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Customers defaulting on their loans payment present a big risk for credit

providers. Therefore, credit issuers are not inclined to issue financial prod-

ucts or services to retail customers with little or no previous credit history

due to the uncertainty about the customers creditworthiness. This results in

limited access to financial resources and unfavorable terms for accessible

resources. This research focus on improving the predictability of credit-

worthiness of these underserved groups with the help of ensemble models.

Specifically, by applying various methods to handle the imbalance common

in dataset used for credit risk assessment. Furthermore, this research at-

tempts to improve fairness of ML model by limiting the group bias through

the applications of disparate impact remover, a well known bias mitigation

method. In applying three imbalance methods, the class weight was the most

effective at handling class imbalance while still maintaining a reasonable

performance. Additionally, disparate impact remover can have adverse effect

on unprotected bias sensitive features.

Additional Key Words and Phrases: Credit Score, Machine Learning, Ensem-

ble Learning, Credit Risk Assessment, Financial Inclusion

1 INTRODUCTION
The field of credit risk assessment has developed over time from

simple statistical models to more complex machine learning (ML)

models due the increasing amount of data available [Galindo and

Tamayo 2000]. The research on credit risk assessment are related to

different types of risks a lender is exposed to, for example credit risk

assessment, non-performing assets prediction or fraud detection

[Bhatore et al. 2020]. This research will solely focus on credit risk

assessment. The risk assessment can be performed by assigning a

credit score, assessing the probability of loan default or by classifying

groups of lenders into bad and good lenders[Kritzinger and van

Vuuren 2018]. There are already models on the market for credit

risk assessment both using ML and traditional statistical models.

The main source of information used in these models is related

the credit, for example: credit history, outstanding credit and type

of credit owed. This paper tries to assess the risk for short-term

loans when limited credit history is available about a borrower in a

retail setting. The limited availability can have several reason, but is

often the case in developing countries or for poorer customers [The

World Bank 2022]. Although ML models can improve the credit risk

assessment they often lack interpretability [Paleologo et al. 2010].

Therefore, these models are susceptible to contain unnoticed bias

since the answer cannot be verified.

In this research the use of tree-based ensemble models is explored

which suffer from the lack of interpretability. Ensemble methods,

however, are proven to have high predictive powers in credit risk
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assessment [Baesens et al. 2015; Brown and Mues 2012; Peng et al.

2011]. The reason for choosing tree-based ensemble models over

neural networks, which have also shown good results, is that for

the specific problem at hand the tree-based models are likely more

suited. A proof of this suitability is presented by Grinsztajn et al.

[2022] who shows that tree-based models work better on tabular

data compared to neural networks. The reasoning behind this is

tree-based algorithm are not effected by uninformative features

and can better identify irregular patterns. The main predictor of

creditworthiness is credit history, when little credit history about

a person is available the dataset needs to include a lot of weakly

correlated feature (sparse high-dimensional dataset) in order to

make predictions. Therefore, in this case the datasets contains a

lot of uninformative features and require the algorithm to identify

irregular patterns since the correlation of individual predictors is

weak.

There are multiple types of tree-based ensemble models, such as

bagging [Ho 1995, 1998; Paleologo et al. 2010] and boosting [Chen

and Guestrin 2016; Ke et al. 2017; Prokhorenkova et al. 2017]. In

this paper both types of tree-based ensemble models are explored in

predictive frameworks that aim to design an assessment tool that is

robust for imbalance datasets. Thus, the main research question is:

How can the credit risk related to retail customers with little to no
previous credit history be accurately assessed with a ML model while
mitigating group bias?

The following subquestions have been derived to help answer the

main research question:

(1) How can the imbalance in the dataset be handled for a retail

customer’s ability to pay back loans when little credit history

is available?

(2) How can group bias be mitigated for ML models predicting

credit risk using datasets including additional information

next to credit history?

The 1st sub-research question revolves around handling imbalance

in ML. The methods used to answer this question will focus on

classify the minority class correctly, as this is often the class of

interest. This research compares multiple method to correct for

the imbalance in the dataset, namely oversampling the minority

class, undersampling the majority class and applying class weight

in loss function of the ML model. Additionally, the 2nd sub-research

question is about finding ways to mitigate bias when the model

lacks interpretability. A naive approach would be to drop sensitive

feature. This approach does not always get rid of the underlying bias,

since the sensitive features can be correlated with other features.

Therefore, this researchwill also experiment with applying disparate

impact remover, a preprocessing technique, to the dataset.

The paper will be structured by first exploring related work in

section 2. Secondly, the classification algorithms and disparate im-

pact remover used in this research will be explained in the method
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section 3. Third, the experimental set-up will be described in sec-

tion 4. Fourth, the results of the experiment in section 5. Last, the

sections 6 and 7 will be the discussion and conclusion.

2 RELATED WORK
This section is divided into three parts. The first part reviews the

literature on approaches to common problems in credit risk datasets,

namely class imbalance, outliers, missing data and data sparsity.

The second part reviews common ML models used for credit risk

assessment. Lastly, the third part reviews possible ways to mitigate

group bias in the ML development.

2.1 Common problems for credit risk datasets
Common problems for credit risk datasets are class imbalance, out-

liers, missing data and sparsity of the data. Consequently, solutions

to these problems have been proposed in the literature [Blagus and

Lusa 2013; Branco et al. 2015; Haixiang et al. 2017; Ishaq et al. 2021;

Melo Junior et al. 2020]. The proposed solutions range from apply-

ing different data transformation to adapting the ML algorithms.

Therefore, it is important to note that a solution can be applied in

different phases of the ML development and deployment.

2.1.1 Imbalance. Class imbalance is a problem encountered in a lot

of domains. Standard estimators such as logistic regression (logR),

support vector machine (SVM) and Decision Tree (DT) tend to

provide sub-optimal classification results when applied to imbal-

anced datasets [Haixiang et al. 2017]. In other words, when applied

to imbalanced datasets these models will provide a good cover-

age of the majority class while the minority class, which is the

class of interest, is misclassified. This problem is prevalent in credit

score datasets [Melo Junior et al. 2020]. Branco et al. [2015] sug-

gest several strategies for handling imbalanced datasets, namely

data pre-processing, special-purpose learning methods, prediction

post-processing and hybrid methods. In this study, the approach of

oversampling techniques Synthetic Minority Over-Sampling Tech-

nique (SMOTE) [Chawla et al. 2002], which falls into the data pre-

processing strategy for handling imbalanced datasets, is chosen for

it has been shown to be effective on credit scoring datasets[Crone

and Finlay 2012; Marqués et al. 2013]. The original paper of SMOTE

also suggest it be used in combination with an undersampling tech-

nique. Furthermore, it was tested out on 100-500% of the minority

class size. As an alternative to handling imbalance in the data pre-

processing stage is during the model training. In this paper applying

class weight which influences the value of the loss function during

the training of ML model is chosen.

López et al. [2013] also remarks that the reasons for the signifi-

cant loss of performance caused by the imbalance can be different

based on the data characteristics. Additionally, it is also shown that

different approaches of combatting imbalance are better depend-

ing on the model used. For example, for classifiers like C4.5 and

kNN the use of an ensemble of learners been proven to be effective.

Lopez et al. suggests that boosting helps in the case there are a lot

of small disjuncts. In contrast, for SVM SMOTE has been effective.

Furthermore, SMOTE does not always improve the performance

of a an algorithm especially on high-dimensional data, but it has

been shown to do particularly well with DT based algorithms [Ishaq

et al. 2021]. Variable selection should be performed, and should be

performed before SMOTE [Blagus and Lusa 2013]. The reason for

this is that the samples are no longer independent after applying

SMOTE, which is an assumption made is a lot of variable selection

methods.

2.1.2 Other issues.

• Outliers. Tree-based algorithms are considered to be resis-

tant to outliers [Kuhn and Johnson 2013]. However, as Beyan

and Fisher [2015] points out the imbalance in the dataset can

cause the model to mistakenly identify noise as a minority

example.

• Missing values. The handling of missing values can be done

in three ways: by removing the data, by imputing missing

values or by the algorithm of the model (especially useful in

tree-based models)[Kuhn and Johnson 2013]. The first way

can either be done for a specific predictor variable or record of

data. Secondly, a strategy can be selected for assigning values

to missing fields; the strategy selection is based on domain

knowledge of the problem. As a last way to handle missing

values the specific model can have ways to deal with missing

values during training (for example in the C4.5 algorithm

[Saar-Tsechansky and Provost 2007]). In any case, the missing

values should be handled on a per case basis.

• Sparse data. Sparse data is data with high dimensionality

where few fields contain meaningful data for the model to

train on. This is typically the case when using categorical

features, because of the way they are encoded. The sparsity

of data increases the space and time complexity of the model

training. Furthermore, models trained on high dimensional

sparse data are prone to overfitting to the train data. There-

fore, general-purpose ML models cannot handle sparsity well

[Chen et al. 2019]. Laborda and Ryoo [2021] suggest multiple

feature selection techniques to reduce the overfitting caused

by high dimensionality of the dataset.

2.2 ML algorithms
In general, the most common set of ML methods used for credit risk

assessment are Logistic Regression, SVM, Artificial Neural Network

(ANN) and DT [Abellán and Castellano 2017; Brown and Mues 2012;

Li and Chen 2020; Tomczak and Ziȩ ba 2015; Wang et al. 2011]. The

three algorithms considered in this research have DT as baseline

for the model and have produced high accuracy models for credit

risk assessment [Chen et al. 2019; Li et al. 2020]

2.2.1 Decision and Gradient Boosted Trees. Decision trees algo-

rithms are generally not used in credit scoring applications as the

sole classifier because they are very sensitive to noise and prone

to overfitting. However, the decision tree has as an advantage that

it is easily interpretable by humans, no underlying assumptions

are made about the underlying distributions and have similar per-

formance to other widely-used techniques used in credit scoring

[Marqués et al. 2012]. Consequently, ensemble learning with DT

as a baseline classifier can increase performance significantly. In

the literature, ensemble learning has been applied to credit risk
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assessment in different ways [Florez-Lopez and Ramon-Jeronimo

2015; Paleologo et al. 2010].

In this research, a focus will be on ensemble learning using the

meta-algorithm of boosting. The use of the AdaBoost (ADA) algo-

rithm [Freund and Schapire 1997] has been studied extensively in

credit risk assessment [Abellán and Castellano 2017; Tomczak and

Ziȩ ba 2015; Tyagi 2022; Wang et al. 2011]. Additionally, two com-

monly used gradient tree boosting algorithms XGBoost [Chen and

Guestrin 2016] and LightGBM [Ke et al. 2017] developed in recent

years have also been studied in the context of credit scoring [Li

and Chen 2020; Soares De Melo Junior et al. 2019]. Furthermore, an

alternative that deals better with the sparsity called DeepGBM has

also been researched in the field of credit risk assessment [Chen et al.

2019]. Other interesting studies that propose credit risk assessment

are related to the use of hybrid models [Machado and Karray 2022]

and two-level ensemble methods [Marqués et al. 2012].

2.3 Bias mitigation in ML
As mentioned in the introduction dropping bias sensitive features

from the dataset does not ensure that the underlying group bias is

removed from the dataset. The model can be trained on data that

already contains human prejudice. Furthermore, the existence of

indirect discrimination found in non-sensitive features can impose

the same disproportionate burdens on minority or disadvantaged

groups [Pedreshi et al. 2008]. Fairness in AI has been a topic of

exceeding interest in recent years. There have been several bias

mitigation strategies proposed in the literature. For example, Hardt

et al. [2016] suggest a post-hoc correction by first training on biased

predictors and afterwards adjusting the learned predictor to remove

discrimination. In contrast, Woodworth et al. [2017] suggests an

approach to learning non-discriminatory predictors from the start.

In addition, the authors point out that a predictor can be implicitly

discriminatory and training a model on such discriminatory predic-

tors is sub-optimal. Training a model to be more fair will lead in

many scenarios significantly decrease the result depending on the

bias mitigation method used [Chen et al. 2022]. Furthermore, The

effectiveness of a bias mitigation method is heavily dependent on

the scenario [Menon and Williamson 2017]. However, a trade-off

between accuracy and fairness of a model was observed regardless

of the bias mitigation method used. Many bias mitigation meth-

ods have been implemented in the toolkit of IBM AI Fairness 360

(AIF360) [Mehrabi et al. 2021], which is also used in this research.

3 METHODOLOGY
Three different tree-based ensemble algorithm were used, namely

Random Forest, LightGBM and CatBoost. They were selected based

on their successful applications to assess credit risk in the past [Li

and Chen 2020; Ponsam et al. 2021]. The use of an ensemble model

often gives better performance then the best single classifier, but

does not guarantee better performance. As a last remark, the use of

different type of ensemble learning boosting, bagging and stacking

have been explored previously in the literature[Li and Chen 2020;

Wang et al. 2011]. However, to the best of our knowledge, there

hasn’t been any studies exploring the use of ensemble models to

assess credit risk for retail customers with no (or little) credit history,

while also handling bias mitigation.

3.1 Random Forest
The Random Forest consist of multiple base learners learned in

parallel based on a sample subset of the entire dataset draw with

replacement (bootstrap sampling) [Zhou 2012]. A Random Forest

algorithm uses all decision trees and comes to decision by the voting,

in the case of classifiers, of all DT (aggregation). The difference with

other bootstrap aggregation (bagging) algorithm is that Random

Forest only uses a subset of the features for each boostrap sample.

This can also be seen in Algorithm 1, based on Breiman [2001].

Algorithm 1 The random decision tree algorithm used in RF as

described in Zhou [2012]

input: Data set 𝐷 = (𝑥1, 𝑦1), (𝑥2, 𝑦2), ..., (𝑥𝑚, 𝑦𝑚);
Feature subset size 𝐾

procedure buildRandomDecisionTree(𝐷,𝐾 )
𝑁 ← create a tree node

if all instance in the same class then
return N

end if
𝐹 ← the set of features that can be split further

if 𝐹 is empty then
return 𝑁

end if
𝐹 ← select 𝐾 features from 𝐹 randomly

𝑁 .𝑓 ← the feature which has the best split point in 𝐹

𝑁 .𝑝 ← the best split point on N.f

𝐷𝑙 ← subset of 𝐷 with values on 𝑁 .𝑓 smaller than 𝑁 .𝑝

𝐷𝑟 ← subset of 𝐷 with values on 𝑁 .𝑓 no smaller than 𝑁 .𝑝

𝑁𝑙 ← buildRandomDecisionTree(𝐷𝑙 , 𝐾 )

𝑁𝑟 ← buildRandomDecisionTree(𝐷𝑟 , 𝐾 )

end procedure

3.2 LightGBM
LightGBM is a gradient boosting algorithm. A gradient boosting

algorithm tries to constructs a single strong learner by sequential

learning weak learners [Ke et al. 2017]. LightGBM grows the trees

leaf-wise, instead of the more common depth-wise. This allows the

individual trees to growmore complex. It is muchmore efficient then

XGBoost by requiring less memory and computational resources

[Ke et al. 2017].

3.3 CatBoost
CatBoost is also a gradient boosting algorithm. In contrast to Light-

GBM, it uses a symmetric tree with each split in the same level of

the tree having the same split condition [Yandex LLC nd]. It also

applies a new algorithm called ordered boosting to deal with the

problem of prediction shift common in small dataset [Yandex LLC

nd]. Furthermore, it has built in capabilities for handling categorical

features.
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3.4 Disparate impact remover
Disparate impact remover is a technique to mitigate group bias

[Feldman et al. 2015]. It does this by modifying the original dataset

to ensure group-based fairness for protected feature(s) while at-

tempting to preserve the ability to classify the label classes. Suppose

there exist a dataset D which consist of the protected feature X, the

remaining features Y and the class outcome C. The main idea of the

disparate impact remover is to try to modify Y, while preserving

relative per-feature ordering, in such a way that given Y and C the

feature X cannot be predicted [Feldman et al. 2015]. The disparate

impact remover can be extended to multiple protected features by

operating over the joint distribution. In the experiment of Feldman

et al. [2015] the performance loss did not compound on the number

of protected attributes included, rather the performance loss depen-

dent on the protected feature with the highest performance loss. A

repair level can be specified to define how much the group-based

bias need to be corrected for.

4 EXPERIMENTAL SET-UP
Three experiment were conducted. Two related to applying methods

to handle the imbalance in the dataset. The other one is about trying

to mitigate bias with the disparate impact.

4.1 Dataset
The dataset can be found on Kaggle [Anna Montoya 2018]. The

research uses a dataset containing information about the applicant,

details about the loan application and credit history. The credit

history contained in the dataset are the amount of previous enquiries

made to the Credit Bureau about the applicant and the credit score

from 3 other sources. In around 12% of the case the credit history

is missing or incomplete. The application dataset suffers from high

imbalance with 24, 825 positive targets and 282, 686 negative targets

(∼ 8% of total records).

4.2 Preprocessing
Both the k-nearest neighbors (kNN), used by SMOTE, and the tree-

based algorithms used are non-parametric models, meaning no

assumption about the underlying data distribution is made. The

baseline assumption was made that the data was independent and

identically distributed (i.i.d.) in order to perform statistical tests.

In step 1, a correlation analysis was performed since collinearity

between predictors can reduce performance and stability of the

model [Kuhn and Johnson 2013]. In particular, the kNN algorithm

used by SMOTE-NC is vulnerable to collinear predictors in the train

set. The numerical predictors were tested with Pearson’s correlation

coefficient (r) and the categorical predictors with Cramér’s V (𝜙𝑐 );

the correlation threshold was set at 𝜏 = |0.9|. In total, 31 numerical

predictors and 3 categorical predictors were dropped. The specific

algorithm followed for removing predictors is based on Kuhn and

Johnson [2013] and stated in Algorithm 2.

The experiment uses a 5x2 cross-validation in order to estimate

the models performance and uses the same splits across all experi-

ments. The preprocessing steps used on each iteration of the 5x2

cross-validation were:

Algorithm 2 Algorithm to drop features based on Kuhn and John-

son [2013]

𝑋𝑐𝑜𝑟𝑟 = 𝑋 .𝑐𝑜𝑟𝑟 () ⊲ correlation matrix

𝑋𝑛𝑒𝑤 = 𝑋

𝑛𝑢𝑚𝑐𝑜𝑙𝑠 = 𝑙𝑒𝑛(𝑋𝑛𝑒𝑤 .𝑐𝑜𝑙𝑢𝑚𝑛𝑠)
while 𝑛𝑢𝑚𝑂𝑢𝑡𝑠𝑖𝑑𝑒𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 (𝑋𝑐𝑜𝑟𝑟 , 𝜏) > 𝑛𝑢𝑚𝑐𝑜𝑙𝑠 ) do

𝐴 = 𝑓 𝑖𝑛𝑑𝐻𝑖𝑔ℎ𝑒𝑠𝑡𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 (𝑋𝑐𝑜𝑟𝑟 )
𝐵 = 𝑓 𝑖𝑛𝑑𝑆𝑒𝑐𝑜𝑛𝑑𝐻𝑖𝑔ℎ𝑒𝑠𝑡𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 (𝑋𝑐𝑜𝑟𝑟 )
𝐴 = 𝑓 𝑖𝑛𝑑𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝐴𝑏𝑠𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛(𝑋𝑐𝑜𝑟𝑟 , 𝐴)
𝐵 = 𝑓 𝑖𝑛𝑑𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝐴𝑏𝑠𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛(𝑋𝑐𝑜𝑟𝑟 , 𝐵)
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑑𝑟𝑜𝑝 = 𝑢𝑛𝑑𝑒 𝑓 𝑖𝑛𝑒𝑑

if 𝐴 > 𝐵 then
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑑𝑟𝑜𝑝 = 𝐴

else
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑑𝑟𝑜𝑝 = 𝐵

end if
𝑋𝑛𝑒𝑤 = 𝑋𝑛𝑒𝑤 .𝑑𝑟𝑜𝑝 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑑𝑟𝑜𝑝 )
𝑋𝑐𝑜𝑟𝑟 = 𝑋𝑛𝑒𝑤 .𝑐𝑜𝑟𝑟 ()
𝑛𝑢𝑚𝑐𝑜𝑙𝑠 = 𝑙𝑒𝑛(𝑋𝑛𝑒𝑤 .𝑐𝑜𝑙𝑢𝑚𝑛𝑠)

end while

(1) the missing values are imputed by using the ’median’ strategy

for numerical and the ’most frequent’ for categorical data

(2) the ordinal values are encoded

(3) the numeric and ordinal values are scaled by applying min-

max scaling

(4) SMOTE-NC was used to generated new synthetic samples

(5) (experiment 2 only) The data was randomly undersampled

(6) The nominal values were OneHotEncoded and for the inter-

val and ratio features the interaction between features were

added

All numeric values were tested for normality with confidence level

95% and none passed the test, therefore the type of scaling ap-

plied was min-max scaling [Gopal et al. 2015]. The ordinal values

were chosen to be treated as numeric values. A modified version of

SMOTE was used that also handles nominal values called SMOTE-

NC, which was also suggested for these situations by the authors of

the original method [Chawla et al. 2002] and the exact implemen-

tation used can be found in [Lemaitre et al. 2017]. As discussed in

section 2.3, several approaches can be taken to prevent group bias

. In this study, the approach of disparate impact remover will be

the focus. The approach will be evaluated with the performance

and fairness metrics, as there is a fairness-performance trade-off

[Chen et al. 2022]. The step of removing disparate impact was placed

before the cross-validation mentioned in this section. This choice

was made due to limitations in the implementations used.

4.3 Imbalance Parameters
This study aims to address the issue of class imbalance within the

target variable of the dataset under investigation in experiment 1

and 2. In order to tackle the class imbalance the following three

approaches were taken: oversampling with SMOTE, random un-

dersampling and applying class weight. The specific independent

variables varied in the experiment are explained in this section. The
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class weight is based on Equation 1

𝑤𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑡𝑜𝑡𝑎𝑙

2 × 𝑛𝑐𝑙𝑎𝑠𝑠
(1)

The percentage of oversampling done is based on a percentage rela-

tive to the original imbalance in the dataset. For both oversampling

as undersampling the desired end resampling ratio 𝛼𝑟𝑠 is given by

Equation 2.

𝛼𝑟𝑠 =
𝑛𝑟𝑚

𝑛𝑟𝑀
, where (2)

𝑛𝑟𝑚 = number of minority class after resampling

𝑛𝑟𝑀 = number of majroity class after resampling

4.4 Hyperparameter tuning
The experiment does not tune any of the hyperparameters of the

ML algorithms used. However, the number of estimators fitted set

to 100 to limit computational expenses. Additionally, the default

setting of CatBoost were computationally much more expensive and

therefore minimum data in leaf was set to 20 instead of 1 (the same

as LightGBM default) to limit the computational expense. The rest

of the hyperparameter were left to their default values [Microsoft

Corporation nd; scikit-learn developers nd; Yandex LLC nd]

4.5 Evaluation metrics
4.5.1 Performance metrics. The first metric is accuracy, given in

Equation 3. As concluded by multiple studies using only accuracy

(Equation 3) alone is insufficient for evaluating model performance

on imbalanced dataset [García et al. 2014; López et al. 2013]. How-

ever, the reason for still including accuracy is that applying methods

to correct for the imbalance in the dataset tends to reduce the overall

performance of the model.

accuracy =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (3)

Therefore, in addition to accuracy two other performance metrics

were selected for model evaluation that are more suited for imbal-

anced datasets, namely the weighted recall (Equation 5) and F-score

(Equation 8).

The recall measures the ability of the model to correctly identify

instances of the class. In general, the recall per label class 𝑖 is defined

by Equation 4

recall𝑖 =
𝑝𝑖

𝑛𝑖
, where (4)

𝑝𝑖 = correctly predicted data items in class i

𝑛𝑖 = actual number of data items in class i

The weighted recall for the amount of label classes 𝐶 is presented

in Equation 5. The importance of correctly identify a class can be

different per class. For example in the specific case of credit risk

assessment, it is more important to correctly classify a person as

a bad lender then to correctly classify someone as a good lender

since the misclassification costs are higher for the former class. As

proposed by Gupta et al. [2020] applying a specific weight to the

class recall can represent this difference in importance.

weighted recall =

𝐶∑︁
𝑖=1

𝑤𝑖 × recall𝑖 , given (5)

0 ≤ 𝑤𝑖 ≤ 1 and

𝐶∑︁
𝑖=1

𝑤𝑖 = 1

In the case of a binary classification, such as is the case in this study,

the recall for the positive class is given by true positive rate and the

recall of the negative class is the true negative rate. Therefore, the

given Equation 5 can be rewritten as Equation 6

weighted recall = 𝑤1 ×𝑇𝑃𝑟 +𝑤2 ×𝑇𝑁𝑟 , where (6)

𝑇𝑃𝑟 = recall minority = sensitivity =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
𝑇𝑁𝑟 = recall majority = specificity =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃

In this research, the weights were chosen to be inversely propor-

tional to the number of samples present in the dataset. The formula

for the weights is defined in equation 7

𝑤𝑖 =
1

𝑓𝑖 ×
∑𝐶

𝑗=1 𝑓
−1
𝑗

, where (7)

𝑓𝑖 = frequency of class 𝑖

The weighted recall metric (Equation 6) with the weights defined in

Equation 7 will punish the misclassification of sample based on the

severity of class imbalance in the dataset.

The F-score is used to measure the recall and precision of a model.

Equation 8 is a generalization of the f-score formula [Nazarathy and

Klok 2021]. For evaluation, 𝛽 needs to be set based on the relative

weight given to the sensitivity (the ability to recognize all positive

cases) and the precision (the ability to correctly identify a case as

positive). A higher 𝛽 value gives higher importance to the ability to

recall all positive cases. The 𝛽 for this experiment is set to 1.

𝐹𝛽 = (1 + 𝛽2) × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
𝛽2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

, where (8)

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃

Both evaluation metrics stated in Equation 5 and Equation 8 can be

adjusted based on the misclassification cost for the specific problem.

4.5.2 Bias metrics. The two fairness metrics chosen are the Sta-

tistical Parity Difference (SPD) and the Equality of Opportunity

Difference (EOD). The reason for not choosing the disparate impact

metric (which is also commonly used in the industry) is that the

metrics EOD and SPD have the same scale ([−1, 1]). In addition,

the absolute value of both metrics are taken. The reason for this is

two-fold: it makes for easier comparison as a discrepancy in both

direction is equally ’worse’ and the metrics become an optimization

5
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problem to minimize.

𝑎𝑢𝑛𝑝𝑟𝑖𝑣 = {𝑎0, 𝑏0, 𝑐0, ...}
𝑎𝑝𝑟𝑖𝑣 = {𝑎1, 𝑏1, 𝑐1, ...}
𝑎𝑢𝑛𝑝𝑟𝑖𝑣 ∩ 𝑎𝑝𝑟𝑖𝑣 = ∅

In both Equation 9 and Equation 10, P defines the probability.

𝑆𝑃𝐷 = 𝑃 (𝑌 = 1|𝐴 = 𝑎𝑢𝑛𝑝𝑟𝑖𝑣) − 𝑃 (𝑌 |𝐴 = 𝑎𝑝𝑟𝑖𝑣) (9)

𝐸𝑂𝐷 = 𝑃 (𝑌 = 1|𝑦 = 1, 𝐴 = 𝑎𝑢𝑛𝑝𝑟𝑖𝑣) − 𝑃 (𝑌 = 1|𝑦 = 1, 𝐴 = 𝑎𝑝𝑟𝑖𝑣)
(10)

As established in previous literature typically there exist a trade-

off between fairness and performance of a model [Chen et al. 2022;

Menon andWilliamson 2017]. Therefore, the bias mitigation method

is also evaluated against the three performance metrics previously

defined.

5 RESULTS
The results will be discussed in four sections. In the first two sec-

tions the results of experiment 1 and 2 will be discussed. Thereafter,

in section 5.3 the difference in performance and behaviour of the im-

balance methods will be discussed. Lastly, the results of experiment

3 is discussed in section 5.4.

5.1 Experiment 1: SMOTE-NC and Class Weight
The results of varying oversampling ratio (from 0 to 400%) and class

weight (from {0 : 1, 1 : 1} to {0 : 0.5, 1 : 6.2} based on Equation 1 for

each class) can be found in Figure 1. The performance behaviour in

the oversample ratio and class weight gave similar reaction for all

ML algorithms, only the magnitude differs. LightGBM, for example,

was less sensitive to change in the oversample ratio. CatBoost was

the most sensitive to changes in both the oversample and class

weight. For example, CatBoost achieved a significantly higher ratio

of 0.87 for the weighted recall, but this did come at significant drop

in accuracy of 0.30 when strongest class weight ({0 : 0.5, 1 : 6.2})
was applied in combination with highest oversampling (0.439).

5.2 Experiment 2: SMOTE-NC and Random
Undersampling

The results of varying oversampling ratio (from 0 to 400%) and

undersampling ratio (from 0.439, which is the ratio achieved with

400% oversampling, to 1 𝛼𝑟𝑠 ) can be found in figure 2. The behaviour

of the ML algorithm across this experiment were very similar. In-

terestingly, simple random undersampling performs better for the

minority class then combined with SMOTE. Similar results have

also been found in other research. Blagus and Lusa [2010] offers

as a possible explanation that simple undersampling is more ef-

fective in removing the gap between the class-specific accuracies

for high-dimensional data. The problem of misclassification comes

in region where there is overlap between the minority and major-

ity. Algorithm tend to then prefer the majority class. In further

research Blagus and Lusa [2013] offered an additional reason why

SMOTE does not perform well on high-dimensional data is that

high-dimensional data often includes a lot of noise. This noise is

then amplified by the SMOTE algorithm.

5.3 Comparing class weight to random undersampling
Regardless of the imbalance method applied, trying to account for

the imbalance of the dataset comes with an overall performance

loss. This might indicate that the ML algorithms do not become

better at predicting the minority class but instead just predicting

the minority class more often. The third metric F1-score support

this argument. The gain in sensitivity (recall of the minority) to the

class as seen by the increase in weighted recall for both experiment

does not lead to a similar increase in F1-score. In other words, the

gain in sensitivity is offset by a lower precision for the minority

class. Furthermore, the value of the F1-score is low, which indicates

that the features to predict the class is not good at distinguishing

the minority class from the majority class.

Furthermore, when combining class weight and SMOTE, as in

experiment 2, the effect of forcing the model to predict the minority

class more often is amplified. This is because the class weight is

based on the original imbalance (so the imbalance prior to applying

SMOTE) and the class weight will also be applied on the new minor-

ity samples generated by SMOTE. The use of both more samples as

well heavily penalize incorrect mistakes of the minority class value

makes the model focus mostly on the minority class. In contrast,

the amount of undersampling done to reach the specified ratio is

dependent on the oversample ratio. Thus, it does not suffer from the

same problem when combining oversampling and undersampling

together.

In conclusion, in both experiment SMOTE had limited impact on

the performance. This is likely due to the high-dimensionality of

the data. The combination of class weight and SMOTE should be

applied with care, since the effects of noise in the minority class is

amplified by both SMOTE and class weight.

5.4 Experiment 3: Disparate Impact Remover
As a last experiment the best estimators from Experiment 1 and 2 for

each model are corrected for bias. The best estimator per experiment

per ML algorithm is defined as the result with the highest weighted

recall (Equation 6) where the accuracy (Equation 3) is still above

0.8. In the dataset three bias sensitive feature have been identified,

namely gender, education level and region rating. The experiment

will vary the repair level between 0 and 1 to correct for the sensi-

tive feature gender. Although it is theoretically possible to correct

for more sensitive features with the disparate impact remover, the

implementation of AIF360 does not support this. Therefore, the ex-

periment also looks at what happens to unprotected bias sensitive

features. The fairness metrics are calculate for each (un)protected

bias sensitive feature based on Equation 9 and 10. The results were

similar in both cases and are depicted in Figure 3 for Experiment

1 and in Figure 4 for Experiment 2. The results for each model is

depicted in one column. In each column there are 3 graphs, the first

depicts the fairness metrics on the protected feature, the second

the fairness metrics on the unprotected feature and the last the

performance metrics. Note that in all figures y-axis is the difference

with the baseline (repair level 0). Based on previous literature ex-

pected is that the performance metrics will go down with respect

to the baseline, while the disparate impact will be removed for the

protected feature and therefore the difference with the baseline will

6
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Fig. 1. Results with SMOTE-NC and class weight

go up for the protected feature. In general, the behaviour of the bias

mitigation is independent of the exact method used for imbalance

and dependent on the ML algorithm. This is expected because the

importance of feature can differ significantly for each ML algorithm.

Interestingly, the 𝑆𝑃𝐷 and 𝐸𝑂𝐷 of the protected attribute is not

significantly improved, while corresponding values for the unpro-

tected attribute (between −0.05 and 0) and the performance metric

(between −0.02 and 0) are worse. The cause of ineffectiveness for re-

moving disparate impact for the protected attribute is most likely the

placement of the disparate impact remover in the machine learning

7
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Fig. 2. Results with SMOTE-NC and random undersampling

pipeline before SMOTE and random undersampling. Both imbal-

ance methods can change the probability density functions of the

protected feature classes different, which cancel the effect to make

the distribution of the protected feature classes similar. One notable

exception is the weighted recall in Figure 3 which significantly im-

proved while also dropping significantly in accuracy. This is similar

to the case for experiment 1 and experiment 2 where in the case of a

significant loss of accuracy due to method used to handle imbalance

the model can start randomly predicting the minority class more

often (based on the f-score not increasing). In conclusion, having a

disparate impact remover before the preprocessing steps altering

the distribution of the features in the model can be detrimental for

the effectiveness of removing disparate impact. Additionally, the

disparate impact remover will generally cause a small performance

loss while also hurting the fairness for unprotected bias features.

8
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Fig. 3. Experiment 3 for the best estimator for each ML algorithm of Experiment 1

6 DISCUSSION
The hyperparameters were left at their default and only changed

slightly for performance reason. The assumption is made that the

algorithm have similar behaviour when tuned for optimal perfor-

mance. The experiment set-up limited the way in which the algo-

rithm could be used. For example, in theory all underlying tree

algorithm used by ensemble models can handle categorical features

internally. However, due to the specific implementation used for

the RF model not supporting this the categorical features were One-

HotEncoded. This will both increase the number of split and can

have an impact on performance for all models. Another example

is that LightGBM grows the trees leaf-wise and CatBoost grows

the trees depth-wise. As also stated in LightGBM documentation

[Microsoft Corporation 2023], for a fixed number of leaves in a

tree the leaf-wise tree typically grows much deeper. Therefore, the

between-model comparison is of limited significant when using the

models in real world context. As a last example, the value for num-

ber of estimators is chosen to be 100 for each algorithm. However,

the way a boosting algorithm and bagging algorithm use the esti-

mator is different. Normally the number of estimators is bigger for

a boosting algorithm. The dataset only contains records of accepted

application. Therefore, there exist sample bias in the dataset which

cannot be mitigated during the experimental set-up. Consequently,

the ML model trained may include bias from the previous procedure

for reviewing applications. Simple imputing strategies were used

to handle missing values. This might limit the effectiveness of the

kNN algorithm used by SMOTE, since this is dependent on proxim-

ity. This can also influence fairness. For example, if the application

process was previously reviewed by a human reviewer personal

bias and stereotype can lead to application being rejected and there-

fore not showing. It is unbeknown to the research how the samples

included in the dataset were acquire. Another important point to

highlight is that when using class weight for imbalanced dataset
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Fig. 4. Experiment 3 for the best estimators for each ML algorithm of Experiment 2

and the algorithm uses sample weight (for example in the case of

ADA) the class weight will be multiplied by the sample weight in the

loss function. Therefore, models both using class weight and sample

weight might become unstable. The disparate impact remover is

placed outside the preprocessing-pipeline described in section 4.2

and will therefore run only once per repair level per model, not on

each fold. This gives a data leak between the train and test set.

7 CONCLUSIONS
To answer the 1st sub-research question, as also concluded by other

researchers [Blagus and Lusa 2013; Ishaq et al. 2021] SMOTE has

limited positive effect on the overall performance, in some cases

even negative, if the high-dimensional dataset consist of weakly

correlated predictors and tends to amplify noise. In the case of ex-

periment 1, the high class weight for the minority class combined

with SMOTE caused the loss function to be very sensitive to the

minority class, while decreasing performance significantly. Themag-

nitude of change is also heavily dependent on the model used for

experiment 1. This is logically since the loss function is modified

and the impact is therefore dependent on the ML algorithm. There-

fore, it is recommended to not use SMOTE for high-dimensional

dataset with weakly correlating predictors. Furthermore, applying

a balanced class weight will benefit is generally better than random

under sampling the data since it obtains similar results for weighted

recall while maintaining a better accuracy. However, random un-

dersampling provided for way more consistent results across all

models.

In regards to the 2nd sub-research question, the disparate im-

pact remover should be placed in the preprocessing steps with care,

preferably after any oversampling or undersampling. The disparate

impact remover caused a small performance loss, but more impor-

tantly increased the group bias for the unprotected bias features.

Consequently, not recognizing a feature sensitive to group bias,

10
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which is easily possible in cases of indirect discrimination, can lead

to increased group bias when applying the disparate impact remover

method.

7.1 Further work
Theway class weight was implemented in combinationwith SMOTE

caused the loss function to overly focus on the minority class. It

might be interest to keep the class weight for the minority class the

same (or close to 1), while lowering the class weight for the majority

class. This has a similar effect to undersampling without throwing

away potentially important data prior to the ML algorithm step. As

an alternative approach smarter ways of undersampling can also be

explored. For example, in Batista et al. [2004] the tested TOMEK +

SMOTE as on of the best for tackling the imbalance. The difference

between models was only visible in experiment 1. Therefore, it is

also a possibility to study the behaviour of applying class weight

for different types of ML methods.
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JakubM. Tomczak andMaciej Ziȩ ba. 2015. Classification Restricted BoltzmannMachine

for comprehensible credit scoring model. Expert Systems with Applications 42, 4
(2015), 1789–1796. https://doi.org/10.1016/J.ESWA.2014.10.016

Swati Tyagi. 2022. Analyzing Machine Learning Models for Credit Scoring with

Explainable AI and Optimizing Investment Decisions. ArXiv (2022). https:

//doi.org/10.48550/ARXIV.2209.09362

GangWang, Jinxing Hao, Jian Ma, and Hongbing Jiang. 2011. A comparative assessment

of ensemble learning for credit scoring. Expert Systems with Applications 38, 1 (1
2011), 223–230. https://doi.org/10.1016/J.ESWA.2010.06.048

Blake Woodworth, Suriya Gunasekar, Mesrob I. Ohannessian, and Nathan Srebro. 2017.

Learning Non-Discriminatory Predictors. (2 2017). https://arxiv.org/abs/1702.

06081v3

Yandex LLC. nd. Overview - CatBoostClassifier | CatBoost. https://catboost.ai/en/

docs/concepts/python-reference_catboostclassifier

Zhihua Zhou. 2012. Ensemble Methods: Foundations and Algorithms (1 ed.). CRC Press,

Boca Raton. 48–59 pages.

12

https://doi.org/10.1016/J.ESWA.2022.116889
https://doi.org/10.1016/J.ESWA.2012.03.033
https://doi.org/10.1057/JORS.2012.120
https://doi.org/10.1145/3457607
https://doi.org/10.1016/J.ESWA.2020.113351
https://arxiv.org/abs/1705.09055v1
https://lightgbm.readthedocs.io/en/v3.3.5/Parameters-Tuning.html
https://lightgbm.readthedocs.io/en/v3.3.5/pythonapi/lightgbm.LGBMClassifier.html
https://lightgbm.readthedocs.io/en/v3.3.5/pythonapi/lightgbm.LGBMClassifier.html
https://doi.org/10.1007/978-3-030-70901-3
https://doi.org/10.1007/978-3-030-70901-3
https://doi.org/10.1016/J.EJOR.2009.03.008
https://doi.org/10.1145/1401890.1401959
https://doi.org/10.1016/J.ASOC.2010.11.028
https://doi.org/10.1109/ICCCT53315.2021.9711896
https://doi.org/10.1109/ICCCT53315.2021.9711896
https://arxiv.org/abs/1706.09516v5
http://jmlr.org/papers/v8/saar-tsechansky07a.html
https://scikit-learn.org/1.2/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklearn-ensemble-randomforestclassifier
https://scikit-learn.org/1.2/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklearn-ensemble-randomforestclassifier
https://doi.org/10.1109/ICMLA.2019.00133
https://doi.org/10.1109/ICMLA.2019.00133
https://www.worldbank.org/en/topic/financialinclusion/overview#1
https://www.worldbank.org/en/topic/financialinclusion/overview#1
https://doi.org/10.1016/J.ESWA.2014.10.016
https://doi.org/10.48550/ARXIV.2209.09362
https://doi.org/10.48550/ARXIV.2209.09362
https://doi.org/10.1016/J.ESWA.2010.06.048
https://arxiv.org/abs/1702.06081v3
https://arxiv.org/abs/1702.06081v3
https://catboost.ai/en/docs/concepts/python-reference_catboostclassifier
https://catboost.ai/en/docs/concepts/python-reference_catboostclassifier

	Abstract
	1 Introduction
	2 Related work
	2.1 Common problems for credit risk datasets
	2.2 ML algorithms
	2.3 Bias mitigation in ML

	3 Methodology
	3.1 Random Forest
	3.2 LightGBM
	3.3 CatBoost
	3.4 Disparate impact remover

	4 Experimental set-up
	4.1 Dataset
	4.2 Preprocessing
	4.3 Imbalance Parameters
	4.4 Hyperparameter tuning
	4.5 Evaluation metrics

	5 Results
	5.1 Experiment 1: SMOTE-NC and Class Weight
	5.2 Experiment 2: SMOTE-NC and Random Undersampling
	5.3 Comparing class weight to random undersampling
	5.4 Experiment 3: Disparate Impact Remover

	6 Discussion
	7 Conclusions
	7.1 Further work

	Acknowledgments
	References

