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Abstract:

With the advancement of technology in recent years, Artificial Intelligence (Al)
is playing a significant part in most of the industries. These days, Al is being
adopted in every industry, making human life easier and more manageable. Al
has become an essential tool in machine learning modules like Decision Tree and
Random Forest, which provide the system with the most accurate prediction and
classification capabilities.

This project involves building a machine learning model using a banking
institution's dataset to predict the term subscription prabability of the bank's
customers.

Introduction:

Overview:

Artificial Intelligence is a rapidly evolving field in computing. Its main aim is to
create a model that can replicate human behaviour at its best. One of the main
modules in Artificial Intelligence is Machine Learning, which is presently the
most popular approach, which is based on principle learning from given data[1]
Decision Tree and Random Forest are twa main classification algorithms in the
Machine learning module which comes under supervised learning.

Problem Statement:

The main aim of this project is to predict the probability of customers subscribing
to bank term depaosits. These days, banks like to keep track of their customers by
observing their deposits, newly opened accounts, customers applying for loans,
and more. This is because when they introduce any new policies, they can have
an exact judgment of who possibly subscribes to them. This can be achieved by
a prediction table, using machine learning modules, and a dataset of the bank’s
customers. This project aims to develop a Machine Learning model utilizing
Decision Tree and Random Forest algorithms to predict the probability of
customers subscribing to term deposits and identify the key factors that are
influencing customer’s behaviours accurately. The traditional approach may not
give accurate predictions, so Decision Trees and Random forests are used to read
patterns like these to deliver reliable predictions.




Literature Support:

Artificial Intelligence confines technology and science that develops intelligent
machines and computer programs capable of performing tasks requiring human
intelligence. It is one of the most popular technological innovations that replace
manual labour performed by humans in various fields worldwide. Artificial
Intelligence was once simply a concept discussed in science fiction and debates
about the impact that it could create on the modern world. Its ability to perform
tasks that humans cannot lead to various applications that significantly enhance
performance and productivity[2].

Artificial intelligence is the study and development of machines and software
smart enough to perform human tasks. It has advantages over natural
intelligence as it is more permanent, consistent, and can be easily replicated. All
functions performed can be easily documented, and they perform tasks faster
and better than a human[3].

Machine Learning techniques are being utilized in various fields, such as
computer vision, medicine, airport operations, banking, and other medical
applications. This discipline involves varying levels of complexity, requiring
regular human interactions at higher levels to train models for improved
decision-making accuracy[4].

There are two types of characteristics in Machine learning: supervised learning
and unsupervised learning, which are widely followed to train the model. These
are widely used in software to help the model get trained and enhance the user
experience. Implementing Machine Learning in robots to make them smarter by
training them in daily life to adapt to the environment is one of the most used
practices. So, it can acquire various skills like object placement, language
translation, and other day-to-day work with regular human interaction[5].

Supervised and unsupervised learning are the principal algorithms used in
machine learning to train the model. In Supervised learning, the model is given
data to train it with both input and desired results. With that given data, the
model analyses, verifies and gives the output[6]. In Unsupervised learning, the
model addresses the problems with little idea and sometimes even no clue
about how the results is going to look like[7].

Here's is an example of Supervised learning.




* Training data: dataset comprised of labeled examples: a pair of (input, label)
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Fig 1. Training the model using Supervised Learning[8].

The above image shows how supervised learning works. A set of data with
images from four different variations is provided to train the model. When an
image is displayed for classification, the model refers to the training data set
provided to verify the features, and classification is done to give an accurate
output.

Here's is an example of Unsupervised Learning.

UNSUPERVISED LEARNING

Input raw data Interpretation, Machine Learning Algorithm
& Processing
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Fig 2. Training the model using Unsupervised Learning[7].

The above image shows how Unsupervised Learning works. The given data is
scattered and unstructured. From that input data, the model organizes the
clusters. It will train itself by classifying the input data and providing accurate
results.




Decision tree is one of the most used methods for classifying data such as
statistics, pattern recognition, image classification, text classification, etc [9]. It
has various attracting features, such as its ability to handle mixed data, simplicity
and ease of understanding, and no parameters. A decision tree is created from
a collection of labelled training instances containing tuples of attribute values
and their corresponding class labels. Due to the extensive search space, learning
a decision tree is typically greedy, proceeding in a top-down manner and using
recursion. It starts with the entire training dataset and an empty tree[10]. ltis a
technique that can produce both classification and Regression trees depending
on whether the input variable is categorical or numeric.

A Random Forest is also one of the majorly used models in supervised learning,
which has been extremely successful. It associates several random decision trees
and then combines their predictions by averaging them. This has shown
excellent performance when the number of variables is larger than the number
of observations taken, itis adaptable enough to be applied to medium and large-
scale problems and can easily be improved to various ad hoc learning tasks and
returns measures of mutable importance[13]. Random Forest algorithm
estimates the error rate more accurately compared to Decision Tree; it was
mathematically proven especially when the number of trees increases[14]. The
Random Forest creates a subset of each node of a decision tree, and it then
combines the output of individual decision trees and generates the accurate final
output. This process of merging the output of multiple individual decision trees
is called as Ensemble Learning.

There are studies that show how machine learning models can help predict
customer behaviour. Quinlin researched and proposed a Decision Trees, an
intuitive model which can work in various domains and can handle both
categorical and numerical data. But in complicated datasets, these models
frequently needed help with overfitting and sensitivity to noise[15].

But later in 2001, Leo Breiman’s development of Random Forests fixed these
limitations of decision tree by taking the predictions from multiple decision trees
and combining them which resulted in more accurate outputs. Random forests
are very effective when larges datasets are given because they generalize the
data in a better way and are less liable to overfitting[16].




Here is the table comparing the difference between Decision Tree and Random

Forest.
Characteristics
Nature
Accuracy

Time required to train
Reliability

Usability

Robustness

Tuning Requirements

Scalability

Complexity level

Ability of parallel
processing

Decision Tree
Just One Decision Tree

Less accurate
Generally fast as it has
only one decision tree

Less reliable

Perfect for simple tasks

Sensitive
Basic tuning required

Struggles when large
dataset is provided
Simple and easy to

understand
Less parallel processing
as there is only single
tree

Random Forest
Combination of the
results from multiple

Decision Trees

High Accuracy
Slow, due to multiple

trees
More reliable as it takes
results from multiple
trees
Appropriate for complex
tasks and has high
dimensional data

Robust in nature

Demands
Hyperparameter tuning
Handles large sets of
data very well.
Complex model and
hard to understand
Does parallel tree
construction for
increasing efficacy

Strengths and weaknesses of Random Forest and Decision Tree.

Decision Trees:

Strengths:

YV V V VY

Weakness:

Easy to read and understand as it is only a single tree
Minimum data preparation and processing required
Easy to validate data by performing various tests
Less time required and perfect for small programs
Minimum amount of computer power required




v

Can’t handle large data sets

Inclined to overfitting of data

Few concepts can be hard to understand because the model can’t
express it clearly

Might have lower accuracy when large data set is provided

These are strengths and weaknesses of the Decision Tree model[17].

Random Forests:

Strengths:

>

Very accurate results provided

» It gives helpful internal information of errors and variable importance

» It can parallelly process multiple tress for quick responses

» Can easily handle large sets of data for complex programmes

>

Very reliable

Weakness:

>

>

Very complex so, it is sometimes difficult to understand

It takes time to process large sets of data hence the output is a bit
delayed

Utilizes more memory

High power systems are required to process the data

Parameter tuning required for optimum performance

These are strengths and weaknesses of the Random Forest model[18].

Methodology:

Description:

This section describes the methodology undertaken for developing and
implementing Machine Learning models for predicting term deposit
subscriptions. The dataset used in this project is taken from the marketing
campaign conducted by a Portuguese banking institution. It contains 41188
records and 20 different features, including both numerical and categorical
data. It includes two variables, y, and n, representing yes or no, which are used
to describe the characteristics of the customer.




Data Exploration and Preprocessing:

This project starts with an in-depth exploration of the dataset. The steps involved
in this process are understanding the structure, characteristics, and distribution
of the data. Before the data processing the data will be cleaned and pre-
processed and if there are any values that are missing in the dataset, they need
to be replaced so that there is no information loss.

Some of the key preprocessing steps are:

» Data splitting is used to split the data into training and testing sets in an
80-20 ratio to thoroughly assess model performance on unseen data.
Stratified sampling is used to ensure the class distribution is maintained
for a balanced and reliable evaluation.

» Data cleaning is the process of appropriately handling missing values to
ensure data quality. Imputation techniques are used where necessary, and
any rows with substantial missing data are systematically excluded,
ensuring that the sample size remains robust.

» Categorical variable encoding is used for effectively encoding using
techniques like one-hot encoding or label encoding, chosen strategically
based on the nature of the variable and its significance for model
interpretability and performance [19].

Data cleaning is not used in this project because there is no missing data in the
data set provided.

Exploratory Data Analysis (EDA):

The purpose of EDA is to uncover the patterns and insights in the data. This is
one of the essential steps in the analysis. It is the first step, followed by data
collection and preprocessing. The primary aim of EDA is to examine the data for
distribution. EDA provides tools for hypothesis generation by visualizing and
understanding the data through graphical representation. The data is effectively
visualized, plotted, and manipulated without assumptions, enabling a
comprehensive evaluation of data quality and the development of effective
models[19].

Model Selection: Decision Tree and Random Forest Classifiers:




Decision Tree and Random Forest Classifiers are used because they are very
effective and interprets well while handling mixed data types and has a high
classification capability.

The Decision Tree is an excellent choice due to its simplicity and clarity. It offers
straightforward visual representation of decision paths and efficiently focusses
critical features in the decision-making process. While it does have limitations,
particularly with large datasets where it may tend to overfit, its instinctive nature
and ease of understanding make it a powerful tool in many situations[9].

The Random Forest is an excellent choice because it is an ensemble in nature. It
effectively handles the overfitting problem that often occurs in Decision Trees by
combining the outcomes of multiple trees. This approach significantly enhances
its precision and robustness, making it a powerful tool in predictive[14].

Hyperparameter Tuning:

Hyperparameter Tuning is done to enhance the performance of both Decision
Trees and Radom Forest models.

In Decision Trees, the Hyperparameter tuning is used for various reasons, a few
of them are:

» To minimize the number of samples in the leaf node

» Gini index and entropy were tested to effectively optimize the gain of
information during the splits

» The depts of the tree is controlled to make sure that there is no overfitting

» Determined the minimum number of samples necessary for effectively
splitting an internal node.

param grid = {

'criterion': ['gini', 'entropy'],
'max depth': [None, 10, 20, 30],
'min_ samples split': [2, 5, 10],
'min_ samples leaf': [1, 2, 4]

In Random Forests as well, the Hyperparameter tuning is used for various
reasons, a few of them are:

» Enabled or disabled bootstrapping of the samples for building trees




» Used for reproducibility of results

» Same as Decision Tree Gini index and entropy were tested to effectively
optimize information

» Adjusted the number of trees in the Random Forest to optimize
performance while effectively managing computational complexity.

» Specified the number of features considering the splitting at each node.

param grid = {

'n estimators': [50, 100, 2007,
'max depth': [None, 10, 20, 30],
'min_ samples split': [2, 5, 10],
'min samples leaf': [1, 2, 4],
'max_ features': ['sgrt', 'log2']

Grid Search and Random Search techniques were implemented for effective
hyperparameter tuning, ensuring a systematic approach. Cross validation was
implemented to assure the robust performance metrics across different data
splits.

Development and Training:

Both Decision tree and random forest models were trained using the pre-
processed training dataset.

The process of training involved:

» In Decision trees, the first single tree was constructed by continuously
splitting the data at every tree node. Based on the feature of the node, it
either maximized information gain or minimized impurity.

» In Random Forest an ensemble of Decision Trees was effectively trained
on multiple subsets of data and features, with the final prediction
confidently derived from the aggregated votes of individual trees.

Interpretation and Comparison

» The significant features were visualized using the results of bar plots,
acknowledging their relative importance

» Discussed the impact of these features on model decisions and their real-
world implications




» Analysed feature importance scores from two models to identify key
factors influencing term deposit subscriptions

Performance metrics

» In-depth analysis of confusion matrices to understand Distribution of
predictions across classes

» Observation of model behaviour: Decision Trees showed a tendency to
overfit whereas Random Forests demonstrated more reliable
performance

» Both the models were compared using metrics like accuracy, complexity,
recall, F1 score.

This methodology provided a robust framework for understanding, developing,
and comparing machine learning models aimed at predicting term deposit
subscriptions. The analysis delivered significant insights into the dataset and
model performance, empowering data-driven decision-making.

Results and Discussion:

The image below shows the required libraries imported for developing our

model.

Fig 3. Importing libraries.

The primary step in coding is to import all the libraries including pandas which is
used for analysing, cleaning, exploring, and enabling data manipulation. NumPy
is used for mainly dealing with arrays, but NumPy also has few extra data types
like integers. Matplotlib and seaborn are used for presenting the dataset.

df = pd.re

df.head




Fig 4. Reading the Dataset file.

At this step the dataset file’s path is attached, loaded and read using pandas,
with command (pd.read_csv).

duration campaign pdays previous emp.var.rate cons.price.idx cons.conf.idx  euribor3m nr.employed

count 4118800000 41188000000 41188.000000 41188000000 41188.000000 4118E 000 41188.000000 41188,000000 41188.000000 41188.000000
mean

0578840

47.00000 2.00 3.000000 £ 0o 0.000000 X 0 8 3,400 0 86100 L 3,100000

58 00000 9 O 56000000 399 00 7.000000 (0000 9 0 -2 00 5045000 5228 100000

Fig.5 Preprocessing

The above image shows the preprocessing of the data provided. It shows a
portion of few rows from the Dataset to give a quick view of structure of data.

Fig.6 Exploratory Data Analysis

The above image shows the initialization of Exploratory Data Analysis (EDA). This
process is done for distribution of each categorical feature in the dataset. Itis a
single dominant category, so it is imbalanced. The pattern here informs feature
engineering or model preparation steps.
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Fig 7 & 8 Results for EDA.

The above two images show the results of Exploratory Data Analysis. It is a set
of bar graphs that displays the results of various categories of people who is are
customers in the bank.

Fig 9. Analysis of Numerical Features.

The above image shows the code used to perform Univariate Analysis of the
numerical features in a dataset by generating histograms with Kernal Density
Estimations arcs to envision the division of each numerical features.

[NUNTY

Fig 10 and 11. Histotrophicimages of the Numerical Features.

These both images show the Histotrophic images of the numerical features to
show the frequency distribution of values.
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Fig 12. Correlation Heatmap

The above image shows the correlation heatmap that signifies the relationship
between the variables in the dataset using the colour coding matrix. It uses
colours to show the strength and direction of correlations, with annotations

displaying the exact values.
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Fig 13. Implementation of Decision Tree classification




The above image shows the implementation and hyperparameter tuning for
decision tree classifier using GridSearchCV to identify the best hyperparameters.
Model performance is assessed using accuracy and a classification report, which
includes precision, recall, and F1-score for each class. This approach ensures that
the Decision Tree is optimized for performance while avoiding overfitting.

2, 'min_sample

Fig 14. The output of decision tree classification.

The above image shows the results achieved by the Decision tree classifier. It has
achieved an accuracy of 90.82%. The best hyperparameters were:

» Criterion: entropy

» Max Depth: 10

» Min Samples Leaf: 2
» Min Samples Split: 5

Considering class wise performance, the class 0 has achieved precision of 94%
and recall of 96%. Class 1 has achieved a precision of 63% and low recall of 53%
which indicates the difficulty in identifying the minority class. In conclusion the
model has performed well for the majority class but struggles handling the
minority class due to the imbalances.

Fig 15. Feature importance of the trained Decision Tree.




The above image shows the feature importances from the trained Decision Tree
model to understand which features contribute most to the model's predictions.
The feature_importances_ attribute of the trained best_dt_classifier provides a
numerical value representing the importance of each feature. The features are
sorted in descending order of importance, making it easier to identify the most
impactful features. In the output the most important features are duration
(0.4496) which indicates the length of the last contact with the customer
strongly influences whether they subscribe to a term deposit.
nr.employed(0.2485) indicates the number of employees in the economy and
plays a major role in predicting the target.

cons.conf.idx (0.0720) and euribor3m (0.0570) are moderately important
features that indicates the consumer confidence and the three-month Euribor
which moderately influences predictions.

Lease important features are education_illiterate, month_jun, and job_student
have negligible or zero importance, implying they contribute little to the model's
decision-making.

Fig 16. Random Forest Initialisation.

The above image shows the implementation of Random Forest classifier, and
hyper parameter tuning. A grid of hyperparameter values is defined by Number




trees, maximum depth of each tree, minimum number of data points required
to for splitting the node.

The performance of the model after the parameter tuning has achieved an
accuracy of 91.06% which indicates the correct prediction of the target variable
whether the customer will subscribe to the term deposit which is approximately
91% of the time.

Conclusion:

Using Decision Tree and Random Forest classifiers the customer’s data have
been analysed to check whether customer will subscribe to the term deposit or
not. Both Decision Tree and Random Forest have identified the probability of
the customer subscribing to the policy.

Few of the key findings are:

» Both the classifiers provided the probability of the subscription,
highlighting the specific features like duration, deposits, outcomes, etc.

» The Random Forest has provided more accurate assessment as it is
ensemble in nature, and reduces bias nature, and collect the data from
various trees unlike decision tree.

» The Decision Tree was simple and easy to understand, it was prone to
overfitting sometimes while handling the training data.

» The Random Forest overtook Decision Tree in categories like precision
recall, accuracy which shows its prediction ability.

Recommendations:

Considering the outcomes using both the models the banks should target
marketing with the customers who has higher chances to subscribe to the term
deposit. By sending them the custom messages regarding the subscriptions.

Use the outcomes of Random Forest classifier as it was more accurate in terms
of providing the probability of the subscription. And banks should also make
sure that their data is being regularly updated. Regular fine tuning is necessary
to constantly get the accurate prediction values.




YouTube link:

https://youtu.be/ze U9b-rYVHo ?si=52NRhKUN pXHnzBbx
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