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Abstract
Determining the credit worthiness of an individual for a loan approval is a challenging task for most
�nancial institutions. To assess the credibility of an individual, a credit score model is often used and it
encompasses factors such payment consistency of customers and their behaviors and their previous
behaviors. Due to its easy interpretation and outstanding prediction performance for both static and time-
varying, evolving domains, machine learning has gained a lot of reputation over statistical approaches.
For this reason, machine learning has gained much attention in the automation of the design of effective
and e�cient credit scoring techniques over the years. Credit scoring task is also an ephemeral scenario
as most of the variables are likely to drift overtime, making the use of stream mining suitable for
detecting and adapting to changes in the underlying data distribution. Given a problem in such time-
varying and evolving environment, credit scoring models that were once robust may become suboptimal
if the behavior of customers change over time as their earnings get eroded by changes in interest rates,
natural disasters and increases in pay as you earn, rendering the current credit score model outdated. In
credit scoring, many of the variables tend to drift over time resulting in an ephemeral scenario that
requires online machine learning algorithms tailored for learning in time-varying and evolving
environments where the target concept changes. Since machine learning algorithms can learn
incrementally, they are able to detect learn changes that occur in the data. In this paper, we propose an
online Decision Trees based eXtreme Gradient Boosting (XGBoost) credit scoring model that is based on
a heterogeneous adaptive particle swarm optimization where behaviors change at each iteration by
randomly selecting new behaviors from the behavior pool. The prediction performance of our approach is
evaluated �rst as a batch learning algorithm and secondly as a data steam learning algorithm using a
variety of validation schemes for traditional batch learning and the Kolmogorov-Smirnov and Population
Stability index metrics. Each behavior consists of a pair containing a position update and a velocity
update. Decision Trees can easily sift through credit data characterized by a high dimensional curse and
a complex correlation. The behavior of our proposed approach is evaluated for both static and dynamic
domains since customer variables tend to drift over time. Empirical experiments conducted showed that
our proposed approach performs comparatively well in both static and dynamic environments on four
datasets.

1. Introduction
To mitigate information asymmetry and accurately manage credit risk, credit scoring models have
emerged as e�cient tools for most �nancial institutions [25]. The �nancial credibility of an individual
serves as a determinant factor ast to whether to approve a loan or not for most �nancial institutions. An
appropriate credit scoring model brings huge pro�ts and reduce potential customer churn to a company if
designed without loopholes but a poorly designed credit scoring model that cannot distinguish between
credit worth applicants and unacceptable applicants can lead to huge �nancial losses. A credit score is
often used nowadays to measure the �nancial credibility of an individual and it includes factors such as
the customer’s credit history on previous performances on debt payments, pro�le, monthly total income,
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profession, place of stay and property owned such as cars, properties and census information in an effort
to estimate the defaulting probability [1]. The design of credible risk assessment credit scoring models
requires a lot of time and resources making them susceptible to abuse by perverted employees who may
introduce biases into the models. When customers are able to borrow money easily from a �nancial
institution, it enables a properly managed economy to e�ciently function and boost the growth of the
economy.

The rapid growth of credit economies has led to an increase in the number of problems for most �nancial
services providers as credit defaulters such as overdue loans have increased greatly. In reality, the costs
for defaults are often higher so �nancial institutions tend to emphasize the accuracy of default data [19].
Recently, there has been a growing need for robust scoring models based on the current data to evaluate
the credit worthiness of a customer to support the bank’s decision making process and allow customers
with good credit records to get loan approval in a timely manner.

Machine learning algorithms have been used to perform the automation of credit scoring models as they
have demonstrated excellent prediction capability for most complex non-linear data [2]. Machine learning
approaches generalize well in both static and dynamic domains when compared to traditional statistical
approaches. Machine learning approaches do not work under a stable distribution assumption, making
them superior to statistical techniques in handling non-linear pattern classi�cation [23]. Machine learning
techniques can effectively handle big data in large, sparse and complex high dimensional samples [24],
an attribute suitable for building credit scoring model in both static and dynamic �nancial data. Recent
empirical experiments conducted have shown that machine learning approaches generalize well when
compared to statistical �nancial data. Credit data has inherent characteristics such as changes in the
target concept as many of the variables may drift over time as the behavior of customers change over
time, credit data imbalance caused by a small number of default applications, a large number of credit
features and complex feature relationships, a sparse matrix problem caused by many missing values and
features and interpretability issues for feature decisions [3]. Traditional machine learning approaches
assume that customer data is static but the behavior of customers change over time as many of the
variables may drift over time.

For most imbalanced datasets, traditional customer credit scoring models tend to have a higher
classi�cation error rates for a small number of customers with bad credit when compared to the majority
of customers with good credit. The misclassi�cation of a customer with a poor credit record score can be
detrimental to the business when compared to the misclassi�cation of a customer with a good record [5].
A properly con�gured credit scoring that takes into account the inherent characteristics of credit data has
the potential of bringing huge economic returns. This requires credit score models to have higher
prediction accuracy for the task of classifying customers according to their credit worthiness to
accurately address the inherent imbalanced ratios of credit data in more aspects.

XGBoost optimized by adaptive Particle Swarm Optimization facilitates the derivation of a customized
objective function and performance evaluation indicators used to re�ne the model to handle inherent
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characteristics of credit data such as drifting variables, missing values and class imbalance.

The performance of XGBoost depends hugely on properly con�gured hyper parameters. The
hyperparameters of XGBoost have to be appropriately tuned in order to accurately minimize the objective
function as manual approaches based on arti�cial experiences tend to consume a lot of time and require
a lot of computer resources such as memory. Existing parameter optimization approaches such as grid
search and random search have a tendency of overlooking the optimal value since the objective function
is considered to be non-convex. The original version of Particle Swarm Optimization was proposed by
Kennedy and Eberhart [4]. Particle Swarm Optimization is a computational intelligence technique used for
optimizing complex engineering and �nancial models.

Particle Swarm Optimization is not restricted by constraints associated with the objective function such
as continuity and differentiability, but �nds the optimal solution through a number of iterations and has a
fast convergence speed making it suitable for the optimization of hyper parameters to minimize the
objective function for most applications.

This paper proposes an XGBoost ensemble optimized by the adaptive Particle Swarm Optimization for
credit scoring. PSO has a tendency of falling into local optimum for most applications thereby causing
premature convergence. A change in customer behavior may lead to an outdated credit scoring model
and diversity may be lost as a result of swarm convergence and such problems need to be solved to
allow the PSO to accurately minimize the objective function. To avoid the loss of diversity which may
lead to premature convergence thereby hindering further exploration and exploitation, the swarm is
allowed to re-diversify when the customers change their behaviors. For that, we adopt the use of the
heterogeneous PSO that allows particles to assume different behaviors from each other as they adopt
different velocity and position update rules. The adaptive credit scoring XGBoost optimized model is then
used for credit scoring.

The rest of the paper is organized as follows. Section 2 provides a comprehensive review of machine
learning approach for credit scoring. Section 3 provides a preview of the genesis and workings of Particle
Swarm Optimizers (PSO) and the Extreme Gradient Boosting (XGBoost). Section 4 introduces our
proposed methodology. Section 5 provides a description of datasets used and the empirical experiments
conducted. In section 6, the conclusions and future work are provided.

2. Literature Review
Arti�cial intelligence techniques and machine learning have attracted the attention of researchers in the
design of credit score models due to their ability to create adaptive models for both static and dynamic
domains. Credit scoring is a challenging risk for most �nancial institutions and as a classi�cation
problem, it has now become an important �eld of research in the area of data mining. Recently, datasets
related to loan applications from �nancial institutions has signi�cantly increased and its now
cumbersome to use traditional and statistical models for credit scoring tasks. To build robust and reliable
credit scoring models, several issues are taken into consideration by researchers and this include the
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extensiveness of the datasets in an effort to accurately model the planning horizon and the instigators of
undesirable behavior [30].

A number of contemporary approaches to design credit score models based on machine learning
algorithms capable of outperforming performances of existing models have been proposed. In [6],
authors proposed a new hybrid ensemble credit scoring model. The model fuses �ve feature selection
algorithms and uses three voting strategies. The approach generates eight ensemble models which are
combined using the soft voting approach. No assumptions were made over the possible skewed
distribution of the data and the possibility of customer variables drifting. Jian Xiao [7] proposed a semi-
supervised cost sensitive learning, a data handling approach and an ensemble learning approach to
create a customer credit scoring model. The approach introduces more noise as a result of incorrect
labeling of some examples. In [8], the authors presented an over�tting cautious heterogeneous ensemble
model for credit scoring. The approach uses tree based techniques to strike a balance between prediction
and computational cost. The approach disregards the possibility of customer variables drifting over time
and the imbalanced data problem. An analysis of the different aspects of the credit scoring applications
using machine learning on static and streaming data was performed by Jean Paul Barddal et al [1]. In
their empirical experiments conducted, they concluded that data streaming techniques yielded interesting
discriminative rates and credit score models should take into account the possibility of customer
variables drifting. Vincenzo Moscato [9] designed a benchmark for machine learning approaches for
credit risk prediction for social lending platforms that also handles imbalanced datasets. The approach
provides no suggestion of a possible customer variable drift. In [10], the authors suggested a deep
learning ensemble credit risk evaluation model that also handles imbalanced credit data using an
improved synthetic minority oversampling technique. The approach does not consider the creation of a
credit score as a streaming classi�cation problem where customer variables can drift. Salvatore Carta
[11] proposed a proactive approach to the creation of a credit scoring model that consists of a combined
entropy approach. The approach disregards the class imbalance problem and the streaming
classi�cation problem. Wenyu Zhang [12] proposed a novel multi-stage hybrid model which combines
feature selection and classi�er selection to obtain optimal feature subset and optimal classi�er subset
and uses the ensemble to optimize the prediction in credit scoring. An enhanced multi-population niche
genetic algorithm is used to improve the ability of optimization effectively. In [13], the authors proposed a
novel noise-adapted two-layer ensemble model for credit scoring based on back�ow learning approach to
address noise data and borderline data samples. The approach uses the synthetic minority oversampling
technique (SMOTE) algorithm to address the imbalanced data problem. Xiaohong Chen [14] proposed a
new heterogeneous ensemble model based on the generalized Shapley value and the Choquet integral to
improve the predictive power of the classi�er. The model �rstly introduces the fuzzy measure to solve the
problem where the base learners of the ensemble model may interact. To take into account the accuracy
and the diversity of the base learners simultaneously, a linear programming model for determining the
fuzzy measure is built with an accuracy and diversity based objective function. The approach disregards
the possibility of customer variables drifting and imbalanced datasets. In [15], the authors proposed a
novel multi-stage ensemble method with a hybrid genetic algorithm for credit scoring on imbalanced
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data. The proposed multi-stage ensemble is computationally complex and disregards the possibility of a
change of customer variables.

Chaoqun Wang [16] suggested an ensemble classi�er optimized by PSO to assess the credit worthiness
of customers in peer to peer lending platforms. The weights of the experts are optimized by the PSO. The
authors did not consider the possibility of change of customer variables and imbalanced datasets.

An assertive credit score model based on machine learning is composed of information such as historical
data that is veracious, relevant attributes of the customer related to the past loan payment pro�le and a
prediction model that encompasses all the variables relevant to model the behavior of credit worthy and
non-credit worthy creditors. Credit data for most �nancial institutions is characterized by credit data
imbalance caused by a small number of default applications, a large number of credit features and
complex feature relationships, a sparse matrix problem caused by many missing values and features and
interpretability issues for feature decisions [3]. The credit scoring task is never addressed as a data
stream classi�cation problem as many of the customer variables may drift over time. The proposed
approaches and other integrated learning methods addressed some of these problems but not all, making
their credit score models inappropriate to classify customers accurately. In this study, we propose an
adaptive Particle Swarm Optimized XGBoost Decision Tree ensemble that learns incrementally to handle
customer variables that are drifting and employs the Synthetic Minority Oversampling Technique
(SMOTE) algorithm to address the imbalanced customer data.

3. Particle Swarm Optimizers
Particle Swarm Optimizer (PSO) is a heuristic population based iterative, global and stochastic
optimization algorithm inspired by the social behavior of bird �ocking or �sh schooling to conduct an
intelligent search for the optimal solution [17]. PSO is derivative free as it does not require the
optimization problem to be differentiable, therefore not requiring gradients making it applicable to a
variety of problems such as those with discontinuous or non-convex and multimodal problems. Firstly,
the algorithm is initialized with a set of agents called particles in random positions in the problem space.
Each particle is assigned a random velocity at the beginning. For each particle, a �tness function is
de�ned relating to its location. Efforts to �nd the best position of a particle entails solving an
optimization problem by minimizing the �tness function. As the process iterates, the particle’s �tness is
evaluated by the algorithm, the velocity is updated and the new position is computed. A standard PSO
algorithm assumes the existence of a dimensional search space, a swarm of 𝑚 particles expressed as {xi
,…, xm} and the particles are expressed as xi= (xi1, xi2, …, xiD). At iteration 𝑡, the information that
characterizes a particle is provided as follows:

Position Xt
i = [xt

i1, xt
i2 ,…, xt

iD]T, and velocity Vt
i1 = [vt

i1, vt
i2,…, vt

iD]T, personal best position, [pt
i1,pt

i2,…,pt
iD]T

and global optimal position pt
g = [pt

g1, pt
g2,…,pt

gD]T. At iteration 𝑡 + 1, the speed and position of the

particle is updated as follows:
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Vt+1
id  = wvt

id +c1rt
1(pt

id- xt
id) + c2rt

2(pt
gd-xt

id) (1)

Xt+1
id  = vt

id + vt+1
id  (2)

The coe�cient 𝜔 represents the inertia weight used to control the balance between exploitation and
exploration. The social learning factors, c1 and c2 changes the step length of the direction of movement
to the position of the particles and the direction of the global best position.

3.1 Extreme Gradient Boosting (XGBoost)
The Extreme gradient boosting tree (XGBoost) was proposed by Chen and Guestrin [32] to solve
classi�cation and regression problems. Extreme Gradient Boosting (XGBoost) is a tree-based algorithm
used for both classi�cation and regression-related problems and is part of the family of ensemble
machine learning-based class of algorithms. Machine learning is a form of arti�cial intelligence that
allows programs to continuously self-improve using existing and new data. Machine learning algorithms
parse past data, learn from it and make predictions about future data. Machine learning has the potential
to improve credit risk modeling. The likelihood of a customer repaying a loan depends on many factors.
Typically, statistical learning methods assume formal relationships between variables in the form of
mathematical equations, while machine learning methods can learn from data without requiring any
rules-based algorithms. Due to this �exibility, machine learning algorithms can better �t patterns in data
for calculating credit risks. Machine learning algorithms can better capture non-linear relationships which
are common to credit risk. XGBoost implements Gradient Boosting decision trees to harness higher speed
and better performance. The algorithm minimizes prediction errors generated by prior models by adding
more trees to the ensemble. For structured data, XGBoost has gained utmost popularity in applied
machine learning.

XGBoost employs both �rst and second derivatives and the generated loss function is considered to be
more accurate and thus enhancing its ability to precisely split the tree and create the suitability of the tree
structure for �nancial data characteristics. XGboost approximates the loss function using the Taylor
expansion and this creates a model that balances both bias and variance by the use of fewer decision
trees to achieve superior generalization ability.

A regularization term is included in the cost function of the algorithm to control the learning model from
getting complicated and reduces the chances of the model over�tting when the credit data to be learned
by the model is of a small sample.

XGBoost automatically learns the segmentation direction of the sample in the event of missing
eigenvalues. These attributes associated with XGBoost makes it achieve superior prediction in credit
scoring [18]. The mechanism employed by the XGBoost algorithm makes it appropriate to learn credit
data associated with missing values and sparse characteristics. XGBoost calculates the gain of samples
in both the left and right subtrees to �nd the default direction of the missing data. By this, it learns how to
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approximate or impute missing data. Given the vast advantages offered by XGBoost such as learning in
time-varying, evolving environments as customer variables drift, the ability to address missing values of
credit data, more accurate solutions of loss function, mechanisms to evade over�tting and the
advantages of PSO in optimizing parameters in high dimensional continuous space, we build an
XGBoost model that is optimized by a heterogeneous PSO to realize high precision credit scoring.
XGBoost algorithm can handle sparse data, implement distributed and parallel computing �exibly [29].
Although XGBoost performs well in both static and dynamic environments, its excellent performances
hinges on the proper hyper-parameters settings.

3.2 Parameter Optimization
To achieve high precision credit scoring results, the model must �nd appropriate parameters. For every
learning model, there exists model parameters and hyper parameters. The model parameters are obtained
by learning the distribution of training data, without the need for human experience. A hyper parameter is
de�ned as a higher-level concept about the model such as its complexity or ability to learn. Generating a
set of satisfactory hyper parameters improves the generalization performance of learning models so
tuning them is important. However, hyper parameter tuning is subjective and relies on empirical
judgement and trial and error approaches [19]. The process of optimization reduces the need to depend
on manual search and trial and error. To appropriately optimize and generate an accurate subset of
parameters and maintain the e�cacy of XGBoost for classi�cation tasks, our proposed approach uses an
adaptive heterogeneous Particle Swarm Optimizer XGBoost (AHPSO-XGBoost).

The derived parameters of XGBoost are as follows:

Table 1
Derivation of hyper-parameters of XGBoost

Hyper-parameter Derivation

Learning Rate Weight value reduced and node robustness optimized

Tree depth
maximum

Maximum tree depth generates a greater value, increases tree complexity and
evades over�tting

Subsample ratio Sample rate

Column subsample
ratio

Features sampled to construct tree

Maximum child
weight

Over�tting reduction via sum determination of minimum leaf nodes sample
weights.

Maximum delta
step

Tree weight change limit factor for unbalanced data

Gamma Minimum loss function reduction necessary to evade over�tting

Number of
estimators

The number of iterations of XGBoost
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4. Adaptive Heterogeneous Particle Swarm Optimizer-xgboost
To get a better prediction accuracy of the model, the strategy employed to tune hyper parameters must be
carefully selected. Diversity plays an important role in preventing the premature convergence of the PSO
and improving the generalization performance of the learning algorithm. Most approaches adaptively
introduce diversity in the swarm by spliting the swarm into different groups in relation to particle
distribution and the search direction of two groups of particles is performed by different learning
strategies. To perform the adaptive split of the swarm population, most studies have adopted the search
clustering method [20] in an effort to improve diversity. The clustering approach automatically �nds the
class cluster center of the dataset samples. The objective is to create heterogeneous swarms. However,
generating diversity of particles by clustering has its own drawbacks. Particles may fail to improve their
personal best position over a window of recent iterations and if the personal best position does not
change, it may be an indication of early stagnation. To overcome this drawback, in this paper, particles
are instantiated at the individual level. Instantiation of the particles at individual level introduces
heterogeneity among the swarm particles. Individual particle instantiation allows particles in a swarm to
assume different search behaviors by randomly selecting velocity and position update rules from a
behavior pool thereby creating a swarm that consists of explorative particles and exploitative particles,
giving the optimization algorithm the ability to explore and exploit throughout the search process. The
approach allows the swarm to manage its diversity dynamically. The particles in the swarm population
update their positions and velocity over time, making the heterogeneity dynamic. Dynamic heterogeneity
introduces adaptive particle swarms that are able to respond to changes in the environment. In credit
score models, variables tend to drift with time. The objective of the PSO optimization algorithm in such
time varying and evolving environments is no longer relegated to �nding the global optimum but also to
adapt to changes over time. To accurately adapt to a changing optimum, the PSO optimization algorithm
has to solve the outdated memory problem as the environment changes, the particle’s personal best
position and its �tness value are no longer valid and diversity loss due to swarm convergence. Diversity
loss occurs when the swarm converges to an optimum [21]. To arrest premature convergence, swarms are
allowed to re-diversify as the environment changes. This enables the algorithm to simultaneously
consider the relevance of both diversity and accuracy of experts in the ensemble by constructing an
ensemble learning approach based on the accuracy and diversity objective function thereby producing a
good balance between performance and e�ciency.

4.1 Adaptive PSO
To introduce heterogeneity, the Adaptive Heterogeneous Particle Swarm Optimization XGBoost selects
random behaviors for particles from a pool of behaviors. The personal best of the position of all particles
is monitored in order to detect stagnation. If a particle’s personal best position re�ects no changes for a
number of consecutive iterations, the assumption is that it has stagnated and is forced to randomly
select a new behavior from the behavior pool. Each behavior is composed of a pair that consists of a
position update and a velocity update. For this purpose of this study, we populate the behavior pool with
the following �ve behaviors:
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Standard PSO particle velocity and position update behavior.

The particle updates its velocity and position using Eqs. (1) and (2). The value of the cognitive
acceleration constant c1 is set to 3 and decreases linearly to 0.5 the entire search process. The social
acceleration constant c2 is initially set to 0.5 and increases linearly to 2.5 during the entire search
process. This behavior facilitates exploration near the start of the search process and exploitation
towards the end of the search process as the iterations numbers increase.

Social PSO Behavior

The social component is removed by the cognitive-only velocity update from Eq. (1). This makes the
particle to be only attracted to the global best position. For position updates, Eq. (2) will still be used. The
value the social acceleration constant is initially set to a constant value of 2.3. This behavior promotes
exploitation since all particles tend to follow this behavior at speci�ed time steps thereby becoming
effectively a stochastic hill-climber.

Cognitive PSO Behavior

The social component from Eq. (1) is removed by the cognitive-only velocity and a particle is only
attracted to its own personal best position. For position updates, Eq. (2) continues to be used. A constant
value of 2.5 is assigned to the cognitive acceleration constantc1. This behavior facilitates exploration
throughout the search process as all particles that assume this behavior become independent hill-
climbers.

Bare bones PSO behavior

This Bare bones PSO behavior was formulated by Kennedy [22]. The behavior replaces the velocity
update equation with a novel Gaussian distribution such that:

vij (𝑡 +1) ~ 𝑁
yij+yj ( t )

2 , σ2  (3)

The variance σ2 = |yi , j(𝑡)- yj(𝑡)| (4)

The equation of the position update is altered and becomes:

xi (𝑡 + 1) = vi(𝑡 + 1) (5)

The velocity is now the particle’s new position and is not added to the particle’s current position. This
behavior facilitates exploitation of the particle’s midway point and the global best position. The particle’s
personal best positions are scattered throughout the entire search space allowing the behavior to
promote exploration.

( )
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Modi�ed Bare bones behavior

Kennedy [22] suggested a modi�cation of the bare bones PSO and Eq. (3) was changed to:

vij (𝑡+1) = ϕotherwiseyij ( t ) if ∪ ( 0,1) <0.5  (6) where ϕ ~ 𝑁 
yij ( t ) +yj ( t )

2 σ2  (7)

Most of the time, particles focus on their personal best positions enabling the behavior to associate itself
with better initial exploration and better exploitation compared to the �rst version of the bare bones.

4.2 AHPSO-XGBoost Credit Scoring Model
The credit score model proposed employs XGBoost algorithm optimized by the Adaptive Heterogeneous
Particle swarm Optimizer. To enhance the diversity of particles and help particles jump out of a local
optimum, we use the idea of a heterogeneous particle swarm optimizer. Since hyperparameters control
the complexity or regularization to re�ne the model, AHPSO-XGBoost allocates particles in a swarm
different search behaviors by randomly selecting velocity and position update rules from a behavior pool
to increase diversity. Although both accuracy and diversity of base learners are critical factors for
constructing ensemble models, most existing models consider only one aspect and ignore the tradeoff
between them [23]. For performance and e�ciency of the learning algorithm, our proposed algorithm
takes into account simultaneously the accuracy and diversity objective function. In credit scoring, more
training data does not guarantee that the generalization performance of the learning model will improve
when using traditional batch learning classi�ers. More data may lead classi�ers to over �t and the data
from different months and years may exhibit drifting characteristics, requiring the application of
incremental learning to obtain discriminative rates that are accurate.

4.3 Data Preprocessing
Data standardization is performed on the dataset as features normalization tend to make learning
models to be more accurate and persuasive. The volume of features in the dataset often leads to
over�tting for most machine learning algorithms. If the distance between variables of large-scale features
and small-scale features is too large when features of different orders are computed, the result may lead
to deviation in the process of training the model, resulting in poor generalization performance of the
model, thereby falling short of the expected standard. A number of standardization methods exist and
depending on the types variables, they are split into continuous variable standardization and discrete
variable standardization. Two commonly used standardization methods for continuous variable
normalization are the Min-max normalization and z-score normalization. Due to the inherent continuous
characteristics of credit score datasets and their drifting features, this paper uses the min—max
standardization. In the min—max standardization, the description of the training set is provided as 𝐷 =
{𝑋,} where 𝑋 = {x1, x2,…, xm} representing the target value. If 𝑌 = 0, it is an indication of poor application
whereas 𝑌 = 1 is an indication of good application. The objective of the min-max standardization is to
indicate a minimum and maximum interval, map features to a given interval or convert the absolute value

{ } ( )
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of each feature to a unit size [26]. The values in the datasets are normalized. Given a feature labeled 𝑥, its
target value is calculated using a 0–1 scaling. Given a value 𝑥 of any attribute, the normalization or
scaling is performed as follows:

x' = 
x−min( x)

max( x) −min( x) ' , (8)

,where min(𝑥) represents the minimum values of the attribute and max(𝑥) represents the maximum value
of the attribute and the standard value is expressed by x'. Credit data variables may drift over time and is
associated with missing values. The sparsity segmentation algorithm available in the XGBoost algorithm
learns and approximates missing values and works well in modeling missing values when compared to
traditional approaches for approximating missing values. The in�uence of outliers and noise in the credit
data is smoothened using centralization and extreme values can be handled by centralization. To adapt
to drifting variables, we adopt the incremental learning approach to detect and adapt to changes in the
credit data distribution. To build the XGBoost model, feature selection chooses relevant features and
discards irrelevant features. The feature selection helps to eliminate the curse of data dimensionality,
enhance operational e�ciency, simplify the process of learning and signi�cantly reduce computational
complexity. Features that make the learning task easy are selected by the model as they are favorable.
The gain attribute is one of the measures of feature importance offered by XGBoost that is exploited in
the feature selection process performed in this work. XGBoost adopts the stochastic fractal search (SFS)
algorithm according to the rank of the importance of the features and adds features into the dataset to
form subsets one by one [3]. Considering the existing default parameters of XGBoost, only the subset that
reduces the logistical loss is chosen as the subset of features.

4.4 Training the Credit Score Model
The credit scoring problem is addressed using data stream mining approach as is associated with class
imbalance and feature selection. In credit score datasets, the ratio between creditworthy and non-
creditworthy customers is imbalanced due to variations in ratios of arriving instances [27]. The credit
score data is imbalanced, that is, the number of non-defaults is far more than the number of defaults. For
the prediction results not to be compromised, data imbalance has to be addressed. Due to the imbalance
of the majority and minority class samples in most credit score datasets, the misclassi�cation of some
samples may occur, thereby affecting the model generalization performance. This paper uses the
Synthetic Minority Oversampling technique (SMOTE) [28] as an augmentation to the features available in
XGBoost to handle imbalanced data by �rstly separating the defaults and the non-defaults in the training
data. The Synthetic Minority Oversampling technique uses the k-nearest neighbor to produce new
instances based on the distance between the minority data and some randomly selected nearest
neighbor. The balanced data is then used for training the model constructed with the XGBoost classi�er.
SMOTE is applied to increase the minority class samples, thus further enhancing the robustness of the
model. The test data is fed into the model with the same sampling ratios. The hyperparameters such as
maximum tree depth, subsample ratio, column subsample ratio, minimum child weight, maximum delta
step and gama delta in the XGBoost are the optimization targets. The position of each particle in the
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search space is initialized. The behavior pool is populated with pairs of position and velocity from the �ve
behavior models. Different pairs of position and velocity of the particles from the behavior pool are used
are used to update the position of the particles’ to avoid premature convergence and improve particle
diversity. The �tness function of the particles is de�ned as the loss function on the credit score dataset.
Credit scoring is a binary classi�cation problem. The labels of the positive and negative samples of the
credit data can be categorized as + 1/-1. The derivation of the logistic loss function can then be
formulated as:

Llogistic = log(1+exp(-yp)) (9)

The value of p represents prediction and y represents the actual value. If termination condition is reached,
optimized values are obtained.

The description of the algorithm is as follows:

1. Partition the data into training and testing sets. Initizlize the adaptative heterogeneous PSO
2. Use Eq. (9), the logistic loss function, to calculate the �tness value of each particle. The XGBoost

model is constructed with the obtained hyper-parameters derived by the best particle currently
determined.

3. Use the behavior pool to update the position and velocity of the particles ascertained by the �tness
values of the global optimal particles pbest and the local optimal particle gbest.

4. Update the position and velocity of the particles using the behavior pool.
5. Ascertain the termination criterion. Output the optimal values of the hyperparameters after the

number of iterations 𝑛.
�. Build the XGBoost model using the optimal hyperparameters obtained.

The pseudocode starts with the initialization of the AHPSO-XGBoost algorithm and the position and
velocity of the particles are initialized in the search space. Subsequently, the behavior pool is populated
with pairs of position and velocity. Particles in a swarm assume different search behaviors by randomly
selecting velocity and position update rules from a behavior pool. In all the experiments conducted, the
behavior pool was populated with the same �ve behaviors used in [30]. Stagnation is detected by
monitoring the personal best position of all particles. If a particle’s personal best position does not
change for a determined number of consecutive iterations, the assumption is that the particle has
stagnated and is forced to randomly select a new behavior from the behavior pool. The current optimal
values are used to determine the hyperparameters of the model. During the modeling process, the gain of
each node is computed and the node with the highest score is split to generate a tree. When the modeling
process is complete, the �tness value (loss function) is calculated and the particles are updated using
different search behaviors by randomly selecting velocity and position update rules from a behavior pool.

5 Experimental Setup
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The experiments were conducted using scikit learn, an important library for machine learning in Python
for classi�cation tasks. XGBoost is an open-source Python library that provides a gradient boosting
framework. Gradient boosting is a machine learning approach used for classi�cation, regression and
clustering problems. XGBoost ensembles weak learners to create a strong learner. Models are introduced
sequentially into the ensemble. The introduction of the next models sequentially enables the weak
models’ errors to be corrected thereby achieving an optimized solution.

5.1 Data Description
To validate the e�cacy and generalization performance of our proposed model, we used four datasets
that exhibit different imbalance ratios. We employ two commonly used credit scoring datasets and two
real world datasets.

The Australian and German datasets are the most frequently used datasets for credit scoring by most
researchers in related literature which allows us to perform a comparative study with previously
conducted research in credit scoring. The datasets are freely available on the UCI Machine Learning
Repository [31]. The Australian dataset consists of 690 instances of which 307 are fully paid and 383 are
defaults. The Australian dataset is composed of eight numerical and six categorical features. The
German dataset consists of 1000 instances with 700 samples indicating fully paid and 300 representing
defaulters. The German dataset also consists of 13 categorical features and 7 numerical features. From
the two datasets, the most frequently used �nancial and non�nancial indicators or variables are selected.

The robustness of the Adaptive XGBoost is further examined using two real world Peer to Peer (P2P)
credit scoring datasets to validate the suitability of the Adaptive XGBoost approach for real world
problems since credit scoring is an ephemeral scenario since many of the variables may drift over time.
This makes Adaptive XGBoost to be tailored for incremental learning environments and to detect and
adapt to changes in the underlying data distribution.

The �rst real world dataset is the RRDai data sourced from a Chinese Internet �nance enterprise called
RenRenDai that consists of loan data for the year 2017. The dataset is publicly available on
https://www.renrendai.com. The dataset was sourced via a web crawler. Most instances of the RRDai
dataset represent the outstanding loan instances. The classi�cation task is to ascertain whether a client
defaults in his or her obligation to pay off the monthly repayment amount. The attributes related to the
RRDai dataset include loan amount P, annualized yield rate apr, repayment period T, remaining repayment
period Tr and actual outstanding amountLu. Two repayment options exist and they are the average
capital plus interest approach and the debt servicing approach.

The monthly repayment of loan for average capital plus interest method is expressed as:
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Le = P*

apr
12 ∗ 1+

apr
12 T

1+
apr
12 T −1

 (10)

The gross interest for the debt servicing approach is calculated as:

Rt = P*
apr
12  * T (11)

The second real world dataset is called the LendingClubLoan data and is sourced from a Peer to Peer
(P2P) lending company called LendingClub. The dataset is used to match borrowers with investors
online. The dataset is available in Kaggle under the website https://www.kaggle.com/wendykan/lending-
club-loan-data. The dataset consists of complete loan data from the year 2007 to 2015 and includes the
current loan status and recent information regarding payments.

Credit scoring input variables of the datasets were split into the following subsets [33]: applicant
assessment (grade,subgrade), loan characteristics (loan purpose and amount), applicant characteristics
(annual income, housing situation), credit history length, delinquency) and applicant indebtness(loan
amount to annual income, annual installment to income).

The imbalanced datasets are processed using the Synthetic Minority Technique (SMOTE). Previously
proposed approaches for credit risk assessment models for �nancial institutions use imbalanced data
whereby the number of non-default cases is usually much higher than the default cases. If the class
imbalance problem is not taken into account and we use all data to build a classi�cation model, a model
that has high accuracy for the determination of non-defaults but extremely low accuracy for defaults is
obtained. This study uses SMOTE to balance the number of cases from both defaults and non-defaults
to minimize the effects of class imbalance problem on modeling. After identifying relevant variables,
outliers and missing values are then solved. A random sampling of the data of 80% for the construction
of a credit scoring model is performed. The remainder of 20% of the data is then used for back testing of
the discriminating power of the completed model.

Table 2
Formulation of Credit Score data

Dataset Instances Features Training Set Test set Good/bad

German 1000 24 800 200 700/300

Australia 690 14 552 138 307/383

RRDai Ren 1421 17 1137 284 1072/349

LendingClubLoan 2642 11 2114 528 1322/1320

5.2 Evaluation Measures

( )
( )
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In credit scoring, the average accuracy is the commonly used performance metric and shows the overall
generalization performance of the learning model. To better explore the suitability of the model to
distinguish between nondefault applications and default applications and to accurately get a reliable and
robust conclusion, we employ six evaluation metrics to empirically evaluate the prediction performance
of our proposed approach. The six performance metrics are the accuracy (ACC), Brier score (BS), Area
under the Rock Curve (AUC), the F1 score, and the type 1 and type11 errors of the confusion matrix to
accurately distinguish between nondefault applications and default applications. The two types of errors
are used to evaluate the models the models to predict their performance in much more detail. A type 1
error occurs when a default loan application is being wrongly classi�ed as a nondefault loan application.
Conversely, a type 11 error occurs when a nondefault is misclassi�ed as default. In a confusion matrix,
TP and TN represent the numbers of correctly classi�ed good borrowers and bad borrowers respectively.
The two variables, FP and FN represent the numbers of misclassi�ed loan applications.

The performance metrics can be represented as follows:

The average accuracy (ACC)= 
TP +TN

TP +FP +TN+FN  (12)

The type 1 errors: 
FP

TN+FP  (13)

The type 11 errors: 
FN

TN+FP  (14)

The Brier score is a performance metric used to measure the accuracy of the predicted probability and the
calibration of the prediction performance. The Brier score is within the interval 0 to 1 and the value of the
interval represents probabilistic predictions from perfect to poor. A lower Brier score re�ects better
predictions.

The Brier score can be expressed as:

BS = 
1
N ∑N

i=1(pi − yi)2 (15)

, where N is the number of samples andpi

and yi denote the probability prediction and the true label respectively of sample i.

The F1-score considers both precision and recall of classi�cation models. It is the harmonic average of
precision and recall and ranges within the interval of 0 to 1. F1 ca be expressed as:

F1 = 2.
precision. recall
precision+recall  (16)

, where precision is the proportion of positive samples in positive cases and is de�ned as:
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Precision = 
FP

TN+FP  (17)

Recall is expressed as the proportion of predicted positive cases in the total positive cases and is
expressed as

Recall = 
TP

TP +FN  (18)

The Area Under the Roc Curve (AUC) performs a global assessment by computing the area under the
Receiver Operating Characteristics Curve (ROC) according to the predicted scores which is plotted against
the True Positive Rate (TPR) and False positive Rate (FPR).

5.3 Experimental Results
The prediction performance of the AHPSO-XGBoost is compared with nine other ensemble learning
approaches. The prediction results of benchmark ensemble models across the four datasets and
evaluation metrics are presented as baseline of our proposed method. Ten ensemble approaches namely
AdaBoost, AdaBoost-NN, Bagging Decision Tree, Bagging NN, Random Forest, Decision Tree, Logistic
Regression, Leveraging Bagging, Adaptive Random Forest and AHPSO-XGBoost are validated across the
datasets as baselines for the learning process.
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Table 3
Performance of benchmark models across datasets

Dataset Classi�er ACC F1 AUC BS TYPE
1

TYPE
11

Australia AdaBoost 72.43 53.65 62.05 0.2268 56.49 12.65

  AdaBoost-NN 71.85 43.85 58.85 0.1678 53.66 16.46

  Bagging-DT 73.57 56.43 67.35 0.2465 50.42 13.68

  Bagging-NN 70.58 59.35 63.48 0.1874 65.48 10.48

  Random Forest 71.35 61.67 61.35 0.2247 56.34 11.56

  Decision Tree 74.45 54.32 59.85 0.1778 62.23 14.28

  Logistic Regression 72.85 62.28 60.59 0.1764 58.45 15.09

  Leverage Bagging 74.33 57.76 55.79 0.1743 63.54 17.36

  Adaptive Random
Forest

72.85 54.34 61.75 0.1659 54.35 11.49

  AHPSO-XGBoost 75.43 72.48 70.48 0.1604 53.05 10.43

German AdaBoost 66.34 58.58 63.46 0.2213 62.53 12.87

  AdaBoost-NN 69.34 62.87 67.82 0.2174 61.27 13.48

  Bagging DT 73.47 59.42 63.28 0.1783 59.74 15.85

  Bagging-NN 68.76 64.37 59.86 0.1674 56.46 11.78

  Random Forest 71.26 69.72 60.47 0.2034 60.74 12.35

  Decision Tree 74.64 67.48 58.73 0.2167 58.79 14.56

  Logistic Regression 72,58 65.39 65.48 0.1784 64.72 16.86

  Leverage Bagging 74.78 70.84 69.87 0.1674 68.43 11.38

  Adaptive Random
Forest

68.85 69.87 64.89 0.1689 64.58 12.69

  AHPSO-XGBoost 76.83 73.74 71.84 0.1567 69.79 11.21

RRDai AdaBoost 74.47 59.47 72.38 0.2217 0.1874 14.23

  AdaBoost-NN 69.83 61.35 69.85 0.2145 0.2167 16.78

  Bagging-DT 71.68 58.67 64.58 0.1673 0.2214 13.29

  Bagging-NN 68.73 63.48 62.87 0.1784 0.1894 15.63

  Random Forest 70.39 60.79 67.89 0.2242 0.1787 12.84
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Dataset Classi�er ACC F1 AUC BS TYPE
1

TYPE
11

  Decision Tree 66.58 57.45 68.89 0.1783 0.2231 17.62

  Logistic Regression 68.38 70.34 70.38 0.1687 0.1875 12.31

  Leveraging Bagging 72.68 72.84 73.49 0.1602 0.2262 11.87

  Adaptive Random
Forest

74.86 76.58 71.29 0.1687 0.1876 13.56

  AHPSO-XGBoost 72.35 70.35 74.67 0.1583 0.1671 11.05

LendingClubLoan AdaBoost 69.47 66.89 71.86 0.1873 0.2217 16.81

  AdaBoost-NN 65.67 63.47 68.47 0.2241 0.1764 13.48

  Bagging-DT 63.28 59.83 66.89 0.1784 0.2137 12.75

  Bagging-NN 66.87 68.42 63.12 0.1843 0.1785 14.39

  Random Forest 69.84 71.89 67.84 0.1798 0.2236 13.89

  Decision Tree 67.38 69.84 69.54 0.2345 0.1706 12.34

  Logistic Regression 70.83 71.73 73.42 0.1865 0.1689 13.26

  Leveraging Bagging 73.48 74.86 74.89 0.1721 0.1654 12.19

  Adaptive Random
Forest

71.89 72.49 72.36 0.1672 0.1702 11.87

  AHPSO-XGBoost 77.58 76.69 74.85 0.1612 0.1603 10.89

Table 3 shows the prediction performances of benchmark models using different indicators. Table 4
provides a summary of the results of XGBoost models that were optimized using different optimization
algorithms. The AHPSO-XGBoost optimized using AHPSO achieved the best performance on the four
credit datasets. For the Australia dataset, AHPSO-XGBoost achieved the highest accuracy and lowest type
1 error rate. A lower type 1 error is an indication that the model avoids misinterpreting a poor credit
application with a higher probability of good credit. AHPSO-XGBoost has the lowest Brier score when
compared to XGBoost-RS and XGBoost-TPE. The F1 score of AHPSO-XGBoost is the best among all the
XGBoost optimized algorithms due the appropriate settings of AHPSO. The success is hugely attributed
to the hyperparameter of XGBoost Maximum Delta step which resists the problem of imbalanced data to
a certain extent. On the German dataset, AHPSO-XGBoost algorithm obtained the best prediction
accuracy with a score of 75.43%, which is 4% higher than the default XGBoost model. The model
achieves promising results for Type 11 error and Brier score. The F1 score obtained is quite promising
and is a demonstration of the fact that the model can adequately learn the unbalanced data.
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For the RRDai dataset, AHPSO-XGBoost obtains the best prediction performance when compared to other
optimized credit scoring models for all indicators, a sign that the hyperparameters settings are more
reasonable when compared to other model settings.

In the LendingClubLoan dataset, AHPSO-XGBoost performed well as shown by all indicators. The default
non-optimized model Type 11 error is lower than the AHPSO-XGBoost Type 11 error due to the
unbalanced data that has more labels associated with good credit. Parameter settings need to be
improved to learn the imbalance accurately. AHPSO-XGBoost achieves the best ability of probability
prediction as it achieves the highest Brier score.

On average, AHPSO-XGBoost achieves a better prediction as compared to other models. The results
obtained indicate that AHPSO has the capacity to promote the alignment of the XGBoost algorithm with
the characteristics of the credit data. In terms of prediction performance, the AHPSO-XGBoost algorithm
performs better than PSO-XGBoost model due to the fact that AHPSO avoids premature convergence of
the particle swarm and enables particles to obtain hyperparameters that render the algorithm to be more
accurate.
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Table 4
Results of the performances of XGBoost with various optimization methods on credit data

Dataset Classi�er ACC F1 AUC BS TYPE 1 TYPE 11

Australia XGBoost 71.29 71.85 69.45 0.2016 63.37 13.59

  XGBoost-GS 68.83 69.59 66.84 0.1724 67.59 14.53

  XGBoost-RS 70.69 66.79 63.49 0.1836 61.47 12.68

  XGBoost TPE 72.53 68.74 68.86 0.1649 59.89 15.04

  PSO-XGBoost 73.48 70.28 67.57 0.1631 60.81 12.37

  AHPSO-XGBoost 75.62 73.89 70.74 0.1514 58.84 11.19

German XGBoost 71.45 68.52 72.86 0.1784 66.89 16.59

  XGBoost-GS 68.56 71.49 70.49 0.2205 71.64 12.47

  XGBoost-RS 71.53 69.78 73.53 0.1687 69.42 14.65

  XGBoost TPE 69.59 70.89 71.63 0.1734 70.83 13.84

  PSO-XGBoost 70.37 72.18 74.76 0.1689 72.18 11.87

  AHPSO-XGBoost 73.54 74.87 76.89 0.1582 74.27 11.16

RRDai XGBoost 74.64 69.73 71.43 0.1708 70.67 12.74

  XGBoost- GS 70.85 71.47 68.57 0.1636 69.42 13.56

  XGBoost-RS 72.58 70.83 69.43 0.2134 71.54 11.87

  XGBoost TPE 71.87 72.82 70.82 0.1672 68.71 12.25

  PSO-XGBoost 69.43 73.49 72.69 0.1587 73.47 11.34

  AHPSO-XGBoost 76.49 75.58 73.45 0.1503 74.38 10.46

LendingClubLoan XGBoost 71.42 70.41 69.79 0.1504 59.87 13.27

  XGBoost-GS 73.19 69.86 72.69 0.1484 49.76 11.54

  XGBoost- RS 70.42 72.58 70.83 0.1253 53.28 12.47

  XGBoost TPE 72.39 71.39 71.59 0.1386 48.93 14.42

  PSO-XGBoost 73.87 74.83 73.82 0.1164 52.63 11.35

  AHPSO-XGBoost 76.87 75.78 74.89 0.1056 49.89 11.21

5.4 Kolmogorov-Smirnov Evaluation metric
The evaluation of the generalization performance of machine learning algorithms tailored for credit
scoring requires evaluation metrics capable of highlighting how well creditworthy and non-creditworthy
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customers are distinguished and ascertaining whether the learning model as changed or not. In credit
scoring, the availability of more data does not guarantee that more training data will improve the
generalization performance of the learning model when using traditional batch learning classi�ers. More
data may lead classi�ers to over�t and the data may exhibit drifting characteristics. To carry out an
evaluation of the capability of a machine learning model to accurately discriminate customers that will
pay their debts in full or not and to evaluate whether the variables have drifted or not, we implement the
Kolmogorov-Smirnov (KS) metric [34]. The population scores may exhibit concept drift [35] as population
scores may evolve over time and some populations may remain stable. To evaluate whether the
population scores have changed or not, the Population Stability Index (PSI) is adopted [36]. If the
population Stability Index (PSI) evolves over time, it is an indication of the degradation of the prediction
model and a sign that the population scores are changing a new prediction model needs to be built. The
Kolmogorov-Smirnov (KS) statistic indicates the maximum distance between the cumulative probability
distribution function (cdfs) obtained by customers that pay their debts in full and those who default [34].
Without loss of generality, if the number of customers to be scored is (𝑛+𝑚), the probability that the 𝑖th
customer will default is denoted as Di = 1 and Di=0 otherwise. The empirical cumulative distribution
functions (cdf) of good and bad customers are expressed using Eqs. 1 and 2 respectively and 𝑛 denotes
the total number of good customers and 𝑚 represents the number of good customers, L=minsi 1 ≤ i ≤
(𝑛+𝑚) is the lower bounds of all the scores available and H= maxsi1<i<(𝑛+𝑚) is the upper bound.

Fgood( a )  =
1
n ∑ n

i=1 0otherwise1ifs i≤aandDi=1witha ∈ [L, H]

(19)

Fbad( a ) =
1
m

m

∑
i=1

ootherwise1ifs i<aandDi=0witha ∈ [L, H]

(20)

The Kolmogorov-Smirnov metric is given Eq. (21) and it expresses highest difference that exists between
the cdfs that provides the description between the good and the bad customers.

KS= maxa ∈ [L,H] |Fbad(a)-Fgood(a)| (21)

If the value of the KS statistic is zero, it’s a sign that the two credit score distributions are the same and is
an indication that the credit score cannot distinguish between defaulters and nondefaulters. If the KS
value equals to 100, it is an indication that the credit score accurately distinguishes defaulters from
nondefaulters. A KS score greater than 35% indicates a substantial discriminative power of the prediction
model to distinguish te different types of customers. The Population Stability (PSI) shows the changes
that happen in the population distribution of loan applicants. PSI reveals changes that occur in the
environment that needs to be analyzed further by bank experts to determine whether any macroeconomic
conditions or lending policies are affecting the model outcomes [36]. To get the PSI score, we compute

{
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the probability distribution function (pdf) of the defaulting customers in two different time periods. Firstly,
the pdfs of these distributions are calculated using a speci�c number of ranges so that each range has
approximately the same number of defaulting customers. The variables ni and mi are counters of
defaulting customers in the two samples at the ith bin and that ∑ ni = 𝑁 and ∑ mi = 𝑀. Given these
counters, the PSI can be computed as:

PSI= ∑r
i=1[(

ni
N −

mi
M ) x(ln

ni
N  - ln

mi
M )] (22)

If PSI rates are below 10%, it is an indication that the population is quite stable and that the learning
model is not unacceptably volatile.

5.5 AHPSO-XGBoost performance using the Kolmogorov-
Smirnov metric
The use of batch learning to assess the prediction performance of AHPSO-XGBoost does not provide a
proper indication of whether variables will drift over time. To evaluate the effectiveness of AHPSO-
XGBoost on both static and dynamic domains for it to properly distinguish creditworthy and
noncreditworthy customers in environments where the customer variables may drift or evolve with time,
we use the two read world datasets, RRDai and the LendingClubLoan. The traditional credit scoring
datasets used in the literature are too small in terms of features and instances available and unclear with
regard to what each feature stands for. For the two real world datasets, the target is an indication of
whether customers paid their debt in full or defaulted in the month being analyzed. The learning
algorithms used to perform a comparative study analysis have different hyperparameters that may
impact the generalization performance of the prediction models to be learned. For AHPSO-XGboost, the
hyperparameters are optimized by the PSO algorithm and the rest of the algorithms are optimized using a
grid search with ten fold cross-validation with the goal of maximizing the KS rates in the test data. To
learn incrementally, the data stream learning algorithms are tuned so that the KS rates during the testing
phase are optimized. To validate the prediction performance of AHPSO-XGBoost against other
incremental learning algorithms, we adjusted the Holdout validation scheme together with the Test and
Train approach since holdout validation alone is not tailored for streaming scenarios where data is
streaming and often collected over an extended period of time. In the holdout validation scheme, the
available data is split into a speci�c number of months for training and the residue is used for testing.
The objective is to test if the created predictive model, AHPSO-XGBoost, KS and PSI generalize well to
unseen instances or changing populations or not over time. In the event that the nature of the datais
indeed ephemeral, the expectation is that both AHPSO-XGBoost and KS rates are to drop over time after
the model is learned and if PSI rates would increase. In the event that AHPSO-XGboost, KS and PSI rates
remain the same, incremental learning would not be implemented. To properly perform an informed
analysis, different training and testing ratios of months are used. Different proportions of the dataset are
tested in order to evaluate the impact of different volumes of data and to �nd out if the behavior of loan
applications evolve or change over time. If the variables affecting loan applications are drifting, then a
batch model would erroneously score the loan applications resulting in lower KS and AHPSO-XGBoost
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rates and will generate a higher PSI. The monthly- test then train validation scheme uses each month to
train just after the evaluation process. The objective is to make a comparison of the results generated by
a learner that is constantly being updated with new data against a learning model that was learned to a
predetermined point and the evaluation was performed later. The comparison of the results of the two
different models enables us to determine whether the process of continuously updating the predictive
learning models signi�cantly improves the AHPSO-XGBoost and KS results without compromising the
PSI rates.

5.6 Analysis of the results
Figure 1 shows the KS rates for the RRDai dataset. All the algorithms are learning incrementally and to
evaluate their behavior, we use the KS rates

From the experiments conducted on the RRDai dataset, there is a positive trend as the KS rates grow over
time for all the stream learning algorithms, an indication that the classi�ers are capable of discerning
between creditworthy and non-creditworthy customers although more training and testing data continues
to arrive. The Friedman test [37] was used to compare the ranking performance of all the ten stream
learning algorithms. The Friedman test is a nonparametric test that ranks the classi�ers separately. The
Friedman test revealed that there is no signi�cant statistical differences that exist among the ten
methods and the PSI rates of all the classi�ers are low.

Figure 2 shows the PS rates obtained from the RRDai dataset. The PS rates are �uctuating over time, an
indication that the variables are drifting and the prediction model has degraded and the population itself
is changing and a new learning model needs to be built.

Figure 3 shows the KS rates on the LendingClubLoan dataset. All the data stream learning algorithms
were able to learn a consistent prediction model capable of discerning between creditworthy and non-
creditworthy customers.

The KS results obtained indicate that the availability of more data generated higher KS rates. The
Friedman test applied indicate that there is no statistical differences between the KS rates observed and
this is highly attributed to the face that the dataset is quite stable.

The PS rates for the LendingClubLoan are shown below. The population continues to change as in the
RRDai dataset even though the dataset shows sign of stability. The PS rates continue to �uctuate and the
model needs to be updated continuously.

5.6 Statistical Tests of Signi�cance
To conclude the empirical experiments conducted, we perform a complete performance evaluation by
implementing some hypothesis testing to evaluate if the experimental differences in the performances
are statistically signi�cant. To accomplish this, the Friedman test [37], is used to perform the comparison
of the performance rankings of all the algorithms. The Friedman test is a nonparametric test and ranks
the classi�ers separately. The null hypothesis of the Friedman test states that all classi�ers under
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consideration perform identically and all differences are only random �uctuations. In the event that the
null hypothesis of the Friedman test is rejected, then a post hoc test is conducted to �nd the particular
pairwise comparison that generates signi�cant differences. The post hoc test used in the signi�cance
test evaluation is the Nemenyi test [38]. In the Nemenyi test, the prediction performances of two learning
algorithms is considered to be signi�cantly different if their average ranks differ by at least the Critical
Difference (CD). The Critical Difference (CD) is expressed as

CD = qa
k ( k +1)

6n , and qa represents the critical value of the Tukey distribution and the variable 𝑘

represents the number of machine learning prediction models that are to be compared and 𝑛 stands for
the number of datasets.

Table 5 shows the average rank of each model on each dataset.

Table 5
The average rank of each model on each dataset

Classi�er Australia German RRDai LendingClubLoan Average Rank

AdaBoost 2.25 3.45 3.42 2.85 2.99

AdaBoost-NN 3.14 2.78 3.78 4.00 3.43

Bagging DT 2.84 3.46 2.96 3.86 3.28

Bagging NN 1.94 3.58 2.86 4.68 3.27

Random Forest 1.86 2.74 3.48 3.94 3,01

Logistic Regression 2.72 3.82 2.98 3.84 3.34

Decision Tree 3.24 2.54 1.86 4.35 4.00

Leverage Bagging 1.35 1.89 2.34 2.18 1.94

Adaptive-Random Forest 1.48 2.34 2.00 2.54 2.09

AHPSO-XGBoost 1.00 1.35 2.26 2.45 1.77

The proposed AHPSO-XGBoost prediction model performs the best among the ten models with the
average rank of 1.77. AHPSO-XGBoost is slightly better than Leverage Bagging with an average rank of
1.94 and this demonstrates the robustness and effectiveness of our approach in distinguishing between
credit worthy and not creditworthy customers. Figure 5 shows the CD diagram of the results of the
Nemenyi test. The average rankings of all the machine learning models are represented by the horizontal
axis where the difference in average ranks is lower than the CD value, the models are connected by a
black bar.

√
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Figure 5 shows the CD diagram with the results of the Nemenyi test. In the Nemenyi diagram, all the ten
learning model ranks are shown and our proposed approach, AHPSO-XGBoost model is signi�cantly
better than the other nine learning models.

6 Conclusion
Recently, machine learning approaches have been applied in the creation of credit scoring models due
their promising ability to accurately classify customers as credit worthy and not credit worhy. To improve

the accuracy and ability of machine learning in accurately distinguishing between credit worthy and non-
credit worthy customers, we proposed the Adaptive Heterogeneous Particle Swarm Optimized XGBoost
capable of learning in both static and dynamic environments. The hyperparameters of XGBoost are
optimized by randomly selecting selecting the values of the parameters from a behavior pool. This helped
to avoid premature convergence of the swarm. In the �rst experiments conducted, we used batch learning
to evaluate the behavior of our proposed approach and it performed comparatively well. In the second
experiment conducted, we validated our approach against drifting variables and population changes and
thus addressing the credit scoring task as a data stream classi�cation problem. To effectively address
the problem, we used the Kolmogorov-Smirnov metric and the Population Stability Index to check if the
population of customers was changing. The data stream learning approach generated interesting
discriminative rates in all the datasets. In future, we will address the problem of drifting variables and
populations using stream data learning using a combination of different learning algorithms.
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Figure 1

KS(%) rates obtained in RRDai dataset

Figure 2

PS(%) rates obtained on RRDai dataset
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Figure 3

KS(%) rates obtained from the LendingClubLoan dataset

Figure 4
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PS(%) rates obtained on the LendingClubLoan dataset

Figure 5

The CD diagram with the results of the Nemenyi test


