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Abstract: In today’s world, credit scoring plays a crucial role in financial institutions, banks,
and lending organizations, as it enables the assessment of a customer’s likelihood of repaying a loan
on time. A credit scoring model serves as a predictive tool that estimates the Probability of Default
(PD) for a given borrower based on various financial and behavioral indicators. With the advancement
of artificial intelligence and machine learning techniques, modern credit scoring systems have
become more accurate and efficient in processing large volumes of data. However, these systems may
also introduce challenges related to transparency, fairness, and potential bias in decision-making. This
study examines the fundamentals of credit scoring models, their practical applications, and the
growing role of Al in enhancing predictive performance while addressing ethical considerations. The
findings emphasize the importance of developing reliable, interpretable, and fair credit scoring
systems to ensure sustainable and inclusive financial services.
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INTRODUCTION

Not long ago, people would just manually check out a few basic factors of their clients’
background. Then traditional mathematical models appeared that started calculating the Probability
of Default that greatly helped in scoring. Time has passed and now more and more machine learning
models are replacing traditional scoring methods. This is because these models have revolutionized
the way of scoring by being able to take as an input a client’s data such as age, region, credit history
and behavioral data stacked together and give a precise number as an output showing how likely the
client will go default. One of the mostly used models nowadays is Logistic Regression.

The role of Logistic Regression

Logistic Regression is considered almost a default algorithm among banks due to its simplicity,
effectiveness and interpretability. It is also easy to train and deploy on many platforms by being not
robust. However, arguably the biggest advantage of Logistic Regression over other, more complex,

models is its temporal stability — that is, its ability to maintain performance when used to data from
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future time periods, outside the training window. Therefore, it relatively does not need to be re-trained
frequently.

Logistic Regression is a supervised machine learning algorithm used for classification that
predicts a discrete or categorical outcome. The key idea is to model the probability that the target
variable equals 1 given the input features. The relationship is expressed as:

1

P( Y=1 | X) = 1+ e—(BO+B1X1+[32X2+'"+[3an)

» P(Y =1|X) isthe probability of the event occurring (e.g., default).
> Po is the intercept.
> PBu, P2, ..., Pn are the coefficients for the input features X1, Xo, ..., Xn.

The exponentiated value in the logistic formula represents a linear regression model with a
linear combination of the input features. However, instead of using this linear output directly to
predict an outcome, logistic regression applies the exponential function and then the sigmoid
(logistic) function to transform this value into a probability between 0 and 1. The closer the value to
1 the higher the probability of an event occurring and vice versa
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Figure 1: The Sigmoid Function.

As a result, logistic regression can be viewed as using a linear regression model as an
intermediate step, and then wrapping it in a non-linear function (the sigmoid) to produce probabilities
that are suitable for classification problems—such as credit scoring.

Data Collection and Preparation

An essential foundation for building an effective credit scoring model is the quality and
preparation of data. Banks use different types of data based on their own business model and

protocols. Common client data to be used are usually age, marital status, official income, region and
credit history.
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The data preparation phase is equally important and involves several key steps. Data cleaning
is performed to remove outliers and duplicate records. Preprocessing involves normalizing numerical
values into a common range as well as encoding categorical features. Addressing missing values is
critical, as incomplete data can break the model; common techniques include removal or taking the
mean, median and mode of the data points. Feature engineering is a key step as it allows to extract
valuable information from behavioral data and use them as new features to the model.

Throughout the data collection and preparation process, it is mandatory to account for data
privacy. Clients’ personal and financial information must be handled securely and in compliance with
relevant data protection regulations. Encryption of this information while the dataset is being prepared
to fit the model is what differs financial models from others.

Building the Credit Scoring Model

Once data collection and preparation are complete, the next stage is building the credit scoring
model.

The initial step is to split the dataset into training and testing subsets. The training set is used to
train the logistic regression model and the testing set is kept for evaluating how well the model
performs on unseen data, which is called generalization. Splitting varies depending on the task, dataset
and the business goal but a typical split is 70% training and 30% testing if the dataset is large enough,
or 80% training and 20% testing if it is small.

After splitting the dataset, the logistic regression model is trained using the training set. The
model learns by adjusting its parameters (coefficients) and minimizing a loss function which is the
log-loss or binary cross-entropy for logistic regression. The process involves:

v' Feeding the input features (e.g., age, region, income, credit history) to the model.

v" Using the sigmoid function to produce a probability of default.

v Iteratively adjusting the coefficients to reduce prediction errors.

The final step involves evaluating the model's performance. In credit scoring evaluating metrics
can be Accuracy, Precision and Recall and F1 Score but the widely used one is ROC-AUC Score
(Receiver Operating Characteristic — Area Under the Curve).

Interpreting and Explaining the Model

Interpretability is one of the key reasons Logistic Regression remains widely used in credit
scoring, especially when explaining stakeholders why an exact decision has been made.

In logistic regression, its coefficients directly influence a prediction. The larger the absolute
value of a coefficient, the more influence that feature has on the predicted probability of default.

» A positive coefficient increases the likelihood of default (i.e., pushes the probability closer
to 1).

» A negative coefficient decreases the likelihood of default (i.e., pushes the probability closer

156



to 0).

Ranking the learned coefficients of the model helps in identifying the most and least valuable
features of the model. Regularization helps with that, especially the Lasso also known as L1
regularization.

Finally, based on the business need a threshold between 0 and 1 is picked up for the model
which means the model’s prediction above the threshold will reject a customer’s application for a
loan and the prediction below the threshold will approve it.

CONCLUSION

Despite Logistic Regression being a simple algorithm, it is still widely used for credit scoring
in many financial institutions and banks. This is due to its stability and interpretability when trying
to explain the stakeholders the logic behind a decision made. Deploying Logistic Regression is fairly
easy in almost any decision-making system which makes it even more of a favorite option among
other algorithms.
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