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Abstract: Credit scoring models are important tools for evaluating the credit status of individuals or businesses and play a
significant role in the financial field. This study aims to suggest a prediction framework for credit evaluation model based on
machine learning (ML) algorithms and explore the application principles and steps of combining credit scoring models, then
provide an practical example to show the method for applying the model.In addition, the article also analyzes the issues that
credit evaluation models should pay attention to in production practice at the end.
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1. Introduction

Using machine learning algorithms in credit evaluation
model is both frontier and challenging. The credit scoring
model is an important tool for evaluating credit status of
individuals or businesses, and plays a significant role in the
financial field. Machine learning algorithms, with their
powerful data processing capabilities and precise risk
identification abilities, have injected new vitality into credit
scoring models. Today, more and more banks and financial
institutions are wusing artificial intelligence for credit
management. Therefore, we should explore methods of
integrating credit evaluation models with machine learning
algorithms.

2. Methodology

2.1. Basic Principles of Credit Evaluation
Models

Credit evaluation models often use statistical analysis of
historical data to determine factors that affect default
probability and assign corresponding weights to calculate
credit scores.

Data preprocessing refers to the process of cleaning,
transforming, and normalizing input data during model
training and prediction to improve model performance.
Common data preprocessing methods include:

Data cleaning: including methods such as removing
duplicate data, deleting invalid data, and repairing erroneous
data.

Missing value handling: including methods such as
deleting missing values and filling in missing values.

Data conversion: including methods such as Hot encoding,
tag encoding, and standardization.

Data normalization: including methods such as minimum
maximum normalization and normalization.

Feature engineering refers to the process of creating new
features based on input data during model training and
prediction to improve model performance. Common feature
engineering methods include:

Feature extraction: including statistical features, time series
features, text features, and other methods.

Feature selection: including methods such as correlation
evaluation, information gain evaluation, L1 regularization,

360

etc.

Feature construction: including methods such as cross
feature and combination feature.

This process involves multiple steps, including data
collection, data processing, model training, model validation,
and improvement. Common statistical learning methods
include linear regression, logistic regression, probability
analysis, decision trees, neural networks, etc. Different
methods have different advantages and disadvantages, and are
suitable for different scenarios and needs. Essentially, credit
assessment is a process of scoring or classifying customers,
which can be achieved through different types of statistical
learning algorithms with varying application scenarios.

2.2. Application of Machine Learning
Algorithms in Credit Evaluation

With the continuous development of big data and artificial
intelligence technology, the application of machine learning
algorithms in credit evaluation is becoming increasingly
widespread. Machine learning algorithms can automatically
learn features from large amounts of historical data, improve
and adjust credit evaluation models, thus making analysis
results more accurate. Common machine learning algorithms
include support vector machines, random forests, gradient
boosting decision trees, deep learning, etc. These algorithms
can capture more complex nonlinear relationships and
improve the accuracy of credit scoring. In addition, we can
also integrate the evaluation results of different types of
algorithms.

Model selection requires consideration of multiple factors,
including task type, dataset, model complexity, and
computational resources.

Firstly, it is necessary to clarify one's task type, as different
types of tasks require the use of different models.

Secondly, it is necessary to consider the dataset used, as its
size, characteristics, and difficulty can all affect the
performance and selection of the model. For example, for
smaller datasets, lightweight models can be used, while for
complex datasets, more complex models are required.

Thirdly, it is also necessary to consider the limitations of
computing resources, such as computing power, memory size,
and video memory size. If computing resources are limited,
lightweight models can be chosen or distributed training
techniques can be used to accelerate training.



Finally, the complexity and training difficulty of the model
also need to be considered. Generally speaking, the more
complex the model, the more computing resources it requires,
and the greater the training difficulty. Therefore, when
selecting a model, it is necessary to balance model complexity
and performance

3. Steps for Combining Credit Scoring
with Machine Learning Algorithms

Establishing a credit evaluation model typically requires
the following steps (figure 1):
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Figure 1. Steps to establish a credit evaluation model
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3.1. Data Processing and Feature Engineering

In the combined application of credit evaluation models
and machine learning algorithms, data processing and feature
engineering are crucial steps.

Firstly, it is necessary to collect relevant data, including
personal information, credit records, loan history, etc. These
data may come from different sources, so preprocessing steps
such as data cleaning, missing value processing, and outlier
detection are required.

Next, feature engineering is required to extract
representative features such as income level, debt situation,
and historical repayment records for use in machine learning
models.

3.2. Model Selection and Training

During the model selection and training phase, it is
necessary to choose suitable machine learning algorithms
based on specific application scenarios and requirements. For
example, if the data volume is large and the features are
complex, complex models such as deep learning can be
chosen; If the data volume is small and the features are simple,
simple models such as logistic regression can be chosen. After
selecting the model, it is necessary to use the training set to
train and optimize the model.

During the training process, it is necessary to continuously
adjust the parameters and structure of the model to improve
its predictive performance.

3.3. Model Evaluation and Optimization

Model evaluation is a crucial step in testing the
performance of a model. In credit scoring models, commonly
used evaluation indicators include accuracy, recall, F1 score,
AUC value, etc. These indicators can evaluate the
performance of the model from different perspectives,
helping us identify problems and optimize the model. When
optimizing the model, methods such as cross validation and
grid search can be used to find the optimal model parameters
and structure.
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3.4. Ensemble Learning and Model Fusion

To improve the accuracy and stability of credit scoring
models, ensemble learning methods can be used. Ensemble
learning can obtain more accurate and reliable prediction
results by combining the prediction results of multiple models.
For example, different models such as logistic regression,
decision trees, and random forests can be used to rate the
credit of the same group of users, and then the rating results
of multiple models can be combined through methods such as
weighted average. This can not only improve the accuracy of
the model, but also reduce the risk of overfitting.

4. A Practical Example

Assuming we have four credit scoring models based on
different algorithms: Model A (logistic regression), Model B
(decision tree), Model C (random forest), and Model D
(gradient boosting tree). We will use these four models to
score the credit of the same group of users and obtain the final
credit score through ensemble learning.

Step 1: Using four models to rate users separately.
Assuming that the rating range for each model is 0-100 points,
the higher the score, the lower the credit risk.

Step 2: Using a strategy to combine the rating results of
these four models. We choose to use the weighted average
method as the integration strategy here. Assuming our trust
levels for these four models are 0.2, 0.2, 0.3, and 0.3
respectively (totaling 1), the final credit score can be
calculated using the following formula:

Final rating = 0.2 * Model A rating + 0.2 *
Model B rating + 0.3 * Model C rating + 0.3 *
Model D rating (1)

Step 3: Using this formula, we can obtain the final credit
score for each user. This score combines the prediction results
of the four models, so it is more accurate and reliable than that
of a single model.

Step 4: Use this model to analyze more data. During the
analysis processing, the trust level of the four models can be
slightly tuned based on the accuracy of the results, in order to
improve the models until the analysis error stabilizes within a
tolerable range.

This case has certain generality and can be smoothly
migrated to similar generation environments. It should be
noted that in commercial scenarios, attention should be paid
to the design of algorithm complexity and process feasibility.
Overly complex algorithms and logical designs can result in
high operational costs and lack feasibility.

5. Conclusion

In the systems of financial institutions and banks, the
algorithms commonly used for application scoring and
behavior scoring are logistic regression, followed by
hierarchical clustering and discriminant analysis, decision
trees, etc. Due to the need for good interpretability in
application and credit scoring, using neural network models
can appear slightly complex.

In fact, there is almost no single algorithm in current credit
evaluation, all of which are comprehensive processing. In fact,
data processing mainly includes:

1) Explore data, analyze various statistical indicators and
individual variables, and preprocess and standardize data for
individual variables.



2) Analyze the relationship between variables in the data.

3) Based on the analysis of variables and their relationships,
or the analysis of variables, draw conclusions.

4) Validate the consistency between the model and the data
using raw data, and validate the predictive accuracy of the
model using new data.

Different processing requires us to use different algorithms
for analysis. The combination of credit scoring models and
machine learning algorithms has a broad application prospect.
Through algorithms such as machine learning and deep
learning, the model can also automatically update data, adjust
scoring rules, and monitor risk changes in real-time.

If we can fully leverage the advantages of machine learning
algorithms in data processing and pattern recognition, we can
generate more accurate, efficient, and intelligent credit
evaluation models to cope with increasingly complex
financial environments and market requirements.

The application of artificial intelligence technology in
credit scoring algorithms is also one of the most highly
technical tasks. It should be noted that establishing a credit
evaluation model requires a profound understanding of the
formation and  operation mechanism, behavioral
characteristics, and essential attributes of credit. Because of
this, building a commercially viable and highly intelligent
credit platform is often limited by the complexity of the
architecture and platform algorithms. With the continuous
improvement of human technological capabilities, the in-
depth development of artificial intelligence and big data
technology will inevitably bring more technological
application space and regulatory issues. Therefore, in-depth
research and design of credit scoring algorithms need to
consider both technological and social factors, and adjust
them in a timely manner with the development of digital
economy production methods.
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