear form,
the same as Eq. (2), for convenience in this section:

(3)

E(Y |X) = β0 + β1 X,
p(default)
.
where Y = ln 1−p(default)

In the first stage, we extract the default-related information contained in each feature
belonging to a specific information domain, and then we create a derivative variable by
combining the features using this extracted information as a weight. Using the derivative
variable may predict default behavior more accurately than using only the most significant feature.
The Bayesian inference is utilized in the first stage. Particularly, we calculate the weight
using conditional expectations based on the Bayesian framework. We assume that a feature ( ski ) belonging to a specific information domain (k) is a type of a noisy signal, and
it comprises the default-related information ( fki ) and other noises (ei ) as shown below
[36]:

(4)

ski = fki + eki ,

where eki ∼ iid(µk , σk2 ).
If random variables X and Y follow a jointly normal distribution and their standard
deviations and the correlation coefficient are denoted as σX , σY , and ρ , the conditional
expectation on Y given X is as follows:

E(Y |X) = E(Y ) + ρ

σY
{X − E(X)}.
σX

(5)

Equation (5) can be written as follows by reflecting the fact that Cov(X, Y ) = ρσX σY ,
where Cov represents covariance function:

E(Y |X) = E(Y ) +

Cov(X, Y )
{X − E(X)}.
σX2

(6)

Therefore, we define the first-stage model as a conditional default prediction model
that uses the features ( ski ) belonging to an information domain k as follows:

E(Y |sk1 , . . . skI ) = E(Y ) +
where wki =

Cov(Y ,ski )
Var(ski ) . Var

I

i=1

wki ski ,

(7)

represents variance function. E(Y ) is an unconditional mean,

and I represents the number of features belonging to information domain k . We call
these coefficients (wki s) information weights, which can be expressed as follows:
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Cov Y , fki + eki
Cov Y , fki + Cov(Y , eki )
Cov Y , fki
Cov(Y , ski )






=
=
.
=
wki =
Var(ski )
Var fki + eki
Var fki + Var(eki )
Var fk + σk2
(8)

From the equation presented above, we determine two characteristics of information weights. First, the form of the information weight is the same as the estimated
coefficient of linear regression because the numerator is the covariance between the
dependent variable and a feature, and the denominator is a feature’s variance. Therefore, the information weight represents the explanatory power of a feature. Second,
the larger the variance ( σk2 ) of the noise, i.e., the lower the reliability of the defaultrelated information, the smaller the information weight for the corresponding feature. Thus, the feature contributes less to default prediction.

Second stage model

The second-stage model uses the derivative variable ( Sk ) generated from information domain k, which is a linear combination of the features and their information
weights obtained in the first stage. The second-stage model is expressed as follows:

E(Y |S1 , S2 , . . . , SK ) = b0 +

K

k=1

bk S k ,

(9)


 ki ski , which is a derivative variable obtained by linearly combining the
where Sk = Ii=1 w
 ki ), i.e., information weight in the
original features ( ski ) and their estimated coefficients (w
,Sk )
is
the
covariance
between the target variable and
first-stage model, and bk = Cov(Y
Var(S )
k

the derivative variable divided by the variance of the derivative variable, which is the
same as the definition of the estimated coefficient by regression analysis.
The derivative variables would improve the predictive power of the model. For
a single-stage logistic regression model using the original features, the number of
selected features is generally approximately 10–15 because of the assumption of
linear independence among the features. However, when developed as a two-stage
model, each derivative variable comprises several features with linear independence
and high statistical significance. Therefore, the final model can utilize the predictive
information involving many more features.
The coefficient of the second-stage model can be expressed as follows:
 

 ki ski
Cov Y , Ii=1 w
Cov(Y , Sk )


bk =
=
I
Var(Sk )
 ki ski
Var
i=1 w
I
 ki Cov(Y , ski )
i=1 w
.
= I
2 Var(s ) + 2I J

 ki w
 kj Cov(ski , skj )
w
(10)
ki
i=1 ki
i=1 j=1(i� =j) w
The numerator is the sum of the covariances between the dependent variable and
the original features. If Sk is composed of the features with higher covariance, i.e.,
high predictive power, with the dependent variable, the coefficient bk of the corresponding derivative variable ( Sk ) becomes larger, and thus, the variable would have a
greater influence on the default prediction result. However, the denominator implies
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that the coefficient decreases as the variance of the original features increases or
as the covariances among the original features increase. Therefore, if the original
features have larger noisy terms or higher interdependence, the derivative variable
has a smaller coefficient, and consequently, its influence on default prediction is also
reduced.
Sensitivities of the original features

The original features used in the first-stage model affect the final default probability prediction through two logistic regressions. Here, we introduce the sensitivities
of the original features to the final default prediction in numerical form. As denoted,

 ki ski , where an original feature ( ski ) belongs to an information domain (k).
Sk = Ii=1 w

Let Z be Z = b0 + K
k=1 bk Sk in the second-stage model. The final default probability is
then calculated using logistic regression as follows:

p(Y |S1 , S2 , . . . , SK ) =


−1
eZ
= e−Z + 1
.
Z
1+e

(11)

The sensitivity of the final default prediction with respect to the change in ski is in a
closed form as follows:


−2 

∂p
∂Sk
∂p
 ki
=
×
= − e−Z + 1
−bk e−Z × w
∂ski
∂Sk
∂ski

−2
 ki e−Z + 1
e−Z
= bk w

(12)

Using this equation, it is possible to understand the original features responsible for
the calculation of or change in credit scoring results. We can obtain this formula because
we only use logistic regression, which clearly reveals a functional relationship between
the original features and a dependent variable, rather than the black box models such as
machine learning algorithms.

Empirical analysis
Datasets

To develop the credit scoring model, we use KakaoBank’s system log data, which is the
same dataset introduced in our previous study [22]. We prepare the training and test
datasets for the development and out-of-sample validation of the credit scoring models.
Each dataset comprises 100,000 randomly sampled unsecured loans booked during the
third and fourth quarters of 2018. For the binary dependent variable, we define loans
with an overdue payment of more than 60 days within 12 months after loan execution as
bad and otherwise as good. The bad ratios of the training and test datasets are 1.28% and
1.24%, respectively.
We then create the original features by counting each event code from the system
log data stored in the KakaoBank mobile application system over 6 months before the
loan execution date. To generate the features for credit scoring models, we convert the
counting-based numeric features into normalized weights of evidence (WoE), and then
we apply the feature selection criteria as an information value (IV) ≥ 0.2, which indicates
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that the variable has at least a weak predictive power according to a credit scoring textbook [25]. Through this process, we obtained 66 unique event codes that survived as the
candidate features. These features are categorized into ten information domains according to the types of user actions: registration, custom setting of the banking application,
clicking the menu or tab, user authentication, transaction, management of account,
selecting types and options of cards, login or logout, response to recommendations, and
optical character recognition (OCR). We have obtained appropriate permission from the
bank to use the datasets in this study, and a detailed description of these datasets can be
found elsewhere [22].
Development of the baseline model

To develop the baseline model, we use the conventional logistic regression because it is
used widely to develop credit scoring models in practice. The following significant features remained in the baseline model after backward selection: changing the name of
the account, balance change in the safe box, i.e., the parking deposit account, clicking
the FAQ category in the guide tab, login, to-do card exposure count, OCR: automatic
identification of customer identity, registration, and clicking the card use button of an
on-demand account. Table 1 shows the estimated coefficients and significance levels of
the fitted model. All the explanatory features are statistically significant and have positive signs because of WoE transformation.
Two‑stage model development
First‑stage model and information weights

The first-stage logistic regression models, "first-stage models” are developed using
candidate features associated with each category representing a specific information domain. As explained in "First stage model and information weights" section,
these features are divided into ten information domains according to the types of
user actions, such as registration, authentication, transaction, account activity, debit
card, recommendation, OCR, menu/tab, login, and custom setting. Table 2 shows
Table 1 Basic statistical properties of the features and the estimated results of the model
Variable

Basic Statistical Properties

Model Fit Results

Mean (SD)

Skewness Kurtosis C

Constant

–

–

Change the name of account

− 0.006 (0.125) − 7.68

62.46

Safe box balance change
click FAQ category in guide tab
Login
To-do card exposure count
Automatic recognition of customer
identity
Registration
Click card use button of an on-demand
account

–

Z-stat

− 4.35 − 150.67

P-value
< 0.001

1.00

2.81

0.005
0.001

− 0.005 (0.109) − 3.36

9.40

1.05

3.22

− 0.001 (0.049) 7.07

48.01

1.33

2.67

0.008

− 0.041 (0.286) 0.42

0.86

8.27

< 0.001

− 0.037 (0.280) − 0.43

− 0.81

− 0.69

0.72

6.22

< 0.001

− 0.005 (0.117) − 6.01

46.56

0.97

2.91

0.004

6.71

1.32

6.32

< 0.001

8.22

1.26

4.13

< 0.001

− 0.007 (0.117) 2.95

− 0.004 (0.085) 3.15

C: coefficient; FAQ: frequently asked questions; OCR: optical character recognition; SD: standard deviation
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Table 2 Basic statistical properties of the features and the estimation results of the first-stage
models
Variable

Basic Statistical Properties

Model Fit Results

Mean (SD)

Skewness Kurtosis C

Constant

–

–

Customer registration: connecting a
social network service

− 0.001 (0.050) − 8.86

Z-stat

P-value

Category: Registration

Customer registration: completed

− 0.007 (0.117) 2.95

–
76.58

− 4.35 − 153.34
1.32

< 0.001

1.88

0.060

6.71

1.26

5.98

< 0.001

Product registration: acquiring mobile
marketing information

− 0.004 (0.101) − 4.09

21.36

0.87

2.57

0.010

Product registration: click application
form

− 0.011 (0.150) − 0.30

− 1.23

1.13

5.72

< 0.001

–

–

− 4.35 − 150.65

< 0.001

Category: Authentication
Constant
Confirmation of identification
Confirmation of personal mobile
phone number
Customer verification
PIN authentication
Completion of enhanced verification
Application of mobile scraping
Application of PC scraping
Category: Transaction

–

− 0.002 (0.070) 0.90

− 0.008 (0.114) 6.87
− 0.001 (0.049) 2.13

− 0.013 (0.147) 4.98

− 0.003 (0.081) 1.92

− 0.007 (0.129) − 2.03

− 0.052 (0.399) − 3.34

Constant

–

Click the transfer request button

− 0.039 (0.273) 0.80

Transfer completed
Safe box balance change
Category: Account activity
Constant

–

− 0.037 (0.260) 1.11

− 0.005 (0.109) − 3.36
–

–

Click card use button of an on-demand − 0.004 (0.085) 3.15
account
Select my account
Produce information inquiry

− 0.009 (0.134) 0.25

− 0.009 (0.130) 1.44

Click transaction history search icon

0.000 (0.018)

Completion of monthly rental agreement information

− 0.008 (0.150) − 5.74

3.66

Completed of the produce cancellation − 0.013 (0.174) − 1.99

− 1.19

47.77

0.79

1.84

0.066

1.23

6.83

< 0.001

36.05

1.14

2.21

0.027

22.78

0.95

6.80

< 0.001

1.69

1.45

4.20

< 0.001

2.10

1.49

5.56

< 0.001

9.57

0.99

6.98

< 0.001

− 4.35 − 152.49

< 0.001

–
2.50

0.66

2.87

0.004

3.48

0.43

1.83

0.067

9.40

1.20

3.84

0.000

–
8.22
− 1.64

0.06

− 4.35 − 152.89
1.73

5.47

< 0.001
< 0.001

0.78

2.94

0.003

0.61

2.69

0.007

11.40

2.90

1.86

0.063

33.16

0.83

2.93

0.003

2.09

0.86

4.13

< 0.001

− 4.35 − 154.09

< 0.001

Category: Debit card
Constant

–

–

Debit card: select types of card

− 0.008 (0.122) 1.77

1.14

Debit card: check card application
details

− 0.007 (0.116) 2.04

2.17

0.72

1.44

0.150

0.32

0.62

0.535

Category: Recommendation
Constant

–

–

–

Click ad banner

0.000 (0.021)

2.46

4.04

Click login-popup banner
To-do card click
To-do card exposure count
Click app-push
Category: OCR
Constant

− 0.006 (0.111) − 1.28

− 0.032 (0.293) − 3.05

− 0.037 (0.280) − 0.43

− 0.14

7.57

− 0.69

− 0.013 (0.171) − 2.55

7.46

–

–

–

− 4.35 − 151.72
5.15

3.58

< 0.001
< 0.001

0.69

2.25

0.024

0.74

4.67

< 0.001

0.77

6.69

< 0.001

0.76

3.66

< 0.001

− 4.35 − 154.18

< 0.001
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Table 2 (continued)
Variable

Basic Statistical Properties
Mean (SD)

Automatic recognition of customer
identity

Model Fit Results

Skewness Kurtosis C

Z-stat

P-value

− 0.005 (0.117) − 6.01

46.56

0.92

2.82

0.005

Taking photo of customer identification − 0.001 (0.053) − 3.94

13.56

0.63

1.06

0.288

Category: Menu
Constant

-–

All tab: list menu

− 0.012 (0.158) 0.04

All tab: profile area
Click recommendation tab
Guide tab: click FAQ category
Category: Login/out

–

− 0.001 (0.051) 6.42

–
− 1.47

Run the application
Category: Custom setting

Change the color of account

4.67

< 0.001
< 0.001

41.52

1.15

2.44

0.015

0.90

3.91

< 0.001

− 0.001 (0.049) 7.07

48.01

1.22

2.45

0.014

− 0.041 (0.286) 0.42

− 0.81

− 0.036 (0.262) 0.83

0.19

− 0.006 (0.125) − 7.68

62.46

Constant
Change the name of account

0.85

5.37

− 0.009 (0.137) − 1.48

Constant
Login

− 4.35 − 153.56

− 0.003 (0.089) − 9.43

86.92

− 4.35 − 152.75

< 0.001

0.69

4.00

< 0.001

0.40

2.22

0.027

− 4.35 − 154.13

< 0.001

0.86

2.34

0.019

0.63

1.27

0.205

C: coefficient; FAQ: frequently asked questions; OCR: optical character recognition; PC: personal computer; PIN: personal
identification number

Fig. 1 Correlation coefficients among features selected in the first stage models (A) and distribution of
correlation values (B). The list of variables in the correlation matrix (A) is in the order of the variable names
arranged in Table 2

the estimation results of the first-stage model. The features in each information
domain are selected using the backward stepwise variable selection approach. Correlation analysis was performed on the selected variables (Fig. 1). Because most of
the absolute correlation values were less than 0.5 (i.e., 98% among 66 feature pairs),
almost all correlations values are not significant between the features that remained
in the first stage model. The estimated coefficient represents the information weight
for linearly combining the original features, as explained in "Related works" section.
The combined variables constitute the explanatory variables for the second-stage
model.
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Fig. 2 Schematic diagram of the two-stage logistic regression model

Table 3 Estimation results of the second-stage model
Variable

Coefficient

Z-statistic

P-value

Constant

− 17.2

− 15.1

< 0.001

3.3

0.001

3.4

9.1

< 0.001
< 0.001

Derivative variable from the registration category

1.8

Derivative variable from the authentication category
Derivative variable from the transaction category

2.3

5.8

Derivative variable from the account activity category

1.6

3.4

0.001

Derivative variable from the debit card category

5.3

6.1

< 0.001
< 0.001

Derivative variable from the recommendation category

2.3

5.6

Derivative variable from the OCR category

4.2

3.5

0.001

Derivative variable from the setting category

4.7

3.4

0.001

Table 4 Correlation coefficients among the derivative variables
Variable

(1)

(2)

(3)

Derivative variable from the registration category
(1)

1.00

Derivative variable from the authentication category (2)

0.14

1.00

Derivative variable from the transaction category (3)

0.16

0.19

1.00

Derivative variable from the account activity
category (4)

0.26

0.13

0.27

Derivative variable from the debit card category (5)
Derivative variable from the recommendation
category (6)

− 0.03
0.30

(4)

Derivative variable from the OCR category (7)

0.01

Derivative variable from the setting category (8)

0.06 − 0.07

0.19

0.01 − 0.05
0.07

(6)

(7)

(8)

1.00

0.06 − 0.04 − 0.05
0.33

(5)

1.00

0.33 − 0.10 1.00
0.01 − 0.10 0.06 1.00

0.15 − 0.11 0.07 0.00 1.00

Second‑stage model

To develop the second-stage model, we use the derivative variable obtained from
the first-stage model. This variable comprises an unconditional mean and the linear
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combination using the information weights obtained through the first-stage model. Figure 2 shows a schematic diagram of the two-stage logistic regression model. We develop
the second-stage logistic regression model called the “second-stage model” using the
derivative variable for each first-stage model as the input variables.
Finally, the second-stage model comprises eight derivative variables obtained from the
first-stage model, as presented in Table 3. This table shows that the derivative variables
related to user actions appear statistically significant and have positive signs because of
the WoE transformation. However, the two derivative variables regarding menu/tab and
login do not remain in the fitted model after applying the backward stepwise variable
selection method because of the insignificance of their coefficients.
Because user activities in the mobile application are interconnected, it is necessary to
examine multicollinearity. We compute the correlation coefficients among the derivative
variables fitted in the second-stage model, as presented in Table 4. The highest correlation coefficients appear to be 0.33 between authentication variables (2) and recommendation variables (6) and between account activity variables (4) and recommendation
variables (6). Because the other correlations are less than 0.3, the correlations among
the variables are determined to be low overall, thereby indicating that each derivative
variable from the first-stage model has a unique explanatory power in the second-stage
model.
To test the goodness of fit, we conduct the Hosmer–Lemeshow test for the secondstage model. We obtain a significantly small χ 2 statistic and significantly large P-value
(χ 2 = 0.123; P-value = 0.872), which indicate that our model is fitted well [39].
Comparison of models’ performance

To evaluate the performance of the baseline and two-stage models, we use the Kolmogorov–Smirnov (K-S) statistics and the area under the receiver operating characteristic
(AUROC) curve, which effectively measure and compare credit scoring models’ performances [11]. The AUROC curve evaluates the discriminatory power of a credit scoring
model, which can be interpreted as the probability that “the Goods” receive better scores
than “the Bads” [40]. Additionally, the K-S statistics measure the maximum difference
between the two cumulative distributions of Goods and Bads. A higher K-S value indicates enhanced performance of the credit scoring model [40].
Table 5 shows that the K-S statistics and AUROC values of the two-stage model are
16.38% and 59.52%, respectively. Compared to the baseline model, the two-stage model
shows significant improvements in credit scoring performance such as the K-S statistics by 3.42 percentage points (%p) and the AUROC by 2.61%p, respectively. According
to the statistical test method proposed in the previous study [22], to evaluate whether
these improvements in performance are statistically significant, we perform simulations

Table 5 Credit scoring performance of the baseline and two-stage model
Baseline model

Two-stage model

T-statistics

P-value

K-S statistics

12.96 (0.48)

16.38 (0.47)

72.02

< 0.0001

AUROC

56.91 (0.30)

59.52 (0.30)

87.05

< 0.0001

The numbers in parentheses represent standard deviations

Kyeong and Shin Journal of Big Data

(2022) 9:106

Page 15 of 20

Table 6 Summary of the robustness test
Single-stage approach
(baseline model)

Two-stage approach
(proposed model)

T-statistics

P-value

Alternative modeling techniques: Random Forest
K-S statistics

12.94 (0.81)

14.88 (0.73)

17.73

< 0.001

AUROC

57.47 (0.55)

58.18 (0.50)

9.52

< 0.001

Alternative modeling techniques: Neural network
K-S statistics

16.29 (0.63)

16.61 (0.61)

3.66

< 0.001

AUROC

59.64 (0.40)

59.84 (0.41)

3.55

< 0.001

to obtain the distributions of the K-S statistics and AUROC by iteratively extracting
samples with the same size and developing the baseline and two-stage models. After
2000 iterations, we conduct the independent sample t-test to compare the differences
in the sampled mean distributions of both the K-S statistics and AUROC between the
two models. Consequently, the two-stage model showed significantly higher AUROC
(P < 0.0001) and K-S statistics (P < 0.0001) values compared to the baseline model.

Robustness of the results

Although we developed a two-stage model using logistic regression with Bayesianbased formulation, the modeling algorithm could be replaced with other approaches.
To verify the robustness of the two-stage modeling approach, we use machine learning algorithms, such as random forest and neural networks, in the first-stage model
instead of logistic regression. Generally, these two algorithms perform well when
applied in the development of credit scoring models [6, 7, 20, 41]. Table 6 shows that
the two-stage model comprising first-stage modeling using random forest and neural network models, followed by second-stage modeling using logistic regression,
shows significantly improved performance compared to the conventional single-stage
machine learning-based model. The improvements in the K-S statistics and AUROC
values are 1.94%p and 0.71%p for the random forest model and 0.32%p and 0.20%p
for the neural network model with five hidden layers, respectively. Therefore, all the
modeling techniques using a two-stage methodology enhance the performance of
credit scoring models. Interestingly, neural network modeling in the first-stage model
yields the best results. However, the performance of the final model is similar to that
of our proposed model using logistic regression in the first stage.

Discussion
In this study, we propose a new method for utilizing the information contained in features by applying two-stage logistic regression based on the Bayesian approach instead
of the conventional single-stage modeling approach. Previous studies on two-stage modeling attempted to improve the performance of models using machine learning as the
first-stage modeling approach while maintaining interpretability to some extent using
regression analysis as the second stage [5, 20]. In contrast, we used logistic regression for
both stages in this study. The first reason is that it is sufficient for improving the model’s

Kyeong and Shin Journal of Big Data

(2022) 9:106

Page 16 of 20

performance compared to other models utilizing machine learning techniques. Second, it is important from the practical perspective of financial institutions, which have
an obligation to explain credit evaluation results to customers to ensure that they fully
understand the influence of an original feature on credit scoring results.
Improvement of the model’s performance

We created a baseline model using single-stage logistic regression, which is commonly
used as a method for developing credit scoring models. We then developed the proposed model using two-stage logistic regression. As a result, the K-S statistics and the
AUROC values of the proposed model were 16.38% and 59.52%, respectively, which is
an improvement compared to the baseline model with 12.96% and 56.91%, respectively.
Although the number of original features considered in both models was the same (66),
the performance of the proposed model significantly improved by extracting correlated
information with dependent variables through Bayesian inference in the first-stage
model. Previous studies on two-stage modeling also reported the improved performance
of credit scoring models [5, 20].
Contrary to our proposed model, they used machine learning techniques in the first
stage. Therefore, we also examined the degree of performance improvement of the credit
scoring model using machine learning techniques instead of logistic regression. As a
result of verifying the final models’ performance when the random forest and neural
networks were applied in first-stage modeling, the models were significantly improved
through the two-stage modeling approach in both cases. However, there is little difference in the performance of the models using various algorithms during two-stage modeling because the performance of the final models was found to be similar. Specifically,
the AUROC values of the final model were 59.52% of our proposed model, 58.18% when
using random forest, and 59.84% when using neural networks. However, the performance of the first single-stage models employing machine learning was higher than that
of our proposed model. In particular, the neural networks showed significantly higher
performance. The AUROC values of our first stage model, random forest, and neural
network were 56.91%, 57.47%, and 59.64%, respectively. Consequently, when the twostage modeling method is used, there is little difference in the performance depending
on the modeling method.
Because the development process and datasets used in this study are different from the
previous studies, there is a limitation in comparing the model performance with other
studies. In particular, the bad ratio of the datasets of our study is less than 2%, whereas
that of other studies [38] ranges from 22 to 48%, indicating that the binary class of our
datasets is significantly imbalanced. Nevertheless, our two-stage model shows two
Table 7 Comparison of performance improvements between the two-stage model proposed by
this study and the hybrid two-phase model proposed by other study [38]
Baseline Model

Proposed Model

Performance
Improvement

This study

56.91%

59.52%

2.61%p

Other study

80.30%

80.89%

0.59%p

Average AUROC values are presented for the baseline and proposed two-stage models

Kyeong and Shin Journal of Big Data

(2022) 9:106

advantages over the other type of two-stage hybrid model regarding performance and
interpretability. First, Table 7 shows performance improvements between the two-stage
logistic regression and the hybrid two-phase model composed of deep neural networks
and logistic regression proposed by the other study [38]. The performance improvement
of our two-stage model compared with the baseline model was 2.61%p whereas that of
the hybrid two-phase model showed 0.59%p. Although we used highly imbalanced datasets, the performance improvement of our two-stage logistic regression model surpassed
that of the existing model. Particularly, other studies of two-step hybrid models using
deep learning or principal component analysis could not be included in Table 7 because
they used performance indicators that were difficult to compare with the performance
of our model [3, 5]. Second, because our model uses only logistic regression analysis, the
functional relationship between the input features and the evaluation results is clearly
revealed, making it possible to fully explain the credit evaluation results. However,
because other models use deep learning algorithms, their interpretability is limited.

Interpretability of the model

Previous studies on two-stage credit scoring improved the performance of models using
machine learning techniques in first-stage modeling [5, 20]. However, because machine
learning models are a black box, it is not possible to establish exactly how the initial features affect the final credit scoring result. This would cause significant difficulties, particularly in practice, because banks are obligated to explain the credit evaluation results
to their customers. When customers are interested in any change in their credit grades,
they frequently ask the bank for an explanation of the reasons behind the change in their
credit scores. For example, if a customer’s credit score was bad in the past because of a
history of delinquency but it has currently improved because of an increase in income,
the bank must know exactly how these variables affect credit scoring results to explain
why the credit score has changed. However, if the intermediate process of credit scoring
is a black box, it is impossible to provide an exact and detailed explanation to the customer regarding the reason behind the change in the customer’s credit evaluation result.
This example helps us understand that the two-stage modeling approach using logistic
regression employed in this study provides a practical advantage to financial institutions
because it is a method that perfectly maintains the interpretability of the model.

Financial inclusion and credit accessibility

Our proposed method would be more effective in providing financial inclusion and
credit accessibility rather than improving credit scoring using machine learning or big
data. Previous literature reported that improving credit scoring performance provides
financial inclusion for those with limited access to financial services, such as those who
are young, have thin credit information, or in countries with constrained information
sharing [22, 41]. However, if financial institutions obtain perfect interpretability and performance enhancement of a credit scoring model as our proposed algorithm, they would
actively provide credit accessibility because the interpretability can be used to coach
customers to improve their credit evaluation results. Financial coaching can effectively
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contribute to credit improvement even for young people [42]. For example, the financial institution would advise the customer to correct their behaviors if the banking system identifies undesirable behaviors such as cherry-picking or abusing. Consequently,
customers will get an improved credit evaluation by remedying their behaviors and use
additional financial services such as unsecured loans.

Conclusion
In this study, we established that our proposed two-stage logistic regression method
demonstrated significantly better performance than conventional single-stage logistic regression analysis, which is used widely in developing credit scoring models. The
conventional logistic model requires the assumption of linear independence between
explanatory variables, and thus, only approximately 10–15 explanatory variables are
used, whereas our proposed model can utilize many features through a two-stage modeling approach.
In the first stage of our proposed model, we extracted the explanatory power contained in the original features based on Bayesian inference for each information domain.
We then created a new derivative variable by linearly combining the original features
with their explanatory powers, which we called information weights. The second stage
involved developing a credit scoring model using logistic regression with these derivative variables. Through this process, the explanatory power of numerous original features can be fully utilized for default prediction.
As a result of the empirical analysis, the performance of our proposed model significantly improved by 3.42%p for the K-S statistics and 2.61%p for the AUROC compared
to the baseline model. Even when machine learning methods, such as random forest or neural networks, were used for the robustness analysis, the performance of the
credit scoring model significantly improved through the proposed two-stage modeling
approach.
Previous studies reported that using machine learning in the two-stage modeling
approach improved the credit scoring model’s performance compared to the conventional logistic regression method [5, 20]. We confirmed during the robustness analysis
that these studies are consistent with the results of the conventional single-stage model.
However, if we use the two-stage modeling approach that we suggested, the performance
of logistic regression models does not differ much from that of the machine learningbased models. These results suggest that the two-stage logistic regression method based
on the Bayesian framework is superior to machine learning techniques in terms of
enhancing the model’s performance while perfectly maintaining the interpretability of
the credit scoring model. This implication is especially important for those in charge of
banking who have a duty to explain credit evaluation results to customers and contemplate ways to improve the performance of credit scoring models.
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