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Abstract

Over the past years, machine learning emerged as a powerful tool for credit scoring, pro-
ducing high-quality results compared to traditional statistical methods. However, literature 
shows that statistical methods are still being used because they still perform and can be in-
terpretable compared to neural network models, considered to be black boxes. This study 
compares the predictive power of logistic regression and multilayer perceptron algorithms 
on two credit-risk datasets by applying the Local Interpretable Model-Agnostic Explanations 
(LIME) explainability technique. Our results show that multilayer perceptron outperforms 
logistic regression in terms of balanced accuracy, Matthews Correlation Coefficient, and F1 
score. Based on our findings from LIME, building models on imbalanced datasets results in 
biased predictions towards the majority class. Model developers in the field of finance could 
consider explanation methods such as LIME to extend the use of deep learning models to 
help them make well-informed decisions.
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1. Introduction

The credit section is a critical function for financial institutions and banks as it con-
tributes significantly to their revenue share. One of the ways they maximize their profits
is by offering more credit. With increased competition and pressure to generate more rev-
enue, financial institutions are searching for more effective ways to attract new creditworthy
customers while minimizing losses. Credit approval puts the bank at risk of losing money
while disapproval may lead to loss of customers, hence competition among lenders. Most
financial institutions have suffered losses due to wrong decision-making in the past led by
many of their customers defaulting on payments as discussed by Taghavi et al. (2015).
This has created the need for mechanisms to identify and distinguish between eligible and
non-eligible loan applicants (Bolton C. 2009). In the early years, lenders used personal re-
lationships and subjective judgments to decide whether the applicant deserved a loan offer
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or not. The method was reliable and less time-consuming because of the smaller number of
applicants. Prior information about the applicant is important in determining credit scores
(Lahsasna et al. 2010).

A comparison study between Radial Basis Function (RBF) neural networks and LR
was carried out by Taghavi et al. (2015) in Tose-Taavon Bank, Guilan. The study in-
volved 376 cases of loan instalments with 7652 total credits within approximately five
years. The cases were categorized into two groups based on credit risk: good customers
were those with lower credit risk and bad customers with higher credit risk. Out of the total
376 cases, 302 were classified as good customers, while the remaining 74 cases belonged
to bad customers. To evaluate the efficiency of the designed LR model, the study utilized
Pearson correlation analysis to identify any significant relationship between the variables.
The results indicated a significant negative correlation between the loan amount and the
credit decision of bank customers, and a significant positive correlation between the num-
ber of installments and the credit decisions of bank customers, both at 99% confidence
level. RBFs were trained with 320 samples and 50 samples were used for testing. RBFs
showed a higher prediction accuracy of 88% than 82.7% of logistic regression. The study
recommended efficient databases to store customers’ information for easy access.

Dumitrescu et al. (2022), proposed a new credit scoring method called penalized logistic
tree regression (PLTR), which combined decision trees and logistic regression to improve
the accuracy of credit risk prediction. The paper also discussed the need for interpretabil-
ity in the credit scoring industry, which showed why simpler models like logistic regression
were still widely used despite their limitations compared to more complex machine learning
methods. Several studies have shown that neural networks are more accurate, and logistic
regression has performed better than neural networks on different datasets. This means
there is a need for further investigation of the performance of neural networks and logistic
regression in predicting credit scores. The application of deep learning methods in credit
scoring has shown promising results as shown in Imtiaz and Brimicombe (2017) and Zhao
et al. (2015) compared to traditional methods. Traditional methods like logistic regression
have been widely used due to their simplicity and interpretability. Despite the effective-
ness of neural networks, it is often difficult for stakeholders to understand and trust their
decisions due to lack of transparency. This study aims to solve this problem by comparing
the effectiveness of logistic regression and neural networks in predicting credit scores, us-
ing the LIME (Local Interpretable Model-agnostic Explanations) technique on binary and
multiclass datasets to enhance the explainability of the neural network models. The goal
is to determine which model provides a better balance between predictive accuracy and
interpretability in the context of credit scoring.

This present study comparing Logistic Regression and Neural Networks for predicting
credit scores using a LIME-based explainability approach offers several key contributions
to predictive analytics and model interpretability. Firstly, it enhances understanding of how
different models operate, especially in the context of finance where stakeholders require
trust and clarity in automated decision-making processes. It carefully analyses the trade-offs
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between the simplicity and transparency of logistic regression versus the accuracy and com-
plexity of neural networks, aiding stakeholders in selecting the appropriate model based on
their specific needs for accuracy and transparency. Furthermore, the study demonstrates the
practical application of LIME, showcasing how local interpretable model-agnostic explana-
tions can be effectively generated for complex models. This not only serves as a valuable
guideline for other researchers and practitioners but also advances the field of explainable
AI (XAI) by providing empirical insights into the effectiveness of explainability techniques
across different models. The emphasis on explainability also promotes ethical AI practices,
highlighting the importance of transparency in sensitive areas like credit scoring, which
could influence policy and regulatory approaches.

Additionally, by making model decisions accessible to both technical and non-technical
stakeholders, this study bridges a crucial gap, fostering communication and trust among
model developers, policymakers, loan officers, and customers. Overall, these contributions
are instrumental in advancing machine learning applications in finance, encouraging the
responsible use of complex models while upholding high standards of accountability and
transparency. Adding to this introduction, the rest of the work is organized as follows.
In Section 2, we present a description of the mathematics behind the methods used in this
study. Section 3 presents the analyses and results of our study, Section 4 gives the explain-
ability with LIME and Section 5 gives the conclusion.

2. Methodology

The goal of this section is to present the mathematical description of the methods and
models used for the validity of our results. The flowchart in Figure 1 illustrates the various
processes performed in this study.

Figure 1: Credit Scoring Flowchart.
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2.1. Data Preparation

2.1.1 Missing Value Imputation using MICE

Multiple Imputation by Chained Equations (MICE) is used as a data imputation tech-
nique to handle missing values in this study. The method assumes that values are missing
at random implying that other columns can be used to determine a missing observation
(Little and Rubin 2019). This is achieved by investigating acceptable estimates that best
approximate the missing value using methods such as regression as discussed by Wulff
and Jeppesen (2017). MICE creates multiple imputed datasets, where each fills in missing
observations with valid data.

Given X = (X1,X2, . . . ,Xk), a set of k features and each feature X j = (Xobserv
j ,Xmis

j ) where
Xobserv

j and Xmis
j are present and missing values respectively. The data imputation challenge

is to get the conditional multivariate density P(X) of X . Let t denote the number of itera-
tions. With the assumption that data are missing at random, we repeat the Gibbs sampler
iteration in Scheuren(2005);

X1 ∼ P(X1|X t
2,X

t
3, . . . ,X

t
k)

X2 ∼ P(X2|X t
1,X

t
3, . . . ,X

t
k)

...

Xk ∼ P(X1|X t
2,X

t
3, . . . ,X

t
k−1)

A study done by Van and Oudshoorn (2000) demonstrated that when dealing with
missing data in a multivariate normal distribution, iterating linear regression models like
X1 = X t

2θ12 + . . .+X t
kθ1k + ε1 with epsilon ∼ N(0,σ) and estimates θ , can be a powerful

tool for imputation as adopted in this present study.

2.1.2 Feature Selection with RFECV

The Recursive Feature Elimination with Cross-Validation (RFECV) method is applied
for feature selection in this work. The method involves deleting features based on the im-
portance it has on the model (Mustaqim et al. 2021). The final subset of selected features
is chosen based on the performance of the model trained on the selected features using an
independent validation set or through a nested cross-validation procedure. Suppose X is the
input data matrix and y is the target vector. The algorithm is as follows:

1. Initialize a model M using all available features in X and evaluate its performance
using cross-validation.

2. Rank the features based on their importance according to M.

3. Remove the least important feature from X , and evaluate the performance of M using
cross-validation. If the performance metric improves, keep the feature removed. If
not, add the feature back to X .
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4. Repeat steps 3-4 until the desired number of features is reached or the model perfor-
mance can no longer be improved. RFECV helps reduce the dimension of the dataset
and that improves the performance of the model (Misra and Yadav, 2020).

2.1.3 Data Standardization

Machine learning offers distinct advantages in addressing some stringent assumptions
associated with traditional statistical methods like Maximum Likelihood Estimation (MLE).
Many machine learning models like the ones adopted in this study do not require assump-
tions about the data’s distribution and can handle complex, nonlinear relationships automat-
ically. This flexibility allows them to adapt more naturally to the actual structure of the
data. Machine learning techniques such as logistic regression (borrowed from statistical
methods) and neural networks are particularly adept at managing non-linearities and inter-
actions without explicit modeling. Moreover, these methods often demonstrate robustness
against outliers and noisy data, a common challenge in real-world datasets. In this study, we
standardized the data before analysis to mitigate the possible effect of outliers. The mean
is subtracted from each feature to standardize the data and then divided by the standard
deviation. Standardization was used in our study to ensure all the inputs were on the same
scale to avoid creating biased models. Given a dataset with n observations and p features,
X j , j = 1,2, . . . p, the mean and standard deviation of feature j is shown in Equations 1 and
2 respectively.

µ j =
1
n

n

∑
i=1

xi (1)

σ j =
1
n

n

∑
i=1

(xi −µ j)
2 (2)

where µ j and σ j are the mean and standard deviation of feature j respectively, xi is the i-th
observation in feature j, and n is the total observations. Standardization of an observation i
of feature j using z-score normalization is expressed as:

Xstandardized =
xi −µ j

σ j
(3)

Standardization is an important technique in machine learning that helps improve the
robustness and generalizability of models.

2.1.4 Data Balancing with SMOTE

Synthetic Minority Oversampling (SMOTE) was applied to address class imbalance.
The method was first introduced by Chawla et al. (2002). It creates synthetic samples
in the minority class for fair distribution between the classes. This method works closely
as K-Nearest Neighbours (KNN). Let X be the input matrix with minority class instances,
k be the number of nearest neighbours in consideration and m be the synthetic samples to
generate. Let xi be a minority data point xi j an ith observation of jth feature and k random
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selected neighbours. The new feature vector Xi,new is given as:

X j,new = X j +(X j −Xr)×α, (4)

where X j is the original feature vector, Xr is the feature vector selected at random and α

is a random number between 0 and 1. SMOTE oversampling helps overcome overfitting
observed in random sampling. Applying this technique enhances the accuracy of classifiers.

2.2. Classification Algorithms

Credit score prediction is a classification task in classification algorithms that classifies
a customer as a defaulter or a non-defaulter. In supervised learning, the machine learns
from labelled data automatically and improves its prediction capability with experience.
The target label depends on the input features in the data and these inputs are meant to give
accurate predictions of unseen data. Given a set of features xi ∈ X the model seeks to find
a function f that maps the features to the output yi ∈ Y , f : X → Y . This function is used
to make predictions of new data after it has learned from a set of labelled data. The model
seeks also to get a function that gives a minimal difference between Y and the models’
prediction f (X), for x ∈ X . This study focuses on two supervised learning classification
algorithms; logistic regression and multilayer perceptron.

2.2.1 Logistic Regression

Logistic Regression is a supervised classification algorithm applied when predicting
a dependent categorical variable. The algorithm captures the probability of an outcome
(e.g., 0 or 1) as a function of one or more input variables. The output of the logistic re-
gression model is a probability value between 0 and 1. The algorithm is an extension of
linear regression where the sigmoid function transforms the linearity (Imtiaz and Brimi-
combe 2017). There are various types of logistic regression. This study utilizes binary and
multinomial logistic regression. The approximated value of y as a linear function of x is
given as:

gβ (x) = β0x0 +β1x1 +β2x2 + · · ·+βpxp = β0 +
p

∑
j=0

β jx = β
′
x, (5)

where gβ (x) is a linear combination of the input variables x1,x2, . . . ,xp and their associated
weights β0,β1,β2, . . . ,βp and x0 = 1. As we saw earlier in supervised learning the main
goal is to find a function that captures the relation between the input and output data. The
sigmoid function transforms gβ (x) in such a way that it takes values between 0 and 1 in the
form:

h(β
′
x) =

1

1+ e−β
′ x
, (6)

h(z) =
1

1+ e−z , (7)

where z = β
′
x and h(z) is the sigmoid or logistic function. From the notion of statistics,

the regression coefficients (i.e. the parameters) provide information about each indepen-
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dent variable’s influence on the variations in the response variable (Hossain 2022). The
conditional probabilities of the labels (0 & 1) for a given observation i are defined by:

p(yi|x;β ) = (gβ (x))
yi(1−gβ (x))

1−yi . (8)

The likelihood function is used to find the values of parameters that maximize the like-
lihood of the observed data to train logistic regression (Hand and Henley 1997, Sewpaul et
al. 2023), Mahmood 2024). The observations are taken to be independent. This function is
given by:

L(β0,β1,β2, . . . ,βp) =
p

∏
i=1

((gβ (x))
yi(1−gβ (x))

1−yi). (9)

where p is the number of observations in the training data, yi is the binary outcome
for the i-th observation (0 or 1), and gβ (x) is the linear combination of input variables
with their associated weights for the i-th observation (Taghavi et al. 2015). An optimization
algorithm such as gradient descent is then used to estimate the values of β

′
. Gradient descent

iteratively updates the parameters and finds the values that minimize the loss function (Zhao
et al. 2015). The gradient of the log-likelihood function with respect to the parameters is
given by:

∇L(β0,β1,β2, . . . ,βp) =
n

∑
i=1

(gβ (x)− y)xi. (10)

The loss function is given by:

L (β0,β1,β2, . . . ,βp) =−1
n

n

∑
i=1

[
yi log(gβ (x))+(1− yi) log(1−gβ (x))

]
. (11)

For prediction, a trained logistic regression model takes in a new instance and gives
a probability output. A threshold such as 0.5 is set to make a binary prediction. The proba-
bility of the classes present adds up to one.

2.2.2 Multilayer Perceptron

Multilayer Perceptron (MLP) is commonly used in credit scoring. Unlike a percepton,
MLP contains more than one hidden node or layer. MLP comprises three types of layers; the
input, hidden and the output layer. Each layer contains interconnected nodes that transmit
signals. The behaviour of hidden neurons is influenced by the input units and the weights
connecting them, while the output neurons’ behaviour is determined by the activities of the
hidden neurons and the weights connecting them to the output neurons (Rodrigues et al.
2020). The main intention in neural networks is to get the ultimate parameters that best
predict an output. The first step is forward propagation where each attribute is fit in the
input layer. These inputs are assigned to random parameters called weights and passed to
the first hidden layer. The hidden layer does some processes, like applying an activation
function to each neuron to determine the output, passing this output to the next hidden layer
for the same process, and then passing it to the output layer. The output layer gives the
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predicted outcome, as shown in Equation 12:

ŷi = h(
n

∑
i=1

wixi +b), (12)

where ŷi, h, wi, xi and b are the output, activation function, weights, inputs and the bias
term respectively. The loss function is then used to compare the predicted output with the
actual output. The cross-entropy loss function is used for classification purposes as shown
in Zhang et al. (2023):

crossentropy =−1
n

n

∑
i=1

p

∑
j=1

yi, j log(ŷi, j), (13)

where n is the number of inputs, p represents the number of different classes present
in Y , yi j is the actual value and ŷi j is the predicted value. An optimizer is then introduced
to the network. Optimizers are computational techniques used to adjust certain parame-
ters of a neural network, such as the weights and bias term, to minimise the loss function
and achieve precise outcomes. The learning rate, a hyperparameter, determines the magni-
tude of the step taken at each iteration as the algorithm moves towards a minimum of the
loss function. Gradient descent is the most commonly used optimizer in neural networks
(Agarwal et al., 2021). Equation 14 shows how the value of a parameter wi j is updated, by
subtracting the product of the learning rate η ,10−6 < η < 1 and the partial derivative of
the loss function L with respect to wi j from its current value. This process is repeated for
each parameter during training to minimize the loss function and improve the neural net-
work’s performance. The learning rate controls how much the parameters of a multilayer
perceptron are updated during training.

wi j+1 = wi j −η
∂L

∂wi j
, (14)

bi j+1 = bi j −η
∂L

∂bi j
, (15)

where, wi j+1, wi j, η , and L are the new weights of observation i feature j, initial weight
of observation i feature j, the learning rate and the loss function respectively. bi j+1 in
Equation 15 is the updated bias term. The collective process of adjusting the parameters
using an optimizer, computing the gradient of the loss function, and propagating the error
backwards through the network is known as backpropagation as discussed in Zhang et al.
(2023). After a multilayer perceptron is trained, it can be used for the prediction of unseen
data and the output is determined by the learned parameters.

2.3. Performance Evaluation Metrics

Evaluation metrics are intended to estimate the model’s ability to generalize unseen
data in this study. Below are the metrics used to evaluate binary classification tasks in
this work. A confusion matrix calculates evaluation metrics such as accuracy, balanced
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accuracy, precision, and F1 score.
Table 1: Representation of a Confusion Matrix.

Class Positive Prediction Negative Prediction
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

The accuracy(AC) performance metric gives the proportion of the correct predictions
out of all the predictions made. The accuracy of a classification model is given as:

AC =
T P+T N

T P+T N +FP+FN
. (16)

The accuracy metric lies between, 0 and 1, where values close to 1 show a good model
performance. The accuracy metric is a commonly used evaluation metric. However, the
metric is sensitive to imbalanced data. In cases of imbalanced data, balanced accuracy is
a more efficient evaluation metric.

Balanced Accuracy (Bal AC) metric gives the average of the true positive rate (sensitiv-
ity) and the true negative rate (specificity). It ranges from 0 to 1. The metric is expressed
as:

BalAC =
Sensitivity+Speci f icity

2
. (17)

With
Sensitivity =

T P
T P+FN

and
Speci f icity =

T N
T N +FP

.

Additionally, this metric guarantees that all classes present are considered which gives
a better view of the model’s performance.

Matthews Correlation Coefficient (MCC) is the association between the actual and the
predicted classes. This metric is commonly used when dealing with imbalanced datasets
because it considers true positives, false positives, and false negatives of the model’s pre-
dictions. MCC is expressed as follows:

MCC =
T P×T N −FP×FN√

(T P+FP)(T P+FN)(T N +FP)(T N +FN)
. (18)

The value of MCC ranges from -1 to 1, with values close to 1 showing a good model
performance. Additionally, an MCC score of 1 indicates a perfect prediction, 0 shows
a random prediction, and -1 indicates a wrong prediction.
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2.4. Machine Learning Explainability

The success stories in solving diverse problems have led to a rapid expansion of the
field, often referred to as a "golden age" because its end cannot be seen (Tran et al. 2022).
However, there are several challenges that need to be addressed for further improvement in
the performance and applicability of machine learning. Interpretability is one of the major
challenges that researchers are working hard to solve so that the models are easy to un-
derstand and explain how they function. Some of the main reasons for machine learning
explainability are: to validate the previous studies made on these algorithms, to increase
the trust of end users of these models, and also the explanation methods may bring in the
validation techniques (Molnar 2020). In this study, a Local Interpretable Model-agnostic
Explanations (LIME) model explainability technique is applied. The aim of this method is
to reduce the difference between artificial intelligence and humans by providing an expla-
nation of how each feature is influencing a classifier. The method’s main focus is to create
a local approximation of our complex model (the trained model) for a particular discussed
by Ribeiro et al. (2016).

Given a set of predictors x ∈ X , our trained model is denoted as f , and g ∈ G where g is
a simple model that comes from G, a family of interpretable models such as linear regres-
sion. An explainer ξ (x) is defined as shown below:

ξ (x) = argming∈GL ( f ,g,πx)+Ω(g), (19)

where πx denotes the local neighbours of an instance x and Ω(g) represents a measure of the
complexity that g ∈ G does not explain. Equation 19 is an optimization task whose aim is to
get a good approximation L and a minimum complexity Ω(g). Basically, the main idea is
to look for a simple model g that approximates the trained model f in the local function L
and keep its simple nature. To accomplish this, a new dataset is generated randomly with
similar features as the original set. Predictions are made using the new data and the complex
model f . The first loss term L is minimized by getting the highest accuracy on the new
dataset using a simple linear model. Ribeiro et al. (2016), get the loss term by getting the
difference in the sum of squared distances between the labels predicted by model f and the
predictions of model g. πx is also included to weigh the loss according to how close the data
point is.

L ( f ,g,πx) = ∑
y,y′

πx(y)( f (y)−g(y
′
))2. (20)

The loss term Ω(g), ensures that the model keeps its simplicity nature. Ribeiro et al.
(2016) state that in LIME, a sparse linear model is used to maintain simplicity. This model
takes care of the second loss function since the model aims at producing as many zero
weights as it can. This can also be achieved by using regularization techniques that help get
a simple model with relevant features (Molnar 2020).

3. Data Analyses and Results

This section aims to provide a description of our datasets, an evaluation of the model’s
performance, and an explanation of the model’s prediction. We used Python 3 software to
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implement the various methods applied. Python libraries used include Pandas, Matplotlib,
Seaborn, Scikit-learn as indicated by Pedregosa et al. (2011) and TensorFlow.

3.1. Data Description and Preprocessing

We used two types of datasets, a binary and multiclass case dependent variable. Both
datasets contained categorical and numerical variables. The binary case dataset contained
32580 observations with a total of 12 columns while the multiclass case had 100,000 obser-
vations and 28 columns. In the binary case data, the dependent variable, ’loan status’, takes
a value of 0 or 1, where 0 indicates that the customer is a non-defaulter, while 1 is a de-
faulter. Conversely, in the multiclass case, the dependent variable, ’credit score’, consists of
three categories: good, standard, and poor credit scores. The simulated dataset was obtained
using the make classification inbuilt function in scikit-learn library in Python. The binary
case dataset contained 4011 missing values, but no missing values in the multiclass case.
Various methods were employed, such as imputation of missing values, feature selection,
standardization, data splitting, and balancing of classes in the training set to ensure that the
data were consistent, complete, and appropriate. Good quality data and relevant features
improve the accuracy and generalization of the model (Laborda and Ryoo 2021).

(a) Before Balancing (b) After Balancing (c) Before Balancing

(d) After Balancing

Figure 2: Distribution of Classes.

Figure 2a shows the distribution of customers’ loan status, with approximately 78%
non-defaulter customers and 22% defaulters. After preprocessing, the dataset was reduced
to 32414 rows and 8 features for the binary case and 100000 rows and 16 variables for the
multiclass case, using recursive feature elimination with cross-validation method. Figure 2c
shows the proportion of customers’ credit scores, with approximately 53% of the customers
having a standard credit score, 29% having a poor one and 18% having a good score.
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3.2. Model Assessment and Discussion

The performance evaluation metrics such as accuracy, balanced accuracy, Matthews
Correlation Coefficient (MCC), precision and AUC-ROC score were used to examine the
performance of the models used in the study. To assess the model’s performance, we divided
our data where 80% of the data trained the models and 20% for evaluation. The parameters
used to train the MLP are shown in Table 2.

Table 2: Multilayer Perceptron Hyperparameters.

Parameters Levels in Binary
Classification

Levels in Multiclass
Classification

Hidden Layers
2(8, 6 nodes in each

layer)
2(10, 8 nodes in each

layer)
Output Layer 2 nodes 3 nodes

Activation Functions relu, relu, sigmoid relu, relu, softmax
Dropout 0.1 0.1

Loss Function binary cross entropy categorical cross entropy
Optimizer Adam Adam
Iterations 50 50

3.2.1 Binary Case

Table 3 gives a view of how the models performed based on different evaluation metrics.
Table 3: Performance of LR and MLP for Binary Classification.

Evaluation
Metrics

Empirical
Data

Simulated
Data

Imbalanced Data Balanced Data Imbalanced Data Balanced Data
LR MLP LR MLP LR MLP LR MLP

Accuracy 0.832 0.888 0.755 0.878 0.910 0.939 0.870 0.928
Balanced
Accuracy

0.673 0.759 0.754 0.812 0.820 0.871 0.860 0.902

Precision 0.820 0.861 0.820 0.880 0.890 0.900 0.890 0.940
F1 Score 0.810 0.870 0.770 0.880 0.900 0.940 0.880 0.940

MCC 0.436 0.624 0.437 0.648 0.701 0.813 0.657 0.856
AUC-ROC

score 0.827 0.759 0.828 0.812 0.924 0.871 0.925 0.902

From Table 3, we observe that the accuracy of all created models decreases after balanc-
ing the data. Given the sensitivity of accuracy on imbalanced data, we consider balanced
accuracy metric. MLP exhibits a higher performance for both imbalanced and balanced data
than logistic regression for both accuracy and balanced accuracy metrics. This highlights
MLP’s ability to predict the credit payment ability of customers accurately. The models
demonstrate higher MCC scores after data balancing. MLP has higher MCC scores com-
pared to LR. This shows MLP’s ability to predict both non-default and default customers
more accurately than LR.
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The precision scores of all the models are found to be high on both balanced and im-
balanced data. Upon comparing the performance of LR and MLP, we observe that MLP
exhibited higher precision scores than LR. This indicates that MLP is more capable of ac-
curately classifying true positive instances out of the total positives compared to LR, which
means it is better at capturing fewer false non-default customers. The F1 scores of LR and
MLP are reasonably high, indicating that both models are able to capture the underlying
patterns in the dataset. Based on F1 score MLP performs best. Both models demonstrated
a good performance based on the AUC-ROC score, as all models achieved scores higher
than 0.5. This suggests that the models were able to effectively distinguish between non-
default and default loan applicants. Notably, LR outperforms MLP by achieving a higher
AUC-ROC score. This means that LR has a higher ability to distinguish loan applicants
than MLP. We observe that the results of all the metrics appear similar in both the empirical
and simulated data.

The confusion matrices in Figure 3 provide a summary of the number of correct and
incorrect predictions made by the two models we have created on imbalanced and balanced
data in our binary classification. The non-default class, which is the majority class, shows
a higher count of instances that are correctly predicted on imbalanced data. However, after
balancing the data, a more balanced distribution is achieved across all classes. This indi-
cates that for imbalanced data, the models are more likely to predict the non-default class,
but after balancing the data, the models become better at predicting the minority class as
well. In addition, MLP demonstrates a greater ability to accurately predict the true classes
and a lower number of misclassifications shown in the off-diagonal elements of the confu-
sion matrices in comparison to LR.

(a) LR before Balancing (b) LR after Balancing

(c) MLP before Balancing (d) MLP after Balancing

Figure 3: Binary Confusion Matrix.
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3.2.2 Multiclass Case

This section focuses on the model performance of our second dataset which has a de-
pendent variable with three classes. The models created are meant to predict whether
a customer has a good, standard or poor credit score. A good credit score means that
a customer is likely to pay a given loan on time; a standard credit score, the customer
pays the loan on time on average; and a poor credit score means that the customer is likely
to default on a loan. A visual of the model’s performance is shown in Table 4 for both
imbalanced and balanced data. The simulated data showed similar performance scores for
both imbalanced and balanced data.

Table 4: Performance Metrics of LR and MLP for Multiclass Classification.

Evaluation
Metrics

Empirical
Data

Simulated
Data

Imbalanced Data Balanced Data
LR MLP LR MLP LR MLP

Accuracy 0.645 0.680 0.65 0.678 0.629 0.687
Balanced
Accuracy

0.600 0.709 0.685 0.718 0.525 0.621

Precision 0.660 0.710 0.690 0.720 0.620 0.700
F1 Score 0.650 0.670 0.650 0.680 0.610 0.680

MCC 0.422 0.485 0.469 0.515 0.345 0.473
AUC-ROC score 0.806 0.855 0.803 0.849 0.770 0.840

An analysis of the performance of our models with respect to the scores presented in
Table 4 revealed that MLP exhibited a higher accuracy and balanced accuracy on both bal-
anced and imbalanced data compared to LR. This is also observed in the simulated data.
This means that MLP model was better at predicting the probability of a good, standard
or poor credit score than LR. MLP has a higher precision score, 71% for imbalanced and
72% for balanced data compared to LR. MLP model also showed higher MCC scores of
0.485 and 0.515 for imbalanced and balanced data, respectively, in comparison to logistic
regression, which showed MCC scores of 0.422 and 0.469 for imbalanced and balanced
data, respectively. This indicates that MLP has a higher capacity to accurately predict the
three classes of customers compared to LR. This means that MLP can capture fewer false
positives. The MCC values can vary depending on factors such as class distribution, the sep-
aration of classes, interclass correlations, and the complexity of the model. It is important to
consider these factors and evaluate MCC values on a case-by-case basis, as the interpretation
of MCC values depends on the specific problem, dataset, and model performance in both
binary and multiclass classification scenarios (Chicco et al. 2020). All the models perform
well on AUC-ROC scores because they have scores greater than 0.5. This indicates that
both models can distinguish between loan applicants with good, standard and poor credit
scores. Considerably, MLP has higher AUC-ROC scores than LR. This shows that MLP
has a higher ability to distinguish loan applicants than LR. Moreover, on the simulated data,
MLP performs better than LR for all the performance metrics.

Figure 4 presents the confusion matrices of the multiclass classification models. Before
balancing, as shown in Figures 4a and 4c, the standard credit score class had the highest
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count owing to its majority class status, whereas the good credit score class had the lowest
count as a result of being the minority class. Following the balancing of our data, in Fig-
ures 4b and 4d, the count of majority classes reduced therefore achieving a fair distribution
across all classes. Our analysis of the confusion matrices presented in Figures 4b and 4d
shows that the MLP model outperformed logistic regression in terms of correctly predicting
class elements for the balanced data. This observation is consistent with the higher balanced
accuracy of the MLP model, as reported in Table 4.

(a) LR before Balancing (b) LR after Balancing

(c) MLP before Balancing (d) MLP after Balancing

Figure 4: Multiclass Confusion Matrix.

4. Explainability with LIME

In order to obtain explanations of a model’s prediction we use the LIME package in
Python. We compile a list of the attributes used to train the model. We then define class
labels (i.e. non-defaulter and defaulter for binary classification, and good, standard and poor
for the multiclass classification), and then we create a function that provides the probabilities
of each feature, fed it as an array. Passing all these components to the LIME explainer
object, we input an observation into the explainer, which yields a prediction and offers
insights into how each feature contributes to the classes present. Figures 5, 6, 7, and 8
display a visual representation of the prediction explanations for two instances provided
by LIME. The results of a binary class prediction instance for imbalanced and balanced
datasets are illustrated in Figures 5 and 6, respectively.
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Figure 5: LIME explanations for a given observation on Binary Imbalanced data.

Figure 6: LIME explanations for a given observation on Binary Balanced data.

Figure 5 displays the prediction of a non-default customer, where all features were rel-
evant in contributing to the non-default class prediction. In the scenario of balanced data
in Figure 6, we observe a similar prediction of a non-default class on the same instance.
However, in this case only three features significantly contribute to the non-default class:
the applicants’ income, loan grade, and loan amount. In both cases, the models give 100%
assurance that the given loan applicant is a non-defaulter meaning that the given customer
was likely to pay the loan on time. Figures 7 and 8 present the LIME explanation for a given
instance on both imbalanced and balanced multiclass data, respectively.

Figure 7: LIME generated explanations for a given observation on Multiclass Imbalanced
data.
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Figure 8: LIME generated explanations for a given observation on Multiclass Balanced
data.

In Figure 7, we observe that the model predicts a standard credit score for the given loan
applicant, where most features contribute to the decision. Additionally, the model shows
100% confidence in its prediction, suggesting a high likelihood that the customer will not
pay the loan on time entirely. However, the prediction for the same loan applicant differs
when it comes to balanced data, as shown in Figure 8. In this scenario, the model predicted
with 46% assurance that the given applicant had a good credit score, indicating a likelihood
of timely loan repayment. This information proves to be valuable to financial regulators in
their decision-making process regarding loan offers.

5. Conclusion

In this study, we have compared the predictive ability of Logistic Regression (LR) and
a Multilayer Perceptron (MLP) using two types of datasets, with an advanced model ex-
plainability technique - Local Interpretable Model-Agnostic Explanations (LIME). The find-
ings show that all models performed better after the data were balanced. MLP had higher
scores than LR in terms of balanced accuracy, Matthews correlation coefficient, and F1
score. From our findings, this study recommends that lending companies with small amounts
of data use a logistic regression model but for companies with vast amounts of data a mul-
tilayer perceptron will ease their credit offer processes. The study also highlights the im-
portance of using explainable artificial intelligence. With the LIME explanation approach,
we were able to see how each feature influences the predicted class of a model for a given
instance. We also found out that, models developed on imbalanced data are likely to show
biased results, which may cost the lenders in the future. From what we were able to inter-
pret, the LIME framework will enable developers to clarify to end-users the rationale behind
a specific decision.
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