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Abstract

A small dataset is a dataset containing a little number of samples. Small
datasets can pose a variety of challenges when it comes to building predictive
models. Successfully building predictive models on small datasets requires a
combination of domain knowledge, statistical methods, and machine learning
techniques.

This thesis will focus on creating a prediction model for small data sets using
conventional classification methods like logistic regression, decision trees,
naive Bayes, and KNN. These methods have a very high degree of
categorization prediction accuracy. Researchers may use different models with
certain effort to increase classification prediction accuracy as machine
learning methods grow in popularity and accessibility. To allow for adequate
training and testing of models created using machine learning techniques, data
are frequently constrained by smaller sets of observations than what is
typically requested. One approach to improve the small dataset is to extend it
by using a synthetic minority oversampling technique (SMOTE).

A statistical measure is performed for the original and extended datasets to
indicate their similarity. Another approach is to check whether the dataset is
balanced or not. Balancing the imbalanced dataset is essential before
implementing any machine learning prediction tool. In this thesis three
datasets are used. Four predictive machine learning algorithms are utilized
(logistic regression, decision trees, naive Bayes, and KNN). Confusion
matrices for these data are created before and after extensions. Accuracy,
Precision, Recall and F-Score are calculated for each original small dataset
and the extended datasets. As an example; the results for Higher disease small
dataset shows the accuracy for Logistic regression is 85%, Naive Baise is 83%,
Decision tree is 69% and KNN is 64%. After extension, the Accuracy results
are for Logistic regression is 91%, Naive Baise is 91%, Decision tree is 88%
and KNN is 94%.
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Chapter One Introduction

Chapter One
Introduction

1.1 Introduction

A dataset is a collection of related data, organized in a structured or semi-
structured format, used for analysis, research, or to train machine learning
models. It may be compared to a table or matrix where each row represents a
single instance or observation and each column represents a particular property
or feature of that occurrence (Harper, et.al, 2015). Datasets can be created from
a variety of sources, such as surveys, observations, databases, scientific
experiments, and even artificially created data. They may include several sorts
of data, including text, multimedia, numerical, categorical, and categorical
data (Mesaros, et.al, 2018).

The use of datasets is crucial in a variety of industries, including data science,
machine learning, statistics, social sciences, and healthcare. They provide the
framework for carrying out studies, formulating hypotheses, identifying
patterns, and drawing conclusions. Additionally, datasets are frequently shared
and made accessible to the public in order to promote cooperation,
repeatability, and improvements in research. Understanding a dataset's
characteristics, such as its size, data kinds, missing values, and inherent biases,
is essential before using it. To further assure the data's quality and usefulness
for analysis, preparation procedures including cleaning, converting, and
normalizing the data could be required (Ramsey, C. B., 2017).

A small dataset refers to a collection of a limited number of observations,
which may pose challenges in statistical analysis and generalization. However,
these datasets still have utility and can contribute to various research fields, as
long as the limitations and characteristics of small samples are taken into
account (Mesaros, et.al, 2018).

The practice of analyzing previous data to predict or forecast future results is
known as predictive modeling for datasets. It entails figuring out how the data
relate to one another and trends in order to build a model that can be applied
to forecast unknown or upcoming data points. Datasets are often split into two
subsets, the training set and the testing set, in order to do predictive modeling.
The prediction model is developed and trained utilizing a variety of methods
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and techniques, including artificial neural networks, decision trees, and linear
regression. The model gains the capacity to predict outcomes by learning from
the patterns and information provided in the training data (Gebru, et.al, 2021).

The testing set is used to assess the model once it has been trained. This makes
it possible to evaluate the model's effectiveness and accuracy by contrasting
its predictions with the actual values in the testing data. This assessment aids
in determining the model's efficacy and dependability in producing precise
predictions for unobserved data. Numerous businesses and disciplines,
including banking, healthcare, marketing, and weather forecasting, can benefit
from the use of predictive modeling. Predictive models can offer insightful
information, support decision-making, help identify potential dangers, and
enhance various business processes by using past data (Reddy, et.al, 2020).

Prediction problems in applications of small data sets refer to challenges that
arise when using machine learning or statistical models to make predictions
based on small amounts of data. These problems can include (Harper, et.al,
2015) (Gebru, et.al, 2021) (Mesaros, 2018):

o Overfitting: When a model learns the data's noise rather than its
underlying patterns, it performs poorly when applied to new data.

o Insufficient data: small data sets may not provide enough information
to capture the complexity of the underlying relationships, resulting in
weak or biased models.

o High variance: small data sets can lead to high variance in model
performance, making it difficult to evaluate the true effectiveness of a
model.

o Lack of diversity: small data sets may not represent the full range of
possible scenarios or input values, leading to biased predictions.

Practitioners may utilize approaches like cross-validation, regularization,
feature engineering, or ensemble methods to overcome these issues and
enhance the performance of models created from tiny data sets (Reddy, et.al,
2020).
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1.2 Problem statement

Implementing predictive modeling approaches on small datasets is a
challenging process. A small dataset is usually poor in training phases due to
limited number of available data. Different approaches can be used to improve
prediction accuracy. One approach is to utilize the Synthetic Minority Over-
Sampling Technique (SMOTE).

Most of the special healthcare datasets are from the small dataset types due to
privacy reasons. It is important to work on developing accurate, reliable, and
generalizable predictive models that can effectively work with limited data
points while minimizing the risk of overfitting and maintaining
interpretability.

The wanted solution is to create a reliable prediction model that can effectively
handle the challenges associated with small datasets while providing accurate
and efficient predictions for practical applications.

1.3 Thesis aim

The main aim of this thesis is to utilize an acceptable predictive modeling
approach to handle small datasets.

This aim can be achieved by the following objectives:

1. Analyze the small dataset by identifying and creating the relevant
features from the available data to improve the model's predictive power
and better capture the underlying relationships in the small dataset.

2. Implement the SMOTE algorithm to extend and balance the small
datasets.

3. Implement a correlation algorithm to Rank the features due to their
importance and effectiveness with respect to the target.

4. Implement another Correlation process to indicate the correlation
between any feature pair. The highly correlated coefficient value can be
eliminated.

5. Implement four prediction models on the original small datasets and on
the extended datasets.
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1.4 Related works

In recent years, the discipline of machine learning has made major advances
in allowing the interpretation of massive volumes of datasets. This involves
studying small data problems, which are becoming increasingly crucial for
understanding to predict that data. Table 1.1 shows a previous related work
summary containing the used problem, used methods, goal, Dataset and their

results:
Table 1.1 Related Works
(Alotaib, | How to | Decision UCI heart The accuracy of
2019) | predict Tree, disease Decision Tree is
accurate Logistic dataset. 82.22%,
about heart | Regressio Logistic
disease n, Logistic Regression
diagnosis Regressio Heart Disease 82.56%,
n SVM, Prediction Random Forest
Naive 84.17%, and
Bayes and Naive Bayes
Random 84.24% and
Forest Logistic
Regression
SVM is 84.85
(Imran, | understandi J48, Automatic UCI Student J48 achieved
et.al, ng student | and MLP Student Performance highest
2019) and their formance accuracy
learning per dicti 95.78%
environment prediction
(Fornan | Unexpected | Classificat dataset of the | Accuracy  for
d& financial ion and anticipate the | macro and | Classification
Kearney, industry Regressio banks' credit bank 2010 to | and Regression
2020) advances n Trees ratings in  the 2018 Trees (CART) is
and (CART) GCC 0.86.
advancemen
ts
(Tate, Predicting random adolescence random  forest
et.al, mental forest, develop a model with 474 | model (AUC =
2020) g?gtlatlgms . f,légf;rt that can predict variables 0.739, 95%
Small machines, g}ir;tlaelms inhfﬁilgj Cl 0.708-
dataset  of | neural Sdolescence. 0.769), followed
adolescence | network, closely by
support  vector
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and machines (AUC
XGBoost =0.735,95% ClI
=0.707-0.764).
(Izonin, | Processing | General small set of | RMSE is 3.68
et.al, and Regressio | Prediction from | clinical MAE is 2.77,
2021) effective n  Neural | Small Datasets in | data from | Application
data mining | Network Medical Urine time 0. 298 of
of small | (GRNN) | Application Analysis Data | GRNN-based
datasets laboratory test | input doubling
method
(Han, Problem in | Random Immunologic | When variable
et.al, the RF | forests marker dataset | screening is not
2021) training step | (RF) Enhancing from the | used, class
random  forest | Human balancing
forecasts  from | Immunodefici | enhances  the
two-phase ency  Virus | performance of
sampling designs (HIV) random  forest
in small datasets | VVaccine Trials | prediction.
Network
(HVTN)
Community.
(Riekert, | achieve high | SVM and ACL [IMDB | high
et.al, accuracy dataset classification
2021) and how the | NBSVM - accuracy can be
training sets ST ECEELS achieved using a
text classifiers
should  be sin aching manually
sized to Iearr?in is small annotated
efficiently trainingsets dataset of only
use g 300 examples.
annotation
labor.
(Al- Early Logistic macroeconom | Accuracy of
Najjar, warning regression ic dataset | 2004 to 2017
et.al, systems for |, SVM, predicting need covering 17 | Forecasting
2021) predicting Neural for countries period of
financial network hospitalization in between 1870 | logistic is 0.867,
crises_ using infections against and 2015 SVM i_s 0.867,
mach_lne the small dataset Neural is 0.872
learning
methods
(Boukha | predicting Multilayer | designing smart | using data of | The SVM model
tem, heart Perceptron | systems to | major health | performed best
et.al, diseases (MLP), accurately factors from | with  91.67%
2022) Support diagnose  them | patients accuracy.
Vector based on
Machine electronic health
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(SVM), data, with the aid
Random of machine
Forest learning
(RF), and | algorithms
Naive
Bayes
(NB)
(Anil optimize the | Support construct a | Several The proposed
Kumar, | process of | vector sustainable cancer method gets
et.al, detection machines | prototype model | datasets from
2022) from the | (SVMs) for the treatment | the University |a 98.8%  of
lung cancer | and of lung cancer | of California, | accuracy rate
dataset SMOTE using the current | Irvine, library
methods developments in
computational
intelligence
without
negatively
impacting  the
environment
(Ranjan, | If the | Random Kaggle online | Lung, Liver,
et.al, prognosis of | Forest system, the Kidney, Breast,
2022) cancer  is | Classifier, | categorize TCIA and Brain
done well in | Convoluti | different forms | informed on cancers had
advance, it | onal of cancer based | kidney accuracy rates
Is curable Neural on criteria | cancer, the of 99%,
Network, | including age, | HCC Liver 75.75%,
and gender, and | Cancer 88.09%, 96%,
ResNet50 | race/ethnicity dataset, the and 81%,
Brain Cancer | respectively.
dataset
Nuha Prediction Decision | Select the | Heart 94 % for the
Thesis based Small | tree, Naive | suitable Disease Naive Bayes,
health Biase, prediction Dataset, Lung | 100 % for the
datasets KNN, and | algorithm Cancer Decision tree,
Logistic Dataset, 100 % for the
regression Cancer K-Nearest
Patients Neighbour, 99.9
Dataset % for the
Logistic
Regression
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1.5 Organization of the Thesis.
This thesis is organized into five chapters as follows:
In addition to chapter one:

Chapter Two: present the theory section will detail the research design and
methods used to collect and analyze data.

Chapter Three: Discusses the proposed models and how the technologies can
be integrated into a prediction process.

Chapter Four: evaluates the proposed model performance by using python
programing language; Studying the results and analyzing them fully.

Chapter Five: includes the thesis conclusion and future work directions.
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Chapter Two
Theoretical Background

2.1 Introduction

In this chapter, the terminology and tools that were used in this research to
implement the proposed model and show the results to be analyzed will be
clarified. The chapter contains several sequential sections according to a
method that illustrates the sequence of implementation and use of those tools
that helped build the proposed model.

2.2 Small Dataset

A small dataset is a collection of data points that has a relatively low number
of records, rows, or observations compared to larger datasets. The number of
data points and the number of features or variables linked to each data point
are frequently used to estimate the size of a dataset (Gebru, et.al, 2021)
(Mesaros, et.al, 2018). Small datasets can be easier to manage, process, and
analyze due to their limited size. However, they may also present some
challenges (Harper, et.al, 2015) (Ramsey, C. B.,2017) (Reddy, et.al, 2020):

o Overfitting: A small dataset raises the danger of overfitting in machine
learning, a condition where a model learns the noise in the data and
performs well on training data but badly on new, untainted data.

o Lack of representativeness: small datasets may not capture the full
range of variability present in the population, leading to biased or less
accurate insights and predictions.

o Statistical power: With a small dataset, it can be difficult to detect
significant patterns, trends, or relationships in the data, limiting the
conclusions that can be drawn from the analysis.

Several strategies can be used to overcome these obstacles as the following
(Harper, et.al, 2015) (Mesaros, et.al, 2018) (Zhang, et.al, 2018):

e Data augmentation: Increasing the dataset size by adding new data
points by transforming the existing data, for as by rotating, translating,
or flipping picture datasets.
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e Transfer learning: Making use of previously trained models from larger
datasets to boost the effectiveness of machine learning models on
smaller datasets.

e Regularization: Represent a technique that can be used to calibrate
machine learning models in order to minimize the adjusted loss function
as lasso regression (L1) or ridge regression (L2) regularization to limit
the model's complexity and lower the likelihood of overfitting.

e Cross-validation: By splitting the dataset into several training and
testing sets and averaging the performance indicators, techniques like
k-fold cross-validation may be utilized to make better use of sparse data.

e Ensemble methods: integrating the findings from several models to
prevent overfitting and boost performance overall.

2.3 Data Preprocessing

In order to make raw data appropriate for analysis and modeling, raw data
must be cleaned, transformed, and prepared as part of the data preparation
stage of machine learning (Zhang, et.al, 2018). Data preprocessing is regarded
as a crucial step in the machine-learning pipeline since the caliber of the data
utilized to train a machine-learning model can have a substantial impact on the
accuracy and dependability of the outputs (Zebari, et.al, 2020). Figure 2.1
shows the knowledge discovery steps.

Target Date

Exploration Consolidation Graph Data Data Visualization /
/Selectnon /Cleansmg Transformat:on Mining Explanation

!

Figure 2.1 Knowledge Discovery Steps (Ristoski, P., & Paulheim, H., 2016)
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2.4 Feature Selection

Choosing the most relevant features (variables, predictors, and characteristics)
to include in a machine-learning model by locating and selecting them from
the original dataset is referred to as feature selection (Chen, et.al, 2020).
Removing pointless or unnecessary characteristics, reducing the number of
dimensions in the data, and enhancing model performance are the main
objectives (Ramsey, C. B.,2017). There are a number of feature selection
techniques, which are often divided into three groups: filter techniques,
wrapper techniques, and embedding techniques (Phyu, et.al, 2018).

1. Filter Techniques: Filter techniques are predicated on the inherent
characteristics of the data. Without using a specific machine learning
technique, they assess each feature's importance by examining how it
relates to the target variable. Typical filtering techniques include
(Zebari, et.al, 2020) (Chen, et.al, 2020):

e Pearson's association Coefficient.: Measures the linear association
between two continuous variables

e Mutual Information: This measure, applicable to both continuous
and discrete data, quantifies the mutual dependency between two
variables.

e Chi-square Test: Determines whether two categorical variables are
correlated.

Filter approaches are less prone to overfitting and are computationally
efficient. They don't take into account potential relationships between features,
instead focusing on each feature alone.

2. Wrapper Methods: Wrapper approaches generate several models with
various feature subsets and compare the results to determine the relative
importance of each model. The most widely used wrapper techniques
are (Phyu, et.al, 2018) (Zebari, et.al, 2020):

e Recursive Feature Elimination (RFE): This technique begins with all
features and systematically eliminates the least significant feature
until the required number of features is reached.

e Forward Selection: Starts with a blank feature set and incrementally
adds the most pertinent feature up until the point when performance
no longer improves.
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Backward Elimination: Starting with all features, the least important
feature is gradually removed until the performance begins to suffer.

Given that they take feature interactions into account, wrapper
approaches can identify superior feature subsets. In contrast to filter
approaches, they are more prone to overfitting and expensive to
compute (Phyu, et.al, 2018).

3. Embedded Methods: By including feature selection within the
machine learning algorithm's training process, the advantages of both
filter and wrapper techniques are combined in embedded methods.
Typical embedded strategies include (Kowshalya, et.al, 2019) (Zebari,
et.al, 2020) (Chen, et.al, 2020):

LASSO (Least Absolute Shrinkage and Selection Operator): This
linear regression technique selects features by applying L1
regularization to bring some coefficients to zero.

Ridge Regression: Reduces the coefficients using L2 regularization,
but not to zero. For better feature selection, it can be used with
LASSO (Elastic Net) and aids in the detection of multicollinearity.
Decision Trees and Random Forests: These algorithms automatically
determine the best split based on a criterion (such as Gini impurity or
information gain) at each node.

Embedded methods are generally more efficient than wrapper methods

and take into account feature interactions. Depending on the
particular problem, dataset, and machine learning algorithm being
utilized, the best feature selection technique must be chosen. It's
essential to experiment with different methods and validate their
effectiveness through cross-validation or other evaluation techniques
(Phyu, et.al, 2018) (Zebari, et.al, 2020). Figure 2.2 show the stages in
feature selection process (Venkatesh, B., & Anuradha, J., 2019).
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4. Stopping

Original
Data 1. Determine search
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direction
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2. Determine search Feature 3. Determine
Strategy Evolution Criteria
5. Validate the Final
Results

Figure 2.2 Stages in feature selection process (Venkatesh, B., & Anuradha, J., 2019)

2.4.1 Feature Ranking

Feature ranking is the process of analyzing and rating the relevance of input
characteristics in a dataset to evaluate their relative contribution to the model's
predicted performance. This helps identify the most influential variables and
can aid in dimensionality reduction, model interpretability, and increased
prediction accuracy (He, S., Guo, F., & Zou, Q., 2020).

Once the features have been ranked, the least significant features can be
eliminated from the dataset, which can enhance model performance by
lowering overfitting and boosting interpretability, reduced computational
complexity, and increased interpretability. To acquire a thorough
understanding of the data, feature ranking should be used in conjunction with
other approaches like data visualization and domain expertise. However, it's
crucial to remember that feature ranking is not always appropriate or necessary
(Phyu, et.al, 2018).

12



Chapter Two Theoretical Background

2.4.2 Correlation

A statistical measure known as correlation expresses how closely two
variables are related. Understanding their linear relationship, which shows
whether an increase or decrease in one variable is accompanied by an
equivalent rise or fall in the other, is helpful (Kowshalya, et.al, 2019).

Pearson's correlation coefficient (equation 2.1), denoted by the letter "r," is the
most often used correlation coefficient. The range of the Pearson correlation
coefficient is from -1 to 1 (Akoglu, H., 2018) (Schwartz, R., & Stanovsky, G.,
2022).

r = nQxy)-ExXy)
V@ x2) - )] [nE y*)-Ey?)]

— Perfect negative correlation (r = -1): This means that while one variable
rises, the other one falls in exactly the same proportion.

— r = 0: No correlation, indicating that the two variables do not have a
linear relationship.

— r = 1: Perfect positive correlation, which means that as one variable
rises, the other rises perfectly proportionately as well.

Between -1.0 and -0.7 there is a strong negative correlation, between -0.7 and
-0.3 there is a moderate negative correlation, between 0.3 and 0.7 there is a
weak or no relationship, and between 0.7 and 1.0 there is a strong positive
correlation.

It is important to remember that correlation does not imply causality. Even
while two variables may have a strong correlation, this does not always mean
that one causes the other to change. The link could just be a coincidence, or
perhaps a third factor is involved (Kowshalya et al., 2019).

In addition to Pearson's correlation coefficient, there are other correlation
metrics, including Spearman's rank correlation coefficient (equation 2.2) and
Kendall's Tau rank correlation coefficient (equation 2.3).

6Y d?

Where P = Spearman, d = difference in ranks, and n = number of pairs
of data.
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T = Kendall's Tau, C = of total concordant pairs, and D = of total
discordant pairs

These are non-parametric measures, which are more resistant to outliers and
appropriate for non-linear connections since they evaluate the relationship
between two variables based on their ranks rather than their actual values
(Akoglu, H., 2018).

2.5 Balance and Imbalance Dataset

The balance of a dataset refers to its distribution of classes or categories, which
is essential in machine learning and predictive modeling. Radical imbalance
problems in datasets can severely influence predictive results. There are some
methods to determine the balance of a dataset (Akoglu, H., 2018) (Schwartz,
R., & Stanovsky, G., 2022):

1. Frequency Distribution: Frequency distribution is the most
straightforward approach to determining the balance of a dataset. This
strategy shows how many observations or instances are assigned to each
category or class. The more balanced the categories, the more uniform
the frequency of observations associated with each class.

2. Visual Examination: Another strategy to assess dataset balance is to
plot the distributions of each category on a graph. Common
visualizations include bar charts, pie charts, and histograms. Examining
the plot can highlight imbalances in dataset categories.

3. Statistical Test: One statistical test that can be used to determine the
dataset balance is the chi-square test. The chi-square test compares the
frequency distribution of the dataset's categories to a theoretical,
balanced distribution and determines the likelihood that the distribution
occurs by chance.

(0-E)®

XZ — 2 g eeeeeeeee 2'4)

O = the frequencies observed

E = the frequencies expected
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2.6 Confusion Matrixes

To evaluate how effectively a classification model is doing, a confusion matrix
is employed. It compares the actual labels on the data with the labels the model
predicts would be there. The four cells that make up the matrix are true
positives (TP), false positives (FP), true negatives (TN), and false negatives
(FN). (Luque, et.al, 2019) (Li, et.al, 2023).

e True positives (TP): A positive class that the model accurately
predicted.

e False positives (FP): A positive class was predicted by the model
wrongly.

e True negatives (TN): A negative class was successfully predicted by
the model.

e False negatives (FN) are negative classes that the model mistakenly
predicted.

The confusion matrix may be used to compute evaluation measures such as
accuracy, precision, recall, and F1 score. Itis a useful technique for identifying
the benefits and drawbacks of a classification model and aids in guiding model
adjustments (Sayyad et al., 2021).

The rows of the confusion matrix correspond to the real (true) classes, and the
columns to the expected classes. The diagonal of the matrix represents the
number of accurate predictions, while the cells off the diagonal reflect the
number of wrong estimates .The model's overall accuracy is calculated by
dividing the sum of the diagonal cells by the entire number of predictions
(Luque et al., 2019). While accuracy assesses the proportion of true positives
among all predicted positives, recall assesses the proportion of real positives
among all actual positives. The harmonic mean of recall and accuracy is
known as the F1 score, which is a balanced assessment of the model's
performance. Confusion matrices may be represented using heatmaps, which
can make it easier to see patterns and trends in the model's behavior. It's vital
to remember that confusion matrices may be utilized to solve problems with
multi-class classification as well as binary classification problems by
expanding the matrix to include all possible classes. (L1, et.al, 2023) (Sayyad,
et.al, 2021).
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2.7 Machine Learning

Machine learning, a subset of artificial intelligence (Al), is the study of
creating algorithms and computational models that enable computers to learn
from data and make predictions or judgements based on that data (Zhang, et
al., 2018). By analyzing and identifying patterns in the data, machine learning
techniques allow a computer to "learn” how to carry out a certain task without
having to be explicitly programmed. (Al-Mhigani,, et.al, 2020).

Machine learning is used extensively across a wide range of industries. Some
examples include picture and audio recognition, natural language processing,
recommendation systems, medical diagnosis, financial modeling, and self-
driving automobiles. offers an example of how the use of machine learning in
sentiment analysis, a branch of natural language processing, may be
advantageous (Al-Mhigani et al., 2020).

To determine the sentiment (positive, negative, or neutral) communicated in a
text, such as a product review, social media post, or customer feedback,
sentiment analysis is a possible technique (Ibrahim, et.al, 2016) (Zhang, et.al,
2018). Using machine learning for sentiment analysis, one can quickly identify
patterns and trends, address issues, and make data-driven decisions to improve
their certain services (Ibrahim, et.al, 2016).

2.7.1 Naive Bayes

Based on Bayes' theorem, a key idea in probability theory, Naive Bayes is a
well-known and simple machine learning algorithm. When trying to categorize
an input data point into one of several classes or categories, the algorithm is
especially helpful (Dey, et.al, 2016).

The term "naive™ refers to the presumption that, given the class label, the
features of the input data are independent of one another. Although this
reduction makes the technique simple to use and computationally efficient, it
may not always hold true in practical applications. Despite this drawback, the
Naive Bayes classifier frequently exhibits surprisingly good performance in
actual use (Al-Mhigani, et.al, 2020).

Naive Bayes algorithm works (Dey, et.al, 2016) (Surya, et.al, 2019):

1. The approach determines the prior probabilities of each class label given
a dataset with cases that have been tagged. No of the feature values,
these are the chances that each class will appear in the dataset.
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2. The algorithm determines the conditional probabilities of the feature
values given each class label for each feature. This entails calculating
the likelihood of a specific feature value, presuming that we are aware
of the actual class label.

3. The algorithm employs the Bayes theorem to determine the posterior
probabilities of each class label given the feature values of a fresh,
unlabeled data point.

4. The new data point is given the class label with the highest posterior
probability.

The Naive Bayes algorithm's simplicity and readability are among its
advantages. Text categorization, spam identification, and medical diagnosis
are just a few of the many classification issues that it can be used to solve.
When the premise of feature independence is broken or when dealing with
continuous features that necessitate further preprocessing or feature
engineering, it could not perform as effectively (Surya, et.al, 2019).

2.7.2 Decision Tree

The decision tree is a flexible and clear machine learning method used in both
classification and regression applications. It makes a decision based on the
dominant class or average value in each subset after recursively segmenting
the input data into subsets according to the values of the input characteristics
(Al-Mhigani et al., 2020). The result is a tree-like structure, with each leaf
node denoting the final result or prediction and each internal node reflecting a
judgment based on a characteristic.

How the decision tree algorithm works (Gulati, et.al, 2016) (Ingre, et.al, 2018):

1. At the root node, start with the complete dataset.

2. Select the most effective data splitting feature. based on a criterion that
measures how well a characteristic distinguishes different groups or
reduces the variation in the target variable, such as Gini impurity or
information gain.

3. Create child nodes for each unique value of the selected feature and split
the data accordingly.

4. Repeat steps 2-3 recursively for each child node until one of the
following stopping conditions is met:

o All instances in the node belong to the same class (for
classification) or have the same target value (for regression).
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o The maximum tree depth is reached.
o The minimum number of instances required for a split is not met.
5. Assign a class label or a target value to each leaf node based on the
majority class or the average target value, respectively.

Decision trees are popular because they are easier to grasp and visualize,
making them more interpretable than many other machine learning methods.
They can handle both category and numerical variables and are relatively
resilient to outliers and missing values (Gulati, et.al, 2016). However, decision
trees have some downsides, including a tendency to overfit the training data,
resulting in poor generalization to new data. This issue can be overcome by
pruning the tree, restricting the maximum depth, or employing ensemble
approaches like random forests or gradient boosting, which combine the
predictions of numerous decision trees to enhance overall performance (Ingre,
et.al, 2018).

2.7.3 K-Nearest Neighbor (KNN)

KNN is a simple and intuitive machine-learning technique used for
classification and regression tasks. The primary notion behind KNN is that
instances with comparable feature values tend to have similar output values
(Dey, et.al, 2016). In other words, KNN assumes that instances that are close
to each other in the feature space are likely to belong to the same class or have
similar target values.

How the KNN algorithm works (Dey, et.al, 2016) (Prasatha, et.al, 2017)
(Sha’Abani,, et.al, 2020):

1. Choose the number of neighbors (k) to consider. This is a
hyperparameter that specifies how many nearest neighbors to take into
account when creating a prediction.

2. Calculate the distances between the new, unlabeled instance and all
instances in the training dataset using some distance metric, such as
Euclidean, Manhattan, or Minkowski distance.

3. lIdentify the k training examples that are closest to the new instance.

4. Based on the majority class (for classification) or average target value
(for regression) of the k closest neighbors, make a forecast.

KNN does not create an explicit model during training since it is an instance-
based or lazy learning method. When a new instance has to be classified or a
target value needs to be projected, it instead stores the whole training dataset
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and does the distance calculations and predictions immediately (Al-Mhigani,
et. al., 2020).

The benefits of KNN are its simplicity, ease of implementation, and capacity
to handle noisy input. It can also adjust to changes in the data distribution if
the dataset is updated over time (Prasatha, et.al, 2017). Figure 2.5 show an
example of K-NN classifier.

>
Figure 2.3 Example of K-NN classifier (Patankar, B., & Chavda, V., 2014)

However, KNN has significant downsides, such as its sensitivity to the choice
of the distance measure and the value of k. Additionally, KNN can be
computationally expensive for large datasets, as it needs calculating distances
between the new instance and all the training examples. Scaling the features
and adopting efficient data structures like k-d trees or ball trees can help relieve
this difficulty. Another difficulty with KNN is that it might not operate well
with high-dimensional data due to the curse of dimensionality, which makes
the distance between instances less relevant. Feature selection or
dimensionality reduction techniques like PCA can be utilized to address this
problem (Sha’Abani,, et.al, 2020).
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2.7.4 Logistic Regression

In datasets where the dependent variable is categorical and has two alternative
outcomes, logistic regression is frequently utilized. The purpose of this
strategy is to categorize data into one of two groups based on the predictor
factors. It is very helpful for binary classification problems. By utilizing the
one-vs-all or one-vs-rest technique, logistic regression can also be used to
solve multinomial classification issues involving more than two categories
(Bailly, et.al, 2022).

The logistic function, which converts the continuous input into a probability
value, is how the logistic regression algorithm models the relationship between
the dependent variable and the predictor variables. The possibility that the data
point falls into one of the two categories is indicated by this probability value.

The following are some instances of datasets where logistic regression can be
used (Kirasich, et.al, 2018):

e Use information about a customer's usage habits, demographics, and
interactions with customer service to predict whether or not they will
leave a telecom firm.

e estimating a patient's probability of developing a specific disease based
on criteria like age, gender, family history, and lifestyle.

o Use attributes like keywords, email content, and metadata to categorize
emails as spam or not spam.

e assessing a loan applicant's credit history, income, employment status,
and loan amount to determine whether they will miss payments.

Logistic regression might be a good option for modeling the relationship
between the predictor factors and the responder variable in the dataset if the
objective is to predict a categorical outcome with two possible values or to
perform binary classification (Bailly, et.al, 2022).
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2.8 Synthetic Minority Over-sampling Technique

SMOTE is a well-known method for addressing class imbalance in datasets
for machine learning. Class imbalance arises when one class has
disproportionately more instances than another, resulting in biased models that
benefit the majority class and perform poorly on the minority class
(Mansourifar, et al., 2020).

SMOTE balances the dataset by creating synthetic samples that increase the
number of minority class instances. These are the stages that the algorithm
takes (Tarawneh et al., 2020):

1. Select a minority class instance and locate its k-nearest neighbors
(usually, k=5) in the feature space.

2. Choose a random neighbor from the k-nearest neighbors.

3. Compute the difference between the feature values of the chosen
instance and the selected neighbor.

4. Multiply this difference by a random integer between 0 and 1.

5. Add the result to the feature values of the chosen instance.

This technique is continued until the desired number of synthetic samples is
obtained. The generated samples are subsequently added to the original
dataset, enhancing the representation of the minority class (Mansourifar, et.al,
2020).

SMOTE provides a number of benefits, including increasing dataset variety
without replicating already existing instances, which can assist decrease
overfitting. As it presumes that the minority class instances are situated in the
same feature space as the majority class, it might not be appropriate for all
unbalanced datasets. Alternative methods, including cost-sensitive learning or
alternate sample procedures, could be better suitable in some circumstances
(Tarawneh et al., 2020).

Figure 2.6 depicts the design for the traditional SMOTE method for a two-
dimensional feature collection. In the illustration's example, a few sample
points from group "A" are interpolated linearly to create additional sample
points from neighboring points "b", "c", and "e". The shown synthetic sample
points are all freshly synthesized samples, and a visual representation of the
SMOTE synthesis's interpolation of the minority class in imbalanced
emotional samples is provided.
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Figure 2.4 Diagram of the traditional SMOTE algorithm (Liu, et.al, 2020)

2.9 Prediction Modeling

Prediction modeling is a method in which machine learning algorithms are
used to forecast future events or trends based on past data. It is frequently
utilized across numerous industries, including as finance, marketing,
healthcare, and sports, to generate data-driven judgments and projections
(Mohamadou, et.al, 2020).

The steps involved in building a prediction model typically include (Asghar,
et.al, 2016) (Banerjee, et.al, 2018) (Sayad, et.al, 2019):

1. Data collection: Gather historical data relevant to the problem you wish
to address. This data should comprise both input properties
(independent variables) and output values (dependent variables) that
you wish to forecast.

2. Data preprocessing: Clean, preprocess, and convert the data to a suitable
format for the chosen machine learning technique. This may entail
managing missing data, scaling features, encoding category variables,
or decreasing dimensionality.

3. Feature selection: ldentify the most significant traits that aid in
producing accurate forecasts. This may be done using techniques like
correlation analysis, recursive feature reduction, or regularization
methods like Lasso.
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4. Model selection: Based on the nature of the problem, the type of data,
and the desired level of interpretability, pick the appropriate machine
learning algorithm(s) for the prediction task. Common algorithms
include support vector machines, decision trees, neural networks, and
linear regression.

5. Model training: Train the selected algorithm(s) on the preprocessed data
by feeding it the input characteristics and output values, allowing the
algorithm to understand the underlying patterns and connections in the
data.

6. Model evaluation: Evaluate the trained model's performance using the
relevant evaluation metrics, such as accuracy, precision, recall, and F1-
score for classification tasks or mean squared error for regression tasks.
The dataset is frequently divided into training and testing sets, or cross-
validation methods are used, to do this.

7. Model tuning: Tweak the model's hyperparameters to enhance output.
Approaches like grid search, random search, or Bayesian optimization
can be used for this.

8. Model deployment: Use the trained and improved model in a real-world
setting to generate predictions about brand-new, ambiguous data.

9. Model maintenance: Continuously evaluate the model's performance
and update it with new data as needed to guarantee its accuracy and
relevance.

Prediction modeling allows organizations to leverage historical data to make
informed decisions, improve processes, and optimize resources. However, it's
important to remember that prediction models are not perfect and should be
used as a tool to support decision-making rather than as the sole basis for
decisions (Mohamadou, et.al, 2020).

2.10Evaluation Metrics

Evaluation metrics are used to measure the performance of machine learning
models, notably in classification tasks. A brief explanation of each metric
coupled with a mathematical example (Mesaros, 2018) (Luque, et.al, 2019)
(Zeng, et.al, 2020):
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2.10.1 Precision

Precision is the fraction of true positive predictions (TP) out of all positive
predictions generated by the model. It assesses how effectively the model
properly recognizes positive cases (Mesaros, 2018):

Precision=TP /(TP + FP) cccevevereenenn. 2-5

Example: If a model produces 100 positive predictions, and 80 of them are
actual positives, the accuracy is 0.8 (80 / 100).

2.10.2 Accuracy

Accuracy is the fraction of correct predictions (including true positives and
true negatives) out of all predictions generated by the model. It gauges the
overall accuracy of the model (Luque, et.al, 2019):

Accuracy = (TP +TN)/(TP+TN+FP +FN) ccccveninnnnen. 2-6

Example: If a model makes 200 predictions in total, with 80 true positives, 90
true negatives, 20 false positives, and 10 false negatives, the accuracy is 0.85
[(80 + 90) / 200].

2.10.3 Recall

Recall, also known as sensitivity or true positive rate, is the fraction of true
positive forecasts out of all real positive cases. It assesses the model's ability
to detect good cases (Zeng, et.al, 2020).

Recall = TP/ (TP + FN) ceuveeerrennen. 2-7

Example: If there are 100 actual positive instances, and the model correctly
identifies 80 of them, the recall is 0.8 (80 / 100).

2.104 F1-score

F1-score is the harmonic mean of accuracy and recall. It gives a balanced
measure between accuracy and recalls when working with unbalanced datasets
(Zeng, et.al, 2020).

F1-score = 2 * (Precision * Recall) / (Precision + Recall) .......c......... 2-8

Example: If the precision is 0.8 and recall is 0.9, the F1-score is 0.848 [(2 *
0.8*0.9) /(0.8 +0.9)].
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2.10.5 Detection Rate (DR)

The detection Rate is the same as recall, which quantifies the fraction of
genuine positive predictions out of all real positive cases (Mesaros, 2018).

2.10.6 False Alert Rate (FAR)

False Alert Rate, also known as false positive rate, is the fraction of erroneous
positive predictions out of all real negative cases. It assesses the model's
likelihood of mistakenly recognizing negative cases as positive (Luque, et.al,
2019).

FAR=FP/(FP +TN) ceevverereennn. 2-9

Example: If there are 100 actual negative instances, and the model incorrectly
identifies 20 of them as positive, the FAR is 0.2 (20 / 100).

2.10.7 Error rate

Error rate is the fraction of inaccurate predictions (including false positives
and false negatives) out of all predictions generated by the model. It's the
complement of accuracy (Luque, et.al, 2019) (Zeng, et.al, 2020).

Errorrate=(FP+FN)/ (TP+ TN+ FP + FN) ccceviiininnnn. 2-10

Example: In the accuracy example above, the error rate would be 0.15 [(20 +
10) / 200].
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Chapter Three
The Proposed Model

3.1 Introduction

This chapter explains the steps of implementing the model suggested for
prediction problems in small datasets applications. The first part of the
suggested model is the data processing by applying features selection, ranking
and correlation. The second part Applying multiple algorithms such as the
Decision Tree, Naive Bayes and KNN. As well as using azimuths to collect
several results for analysis and evaluation.

3.2 Methodology

The suggested method for finishing this study begins with the download of an
open-source UCI data collection. After the dataset has been verified, the next
stage is preprocessing, which includes data cleaning, data transformation, data
reduction, binning, and select attributes. and utilized the correlation, prediction
model, and ranking feature. The primary approach, feature selection, is used
after all these techniques have been applied to the downloaded dataset. Later,
the data is subjected to the applications of Decision Tree, Naive Bayes, and
KNN. Following application of algorithms and strategies, we compare the
outcomes and talk about the conclusion. The flow of these techniques is shown
in Figure 3.1.
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3.3 Select Dataset

To apply the proposed model, three types of small datasets are utilized. These
datasets are analyzed and processed to be used in prediction process. These
datasets are:

3.3.1 Heart Disease Dataset

Predicting heart disease is a significant issue that can be helped by machine
learning approaches. However, it might be difficult to forecast cardiac disease
when dealing with a little sample. A heart disease dataset downloaded from:
https://www.kaggle.com/datasets/rishidamarla/heart-disease-prediction

This dataset is composed of 270 records and 15 attributes; it is important to
improve the chances of creating a machine learning model for heart disease
prediction that works well on a small dataset. However, it's crucial to
remember that working with a small dataset has its drawbacks and that the
model's performance could be constrained by the quantity of data available.

3.3.2 Lung Cancer Dataset

The dataset for lung cancer is frequently utilized in studies and analyses of the
disease. This information is used by researchers and medical professionals to
investigate the causes of lung cancer, evaluate treatment results, pinpoint risk
factors, and create novel treatments for the condition. Predictive models that
aid in early diagnosis and prognosis prediction can also be created using the
dataset. lung cancer dataset is extremely important to the field of lung cancer
research in terms of knowledge advancement and patient care improvement. It
contains 309 records and 15 attributes. A lung cancer dataset is downloaded
from:

https://www.kaggle.com/datasets/jillanisofttech/lung-cancer-detection

3.3.3 Cancer Patients Dataset

The cancer patient dataset can be used for various tasks, such as predicting the
survival outcomes of cancer patients based on their demographics, tumor
characteristics, and treatment information. It can also be used for identifying
risk factors associated with cancer, evaluating the effectiveness of different
treatments, and developing new diagnostic or therapeutic strategies. It contains
1000 records with 26 attributes. A Cancer patient dataset downloaded from:
https://www.kaggle.com/datasets/thedevastator/cancer-patients-and-air-
pollution-a-new-link
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3.4 Data Preprocessing

To achieve best results from the prediction model, the data format must
be in a proper manner. The data set should be formatted in such a way that
more than one algorithm is executed in one data set, and best out of them
IS chosen. In this thesis datasets, Data Transformation which involves
converting the data into a suitable format for analysis is implemented with
normalization. Normalization is used to scale the data to a common range.
Algorithm 3.1 shows the Preprocessing Dataset.

Algorithm 3.1 Preprocessing Dataset.

Input: 7wo dimensional array Dataset [72+m]

Output: Processed Dataset.

Step 1: Checking the Missing Values of Dataset.

Step 2: transforming Date nominal feature to numeric feature
Step 3: Normalization of Dataset

End.

Input: 7wo dimensional array Dataset [72+m]

Output: Processed Dataset.

Step 1: Checking the Missing Values of Dataset.

Step 2: transforming Date nominal feature to numeric feature

Step 3: Normalization of Dataset

3.5 Features Selection

Feature selection on a small dataset can be challenging, but there are still
several effective approaches can be used on the selected dataset. In the
proposed model, important features will be selected accordingly:

» Correlation-based feature selection: calculated the correlation
coefficient between each pair of features in each dataset, and selected
only those features that have high correlation Either between two
features or between the features and the target.

» Recursive feature elimination: involves training the proposed model on
all features in dataset, and then eliminating the feature with the lowest
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importance score. then repeat the process until reaching only the most
important features in the dataset.

The types and number of features that are eliminated differ according to the
type of dataset used to train the model. For example, there are many important
features that can cause heart disease, and also there are many important
features that can cause general cancer diseases, but these features are less
effective in determining the type of cancer, such as lung cancer, which is
affected by factors associated with the lung. In the same vein, the most
important features of the dataset vary according to its type. For example,
pressure is considered the most important features for heart diseases, and
smoking is the most important features for lung cancer diseases. These are the
most important features that are useful in knowing the prediction of dataset.

Algorithm 3.2 shows the Feature Selection process.

Algorithm 3.2 Feature Selection

Input: Dataset[n*m].
Output: features for Dataset[n*m].
fori=1tom
forj=1ton
Call correlation coefficient Method RJi], R[j]
if R[i] >R[j]
Select and Orderzze features (£7) with maximum correlation (R2)
The selected features are sorted by the correlation coefficient
values in descending order
end if
end for |
end for i
End.
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3.6 Features Ranking

Features ranking on a small dataset can be challenging as there may not be
enough data to adequately capture the relationships between the features. The
data will be arranged in the dataset examples according to the following steps:

> Determine the target of the dataset: Before arranging the dataset, it is
important to determine the target of the dataset and which features are
the most important for achieving that target.

> ldentify the features: Identify all the features in the dataset and
determine which features are the most important.

> Prioritize the features: Prioritize the features based on how significant
they are in achieving the target of the dataset.

» Sort the dataset based on the prioritized features

> After reviewing each dataset, and following the method of arranging the
features, it will be noted that each dataset differs in the order and number
of its features based on the type of data and the importance of each
feature and the impact of its presence on the prediction accuracy of the
dataset.

Overall, feature ranking on small datasets requires a careful balance between
statistical methods and expert judgment.

It is possible to implement the feature ranking manually or through
mathematical statistics through multiple methods, also by programs designed
for this purpose or programming languages. In the proposed model, the
function sort_values() was used (which is one of the functions in the Python
libraries that performs the process of feature ranking automatically when it is
called to any data) in order to ranking the features for each dataset and note
the difference in the ranking of each of them. Algorithm 3.1 shows how to
implement the feature ranking using a function in Python.
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3.7 Correlation

When dealing with small datasets, it may be challenging to apply correlation
as the analysis requires a large number of data points to detect a meaningful
relationship between features.

In the proposed model, the following steps will apply to perform the
correlation on the small datasets:

>

>

Arrange the features carefully: Careful and accurate arrange of the
features helps to reduce measurement errors, which can cause false
correlations.

Check for outliers: Since small datasets are susceptible to outliers, it is
important to check for them and either remove or address them.
Choosing the method of calculating the correlation: To perform the
correlation and extract the results, it is done through several methods
(described in Section 2.4.3). Each method has its own mathematical
equations shown in 2.1, 2.2, and 2.3.

Interpreted the results: Interpreted the results cautiously, If the
relationship between the two features is a 0 relationship, this means that
one of the features can be replaced by the other, while if the relationship
Is weak, this means that one of the features cannot be replaced by the
other.

To study and analyzing the relation and the effects of each feature on
the others, the process starts by selecting the one feature and test its
correlation coefficient with the second, third, ...... till the last one and
so on for other features, and then eliminated one of the strong features.
Then the correlation is calculated between each feature and the target,
and then eliminated the weak feature.

In the proposed model, the function corr() was used (which is one of the
functions in the Python libraries that calculate and extract the correlation
automatically when it is called to any data) in order to extract the correlation
for each dataset. Algorithm 3.3 shows how to implement the correlation.
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Algorithm 3.3 correlation coefficient Method in python

Input:7wo dimensional array Dataset [n+m]
Output: correlation coefficient for Dataset [n*m]
Jori=1ton
Jorjy=1tom
Compute the correlation coefficient betweenfeature Fi and
feature Fj according to the equation (2.1)
end forj
end fori?
END

3.8 Check Balance and Imbalance Dataset

Balance in a dataset is crucial for unbiased analysis, accurate predictions,
robust models, and generalizability to real-world scenarios. It makes ensuring
that various groups or categories are fairly represented, which produces
insights and decision-making processes that are more trustworthy. In the
proposed model, the data set that shows imbalance is balanced to make the
proposed model more efficient and accurate in prediction. To do this, the
following two steps are followed:

» Understand the dataset: it is important to understand the features of the
dataset before proceeding with balancing or imbalance techniques.

» Collected more data: collected more data to balance the dataset. In this
model, the SMOTE principle will be used to balance the dataset.
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3.9 Synthetic Minority Over-Sampling Technique (SMOTE)

The SMOTE can be applied to a small dataset when the dataset has a class
imbalance problem. If the dataset has too few instances of a certain class,
SMOTE could be used to artificially increase the number of instances of that
class. The following steps will be applied SMOTE to the small dataset:

> Splitting the dataset into two parts: a training set and a test set.

» Applying SMOTE only to the training set. This means that the synthetic
samples generated through SMOTE will not be added to the test set.

» Once SMOTE has been applied to the training set, train the
classification model.

» Testing the model on the test set.

To illustrate how SMOTE works, suppose the following data points:
Class A (majority class):

Point Al: (2, 3)5

Point A2: (4, 2)

Point A3: (3, 1)

Class B (minority class):

Point B1: (1, 2)

applying SMOTE with k = 1 (1 nearest neighbor) to generate one synthetic
sample for the minority class.

Step 1: Calculate the distance between point B1 and its nearest neighbor(s) in
the minority class. In this case, there's only one point in the minority class, so
we'll find its nearest neighbor in the majority class.

Euclidean distance between B1 and Al: V((1-2)2 + (2-3)?) =2
Euclidean distance between B1 and A2: V((1-4)2 + (2-2)2) =9 =3
Euclidean distance between B1 and A3: V((1-3)2 + (2-1)?) = V5
The nearest neighbor to point Bl is point A1 with a distance of V2.

Step 2: Generate the synthetic sample. We'll randomly choose a value for the
interpolation factor r between 0 and 1. Let's say r = 0.5 for this example.

New synthetic point coordinates:
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X=x1+r*(x2-x1)=1+05*(2-1)=15
y=yl+r*(y2-yl)=2+05*(3-2)=25
The synthetic point generated by SMOTE is (1.5, 2.5).

Now, the updated dataset looks like this:
Class A (majority class):

Point Al: (2, 3)

Point A2: (4, 2)

Point A3: (3, 1)

Class B (minority class):

Point B1: (1, 2)

Synthetic Point B2: (1.5, 2.5)

By applying SMOTE, we've generated a synthetic sample for the minority
class, helping to balance the dataset and improve classification performance.

It is important to note that SMOTE should only be applied when the dataset
has a class imbalance problem. If the dataset does not have a class imbalance
problem, SMOTE can cause overfitting, which can negatively impact the
performance of the model.

There are multiple programs to apply the SMOTE on the dataset to balance
them, one of those programs is applied to implement the SMOTE on the three
types of datasets that were taken in this thesis to implement the proposed
model, two of these datasets showed the need for balancing, while the third
dataset showed the balance and did not need to use the SMOTE.
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3.10 Prediction Modeling

There are many ways to predict the data, in this proposed model using the
method that depends on the use of algorithms Naive Bayes, Decision Tree,
KNN, and Logistic Regression:

3.10.1 Naive Bayes Algorithm

Prediction modeling using the Naive Bayes algorithm can be a good choice on
a small dataset for several reasons:

e Naive Bayes is a simple and efficient algorithm that requires a small
amount of training data to make accurate predictions.

e Naive Bayes assumes that features are independent of each other, which
makes it easy to handle small datasets where the number of features is
limited.

e Naive Bayes has been shown to work well on small and medium
datasets, particularly in text classification and spam filtering.

In the proposed model, the following steps are used to apply the Naive Bayes
algorithm on the dataset:

» splitting dataset into training and testing sets.

» Train the Naive Bayes model on the training data. This involves
calculating the probability of each class and each feature given a class.

» Use the trained model to make predictions on the testing data. The
model calculates the probability of each test instance belonging to each
class and assigns the instance to the class with the highest probability.

> It's important to note that Naive Bayes may not perform well on datasets
with highly correlated features or noisy data. In such cases, other
algorithms like decision trees or support vector machines may be more
appropriate.

The Naive Bayes algorithm is implemented on the dataset through the
GaussianNB() function (which is one of the functions in the Python libraries
to implement the Naive Bayes algorithm when it is called to any data).
Algorithm 3.4 describes the steps used in the Python programming language
to implement the Naive Bayes algorithm on Dataset using its libraries and
functions, While the Algorithm 3.5 represents the steps of the programming
algorithm in Python.
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Algorithm 3.4 implementing of the Naive Bayes algorithm

Input: dataset D
Output: X
Begin
Stepl: dataset Dataset = Matrix (X, )
Step2: Split Dataset by Training and Testing
Step3: Training = X_train, y_train
Testing =2 X _test, y test
Step4: model - function GaussianNB()
Step5: y_predicted - model.fit (Tr).x_predicted

Step6: Accuracy _Score(y_test, y predicted)
End

Algorithm 3.5 The Naive Bayes Algorithm

Input: Training data

Output: Class of a test sample x

for g = 1... w// loop for each mining models element

ulq] = 0O; // initialization of mining models elements

end for;

forj=1... m// loop for each row

uldfj,p]]++; // increment number of row for value xj.p of object xj;
fork =1 ... p-1//loop for each column

ul(k-1)+(d[j, k]-1)-(0)+ d[j, p]]++; /I increment number of rows with
value xj.k /I and value xj.p, where o(k)=s+4=1(Tq|-s)

end for;

end for;
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3.10.2 Decision Tree Algorithm

Decision Tree algorithm can be effective in predicting outcomes on small
datasets. They are a type of supervised learning algorithm that uses a tree-like
structure to make decisions about the datasets.

In the proposed model, the following steps are used to apply the Decision Tree
algorithm on the dataset:

> creates a tree model where each node represents a decision point, and
the edges represent the outcomes or results of that decision.

» splitting the data into smaller subsets based on the attributes, and it
continues to make decisions by splitting the subsets until it reaches a
point where it can make a prediction.

» toavoid overfitting, it is essential to use techniques such as pruning and
cross-validation.

The Decision Tree algorithm is implemented on the dataset through the
DecisionTreeClassifier() function (which is one of the functions in the Python
libraries to implement the Decision Tree algorithm when it is called to any
data). The algorithm 3.6 describes the steps used in the Python programming
language to implement the Decision Tree algorithm on Dataset using its
libraries and functions, While the Algorithm 3.7 represents the steps of the
programming algorithm in Python.

Algorithm 3.6 implementing of the Decision Tree algorithm on the dataset

Input: dataset, y
Output: X
Begin
Stepl: dataset Dataset - Matrix (X, y)
Step2: Split Dataset by Training and Testing
Step3: Training = X_train, y_train

Testing - x_test, y_test

Step4: model - function DecisionTreeClassifier()
Step5: y_predicted > model.fit (Tr).x_predicted
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Step6: Accuracy Score(y_test, y predicted)

End

Algorithm 3.7 The Decision Tree Algorithm

Input: Training data

Output: Class of a test sample x
Create a root node N;

IF (T belongs to same category C)
{leaf node=N;

Mark N as class C;

Return N;
}
Fori=1ton

{Calculate Information_gain (Ai);}

ta= testing attribute;

N.ta = attribute having highest information_gain;
if (N.ta== continuous)

{find threshold;}

For (Each T in splitting of T)

if (T is empty)

{child of N is a leaf node;}

else

{child of N= dtree T)}

calculate classification error rate of node N;

return N;
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3.10.3 KNN Algorithm

KNN works on the principle of finding the nearest K neighbors in the data set
and making predictions based on their classifications and values. In this
proposed model, use KNN algorithm for prediction modeling on a small
dataset. Small datasets pose a challenge when it comes to prediction modeling,
particularly with the KNN algorithm, as it requires a good amount of data for
accurate predictions. However, can apply the KNN algorithm on small datasets
using the following steps:

o ensuring that the dataset is clean and properly formatted: This has been
done by implementing the previous steps: feature selection, ranking, and
correlation.

o splitting the small dataset into training and testing sets to validate the
accuracy of the predictions. A commonly used ratio is 80:20, where
80% of the data is used for training and 20% is used for testing.

o The value of K determines the number of nearest neighbors that will be
used to make predictions. Will need to experiment with different values
of K to determine the optimal value that provides the best accuracy.

The KNN algorithm is implemented on the dataset through the
KNeighborsClassifier() function (which is one of the functions in the Python
libraries to implement the KNN algorithm when it is called to any data). The
algorithm 3.8 describes the steps used in the Python programming language to
implement the KNN algorithm on Dataset using its libraries and functions,
While the Algorithm 3.9 represents the steps of the programming algorithm in
Python.

Algorithm 3.8 implementing of the KNN algorithm on the dataset

Input: dataset, y

Output: X

Begin

Stepl: dataset Dataset = Matrix (X, y)

Step2: Split Dataset by Training and Testing

Step3: Training = X_train, y_train
Testing - x_test, y_test
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Step4: model - function KNeighborsClassifier()
Step5: y_predicted - model.fit (Tr).x_predicted

Step6: Accuracy_Score(y_test, y_predicted)
End

Algorithm 3.9 The KNN Algorithm

Input: X: training data, Y: class labels of X, K: number of nearest
neighbors.

Output: Class of a test sample x.

Start

Classify (X,Y,x)

for each sample x do

Calculate the distance: d(x,X) = (xj — Xj)? end for

Classify x in the majority class: C(x) = argmax; Ex;€™NN C(Xj, Yx)
End

3.10.4 Logistic Regression

Applying the Logistic Regression for the proposed prediction modeling on the
datasets is illustrated in the following steps:

> Create training and testing sets from the dataset. The testing set will be
used to assess the performance of the Logistic Regression model after it
has been constructed using the training set.

» Specifying the independent variables (features) and the dependent
variable (target).

> Create an instance of the LogisticRegression class by importing it from
sklearn.linear_model. Using the fit() method, fit the model to the
training data.

» generate predictions: Using the predict() method, use the trained model
to generate predictions about the testing set.
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Note: Understanding the fundamental ideas and presumptions of Logistic
Regression as well as being aware of its limits is crucial. Additionally,
additional preparation or model modifications may be necessary when
working with unbalanced datasets or highly dimensional data.

The Logistic Regression is implemented on the dataset through the
LogisticRegression() function (which is one of the functions in the Python
libraries to implement the Logistic Regression when it is called to any data).
The algorithm 3.10 describes the steps used in the Python programming
language to implement the Logistic Regression on Dataset using its libraries
and functions, While the Algorithm 3.11 represents the steps of the
programming algorithm in Python.

Algorithm 3.10 implementing of the Logistic Regression on the dataset

Input: dataset, y
Output: X
Begin
Stepl: dataset Dataset - Matrix (X, Y)
Step2: Split Dataset by Training and Testing
Step3: Training = X_train, y_train

Testing =2 X _test, y test

Step4: model - function LogisticRegression()
Step5: y_predicted - model.fit (Tr).x_predicted

Step6: Accuracy _Score(y_test, y predicted)
End
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Algorithm 3.11 The Logistic Regression Algorithm

Input: Training data

Output: Class of a test sample x

Begin

Fori=1tok

For each training data instance dj.

Set the target value for the regression to z, = vyi-P(1d)
[P(11d;)(1-P(1]dj))]

Initialize the weight of instance dj to [P(1d;)(1 — P(1d;))]
Finalize a f(j) to the data with class value (Z;) and weight (w;)
Classical label decision

Assign (class label: 1) if Pid > 0.5, otherwise (class label: 2)
End
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Chapter Four
Results and Discussions

4.1 Introduction

In this chapter, the results obtained from the application of the proposed model
will be presented by applying the steps as mentioned in Chapter 3. The results
are for the two datasets that were taken to implement the model. Then these
results are analyzed and compared with other proposed works.

4.2 Heart Disease Prediction Dataset

This dataset contains 14 attributes and 270 record. Heart_Disease_prediction
to identify which patients are most likely to have a cardiac condition soon, a
dataset is employed. Table 4.1 present sample from the dataset.

Table 4.1 Heart_Disease prediction dataset sample

index Age Sex Chest pair BP CholestercFBS over 1EKG result Max HR  Exercise a ST depres:Slope of S Number o Thallium Heart Disease
0 70 1 4 130 322 0 2 109 0 2.4 2 3 3 Presence
1 67 0 3 115 564 0 2 160 0 1.6 2 0 7 Absence
2 57 1 2 124 261 0 0 141 0 0.3 1 0 7 Presence
3 64 1 4 128 263 0 0 105 1 0.2 2 1 7 Absence
4 74 0 2 120 269 0 2 121 1 0.2 1 1 3 Absence
5 65 1 4 120 177 0 0 140 0 0.4 1 0 7 Absence
6 56 1 3 130 256 1 2 142 1 0.6 2 1 6 Presence
7 59 1 4 110 239 0 2 142 1 1.2 2 1 7 Presence
8 60 1 4 140 203 0 2 170 0 1.2 2 2 7 Presence
9 63 0 4 150 407 0 2 154 0 4 2 3 7 Presence
10 59 1 4 135 234 0 0 161 0 0.5 2 0 7 Absence
11 53 1 4 142 226 0 2 111 1 0 1 0 7 Absence
12 44 1 3 140 235 0 2 180 0 0 1 0 3 Absence
13 61 1 1 134 234 0 0 145 0 2.6 2 2 3 Presence
14 57 0 4 128 303 0 2 159 0 0 1 1 3 Absence
15 71 0 4 112 149 0 0 125 0 1.6 2 0 3 Absence
16 46 1 4 140 311 0 ] 120 1 1.8 2 2 7 Presence
17 53 1 4 140 203 1 2 155 1 3.1 3 0 7 Presence
18 64 1 1 110 211 0 2 144 1 1.8 2 0 3 Absence
19 40 1 1 140 199 0 0 178 1 1.4 1 0 7 Absence
20 67 1 4 120 229 0 2 129 1 2.6 2 2 7 Presence
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4.2.1 Small Dataset Results
After applying the steps of the proposed model, have the following results:

Stepl: Attribute Ranking

After applying the proposed model using python programing language by
ranking the small dataset (heart disease) and observing its attributes. It
composed of 14 attributes. Table 4.2 presents the sorted list of the ranked
attributes:

Table 4.2 attributes ranking for the small heart disease dataset

Rank | Attribute name Old No.
1 Thallium 14
2 Number of vessels fluor 13
3 Exercise angina 10
4 Max HR 9
5 Depression St 11
6 Chest pain type 4
7 Slope of St 12
8 sex 3
9 age 2
10 EKG results 8
11 Bp 5
12 Cholesterol 6
13 FBS over120 7
14 Index 1

Table 4.2 shows that the attribute ranking of the extended data is very close
that for the small dataset.

Step2: Attributes Correlation

The correlation results are recorded in a matrix of (14 x 14). The strong
correlation coefficient value (which is greater or equal 0.7) is selected and
attended. Table 4.3 shows a sample of the created correlation matrix.
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Table 4.3 correlation matrix for the small heart disease dataset

Thallium 0.01| 0.10 | 0.39 | 0.263 | 0.132 0.028 | 0.049 0.0073 0.253 0.321 0.324 0.284

Number of 0.06 | 0.35| 0.08| 0.226 | 0.08 | 0.127 | 0.124 0.114 | 0.265| 0.153 0.255 0.109

vessels S7

fluinr

Slope of St 0.02 | 0.16 | 0.05| 0.137 | 0.14 | 0.005 | 0.044 0.161 | 0.387 | 0.256 0.61

Depression 0.08 | 0.19 | 0.09 | 0.167 | 0.22 | 0.027 | 0.025 0.12 | 0.349 | 0.275 0.61

St

Exercise 0.06 | 0.09 | 0.18 | 0.353 | 0.08 | 0.078 | 0.004 0.095 | 0.381 0.275 0.256

Max HR 0.01| 0.40 | 0.07 | 0.318- | 0.03 | 0.018 | 0.025 0.074 0.381- 0.349- | 0.387-

EKG 0.03 | 0.12 | 0.03| 0.074 | 0.11 | 0.168 | 0.053 0.074 | 0.0951 0.12 0.161

results

FBS 0.01| 0.12 | 0.04 | 0.098 | 0.15| 0.025 0.0535 | 0.022 | 0.0041 | 0.0255- | 0.044

overl20

Cholesterol 0.04 | 0.22 | 0.20 0.09 | 0.17 0.025 0.168 | 0.018 | 0.0782 0.0277 | 0.005

Bp 0.04 | 0.27 | 0.06 | 0.043 0.173 | 0.156 0.116 | 0.039 | 0.0828 0.223 0.142

Chest pain 0.01 | 0.09 | 0.03 0.04 | 0.090 | 0.098 | 0.0743 | 0.318 | 0.353 0.167 0.137

tvbe

sex 0.04 | 0.09 0.034 | 0.06 | 0.202 | 0.042 | 0.0393 | 0.076 0.18 0.0974 | 0.050

age 0.04 0.09 0.09 | 027 | 0.22| 0.123 0.128 | 0.402 | 0.098 0.194 0.16

index 0.04 | 0.04 0.01| 0.04| 0.04, 0.01 0.03| 0.01 0.06 0.08 0.02
Index | Age | Sex | Chest | Bp | Chole | FBS | EKG Max | Exercise | Depressi | Slope

pain sterol | overl | results | HR angina on St of St

fvne

20
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Step3: Predictive Modeling

To perform a predictive modeling approach, four prediction models are

utilized in this thesis (Naive bayes, Decision tree, KNN and Logistic).

Table 4.4 presents the specific measures for each of the used prediction
models. These measures are (precision, Recall, F-Measure, accuracy) detailed

by class.

Table 4.4 specific measures for each of the used prediction models for the small heart

disease dataset

Algorithm
type Precision Recall F- score | accuracy Class
0.85 0.88 0.86 F’rgsence ((1))
. 0.81 0.88 0.86 Absence (0
NalveBayes| g3 0.82 0.83 083 | Macro avg
0.83 0.83 0.83 Weighted Avg
0.54 0.75 0.63 Presence (1)
Decision 0.81 0.62 0.70 0.69 Absence (0)
tree 0.67 0.68 0.66 ' Macro avg
0.71 0.67 0.67 Weighted Avg
0.55 0.57 0.56 Presence (1)
0.72 0.70 0.71 Absence (0)
KNN 0.63 0.63 0.63 064 | Macro avg
0.65 0.65 0.65 Weighted Avg
0.75 0.83 0.89 Presence (1)
- 0.91 0.86 0.79 Absence (0)
Logistic 0.83 0.85 0.84 085 | Macro avg
0.86 0.85 0.85 Weighted Avg
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Table 4.5 presents the specific measures (Accuracy, Error, precision, Recall)
for each of the used prediction models.

Table 4.5 presents the specific measures (Accuracy, Error, precision, Recall) for the
small heart disease dataset

Algorithm type | Accuracy | Error | Precision Recall
Naive Bayes 0.83 0 0.87 0.84
Decision tree 0.69 0.3 0.73 0.60
KNN 0.64 0.3 0.75 0.54
Logistic 0.85 0 0.83 0.75

Confusion matrices are a way to evaluate the performance of a classification
model by analyzing the number of true positives, true negatives, false
positives, and false negatives. For each of prediction models can be evaluated
using confusion matrices as shown in Tables 4.6, 4.7, 4.8 and 4.9.

Table 4.6 Confusion Matrixes (Naive Bayes) for the small heart disease dataset

Absence (0) Presence (1)
Absence (0) 17 4
Presence (1) 5 28

Table 4.7 Confusion Matrixes (Decision tree) for the small heart disease dataset

Absence (0) Presence (1)
Absence (0) 20 6
Presence (1) 11 17

Table 4.8 Confusion Matrixes (KNN) for the small heart disease dataset

Absence (0) Presence (1)
Absence (0) 23 9
Presence (1) 10 12
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Table 4.9 Confusion Matrixes (Logistic Regression) for the small heart disease dataset

Absence (0) Presence (1)
Absence (0) 31 3
Presence (1) 5 15

After obtaining the results of the algorithms, tried to delete some of the least
important features according to the ranking in a Table 4.2, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(from rank 7 to 14 features) in Naive Bayes and Logistic, index feature in
KNN, and (rank 8 to 14 features) in Decision tree not effected on dataset
accuracy. While remaining features when removing it the accuracy became
less.

4.2.2 Data Extension Result

After applying the proposed model to the dataset, the results showed an
imbalance of the dataset, so the dataset will be enlarged. A Synthetic Minority
Oversampling Technique (SMOTE) is used to generate new data to extend the
small dataset as the features expanded from 270 to 1080. Table 4.10 Present a
sample from the generated data.

Table 4.10 a sample of the generated data.

lo. T:index 2:Age 3:5ex & Chestpaintype 5 BP & Cholesterol 7: FBS over 120 8 EKG results 9 Max HR 10: Exercise angina  11: 5T depression  12: Slope of ST 1
i M ic

Mumeric  Mumeric  Mumeric Mumeric ~ Mumeric Numeric Mumeric Mumeric MNumeric MNumeric MNumeric Mumeric

0.0 70.0 1.0 40 1300 322.0 0.0 20 109.0 0.0 24 20

1.0 67.0 0.0 3.0 150 564.0 0.0 20 160.0 0.0 16 20

20 57.0 1.0 20 1240 261.0 0.0 0.0 14.0 0.0 0.3 1.0

3.0 64.0 1.0 40 1280 263.0 0.0 0.0 105.0 1.0 0.2 20

4.0 74.0 0.0 20 1200 269.0 0.0 20 121.0 1.0 0.2 1.0

50 65.0 1.0 40 1200 177.0 0.0 0.0 140.0 0.0 04 1.0

6.0 56.0 1.0 3.0 1300 256.0 10 2.0 142.0 1.0 0.6 20

7.0 59.0 1.0 40 0 1100 239.0 0.0 2.0 142.0 1.0 1.2 20

8.0 60.0 1.0 40 1400 293.0 0.0 2.0 170.0 0.0 1.2 20

) 9.0 63.0 0.0 40 1500 407.0 0.0 2.0 134.0 0.0 4.0 20
10.0 59.0 1.0 40 1350 234.0 0.0 0.0 161.0 0.0 0.5 20

1.0 53.0 1.0 40 0 1420 226.0 0.0 2.0 111.0 1.0 0.0 1.0

12.0 44.0 1.0 3.0 1400 235.0 0.0 2.0 180.0 0.0 0.0 1.0

I 13.0 61.0 1.0 1.0 1340 234.0 0.0 0.0 143.0 0.0 26 20
14.0 57.0 0.0 40 1280 303.0 0.0 2.0 159.0 0.0 0.0 1.0

i 15.0 .o 0.0 40 0 1120 149.0 0.0 0.0 125.0 0.0 16 20
16.0 46.0 1.0 40 1400 311.0 0.0 0.0 1200 1.0 1.8 20

§ 170 53.0 1.0 40 1400 203.0 1.0 20 155.0 1.0 31 3.0
i 18.0 64.0 1.0 1.0 1100 211.0 0.0 20 1440 1.0 1.8 2.0
) 1.0 40.0 1.0 1.0 1400 199.0 0.0 0.0 178.0 1.0 14 1.0
20.0 67.0 1.0 40 1200 229.0 0.0 20 129.0 1.0 26 2.0

21.0 48.0 1.0 20 1300 245.0 0.0 20 180.0 0.0 0.2 2.0

22.0 43.0 1.0 40 1150 303.0 0.0 0.0 1810 0.0 1.2 2.0
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Stepl: Attribute Ranking

After applying the SMOTE, apply the ranking for the attributes for the new
dataset and observe its attributes. Table 4.11 Presents the ranking order of the
generated data compared with the small data ranking order.

Table 4.11 the ranking order of the generated data compared with the small data
ranking order

SMOT Small dataset

Rl Attribute name i Attribute name ol

No. No.
1 Thallium 14 | Thallium 14
2 Number of vessels fluor | 13 | Number of vessels fluor | 13
3 ST depression 11 | Exercise angina 10
4 Exercise angina 10 | Max HR 9
5 Max HR 9 | Depression St 11
6 Chest pain type 4 | Chest pain type 4
7 Slope of St 12 | Slope of St 12
8 sex 3 Sex 3
9 age 2 | Age 2
10 EKG results 8 EKG results 8
11 Bp 5 Bp 5
12 Cholesterol 6 Cholesterol 6
13 FBS over120 7 FBS over120 7
14 Index 1 Index 1

Table 4.11 shows that the attribute ranking of the extended data is very close
that for the small dataset. Such results are a good indication that the generated
virtual data behavior is very close or similar to the original real small or limited
data. One advantage of attribute ranking is to indicate the most important
attributes. The least important attributes can be eliminated or avoided in any
reduction process. Also, the significant attributes must be considered in any
prediction model.

Step2: Attributes Correlation

Re-execute the correlation process for the new Dataset with the same previous
mechanism to test its correlation coefficient. The correlation results are
recorded in a matrix of (14 x 14). Table 4.12 shows a sample of the created
correlation matrix.
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Table 4.12 correlation matrix for the extension heart disease dataset

Thallium 0.01 0.106 0.391 0.263 0.132 0.0288 0.0492 0.0073 0.253- 0.321
Number of 0.00613- 0.356 0.0868 0.226 0.0857 0.127 0.124 0.114 0.265- 0.153
vessels fluor
Slope of St 0.0234 0.16 0.0505 0.137 0.142 0.00576 | 0.0441 0.161 0.387- 0.256
St Dmb_\mmm_os 0.0845 0.194 0.0974 0.167 0.223 0.0277 0.0255- 0.12 0.349- 0.275
Exercise 0.0646- 0.0983 0.18 0.353 0.0828 0.0782 | 0.00411- | 0.0951 0.381-
anaina
Max HR 0.103 0.402- 0.0761- | 0.318- 0.0391 | 0.0187- 0.0225 | 0.0746- 0.381-
EKG results 0.0398- 0.128 0.0393 0.0743 0.116 0.168 0.0535 0.0746- 0.0951
FBS over120 0.0147- 0.123 0.0421 0.0985- 0.156 0.025 0.0535 0.0225 0.00411-
Cholesterol 0.0435 0.22 0.202- 0.0905 0.173 0.025 0.168 0.0187- 0.0782
Bp 0.0383 0.273 0.0627- | 0.0432- 0.173 0.156 0.116 0.0391 0.0828
Chest pain 0.0069- 0.0969 0.0346 0.0432- | 0.0905 | 0.0985- | 0.0743 0.318- 0.353
tvpe
sex 0.0339 0.0944- 0.0346 | 0.0627- 0.202- 0.0421 0.0393 0.0761- 0.18
age 0.0442- 0.0944- | 0.0969 0.273 0.22 0.123 0.128 0.402- 0.0983
Index 0.0442- 0.0339 | 0.0069- | 0.0383 0.0435 | 0.0147- | 0.0398- 0.103 0.0646-
c ©
< [ o o 3
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Step3: Predictive Modeling

Applying the prediction models (Naive bayes, Decision tree, KNN, and
Logistic). Table 4.12 presents the specific measures for each of the used
prediction models. These measures are (precision, Recall, F-Measure, and
accuracy) detailed by class.

Table 44.12. specific measures for each of the used prediction models for the extension
heart disease dataset

Algorithm
type Precision Recall F-score | accuracy Class
0.92 0.87 0.89 Presence (1)
) 0.89 0.93 0.91 Absence (0)
Naive Bayes 0.90 0.90 0.90 091 | Macro avg
0.90 0.90 0.90 Weighted Avg
0.83 0.90 0.86 Presence (1)
Decision 0.92 0.85 0.89 0.88 Absence (0)
tree 0.87 0.90 0.87 ' Macro avg
0.88 0.88 0.88 Weighted Avg
0.93 0.95 0.94 Presence (1)
0.96 0.94 0.95 Absence (0)
KNN 0.94 0.94 0.94 0.94 Macro avg
0.94 0.94 0.94 Weighted Avg
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0.88 0.89 0.89 Presence (1)
. 0.93 0.92 0.93 Absence (0)
Logistic 0.91 0.91 0.91 0.91 | Macro avg
0.91 0.91 0.91 Weighted Avg

Table 4.13 presents the specific measures (Accuracy, Error, precision, Recall)
for each of the used prediction models.

Table 4.13 presents the specific measures (Accuracy, Error, precision, Recall) for the
extension heart disease dataset

Algorithm type | Accuracy | Error | Precision Recall
Nailve Bayes 0.91 0 0.91 0.87
Decision tree 0.88 0.12 0.81 0.89
KNN 0.94 0.5 0.92 0.94
L ogistic 0.91 0 0.88 0.89

For each of prediction models can be evaluated using confusion matrices as
shown in Tables 4.14, 4.15, 4.16 and 4.17.

Table 4.14 Confusion Matrixes (Naive Bayes) for the extension heart disease dataset

Table 4.15 Confusion Matrixes (Decision tree) for the extension heart disease dataset

Table 4.16 Confusion Matrixes (KNN) for the extension heart disease dataset

Absence (0) Presence (1)
Absence (0) 108 13
Presence (1) 8 87

Absence (0) Presence (1)
Absence (0) 103 10
Presence (1) 19 84

Absence (0) Presence (1)
Absence (0) 117 o
Presence (1) 7 87
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Table 4.17 Confusion Matrixes (Logistic Regression) for the extension heart disease

dataset
Absence (0) Presence (1)
Absence (0) 121 9
Presence (1) 10 76

After obtaining the results of the algorithms, treeing to delete some of the least
important features according to the ranking in a Table 4.11, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(from rank 12, 13 14 features) in Naive Bayes and index feature in Logistic
not effected on dataset accuracy. While remaining features when removing it
the accuracy became less.
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4.2.3 Compare result between small and extend dataset

After calculating the Standard Deviation, Average, Max, and Min for the small
dataset, and after balancing and extend using the (SMOTE) method, the results
were plotted by a graphical analysis shown in the figure 4.1. Where the orange
line indicates the SMOTE, while the blue line indicates the data after the small
dataset. Through the analysis, it was noticed that the behavior of the data is
completely similar, only it became an increase in values, but the behavior is
the same.

value

Standard Deviation Average

200 600
150 500
100 o 400
= 300

50 S
\\\~\ AJ’J/’\\l 200

0 = e 100 ‘\\\\
123456 7 8 9101112131415 0
feature 123456 7 8 9101112131415

feature
standard deviation (SMOTE)

= standard deviation (small) e Average (small) Average (SMOTE)
Max Min
1200 300
1000 250
g 800 g 200
e 600 e 150
400 /\ 100 /\
200 \ 50 /\
0 \ A — — 0 /\ ——
123456 7 8 9101112131415 123 456 7 8 9101112131415
feature feature
e |\/|ax (small) Max (SMOTE) e [N (small) Min (SMOTE)

Figure 4.1 Standard Deviation, Average, Max, and Min for the heart disease dataset

According to Tables 4.5 and 4.13, the prediction results showed an
improvement in the accuracy, precision, and recall values when extension and
balancing the data in the dataset. And the KNN algorithm showed the highest
achieved results with a percentage of 94% for accuracy, 92% for precision,
and 94% for recall.
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4.3 Lung Cancer Prediction Dataset

The lung cancer dataset is often used for research and analysis related to lung
cancer. Table 4.18 present sample from the dataset.

Table 4.18 lung cancer dataset sample

index  Patientid Age Gender  Air PollutiAlcohel us Dust Aller OccuPatio Genetic Richronic LuBalanced | 0besity  Smoking | Passive Sr Chest Pair Coughing Fatigue | Weight Lo Shortness Wheezing Swallowir Clubbing {Frequent Dry CoughSnoring  Level
0m 33 2 s a 3 2 2 a 3 2 2 a 3 a 2 1 2 3 a Low
110 17 1 3 1 5 3 a 2 2 2 2 4 2 3 1 3 7 8 6 2 1 7 2 Medium
2 P100 35 4 5 6 H 5 6 2 3 a 8 8 7 a 2 1 4 6 7 2 High
3 P1000 37 1 7 7 7 7 6 7 7 7 7 7 8 4 2 3 1 4 5 6 7 High
nnnnn a5 3 7 7 s 3 a 2 High
5 P102 35 1 a 5 6 5 5 4 3 7 2 3 a 8 8 7 E] 2 1 a [ 7 2 High
6 P103 52 2 2 5 3 2 2 3 2 2 4 3 2 2 3 1 2 3 4 low
7 P104 28 2 3 1 4 3 2 3 4 3 1 3 1 3 2 2 2 2 2 3 3 Low
8 P105 ES) a 6 3 B 1 3 a 6 Medium
9 P106 a5 1 2 3 a 2 a 3 3 3 2 3 a a 1 2 a 6 H a 2 1 5 Medium
\\\\\\ as 6 7 7 7 5 2 8 2 5 High
11 P108 64 2 6 8 7 7 7 6 7 7 7 8 7 7 9 6 5 7 2 a 3 1 4 High
1111111 39 4 6 6 3 5 2 3 1 Medium
13 P11 ET) 1 & 7 7 7 [] 7 7 7 7 7 7 8 a 2 3 1 a 5 [] 7 5 High
14 P110 27 3 a a 2 2 3 1 5 2 Low
15 P111 k) 1 5 6 6 ] 5 3 [ 5 5 s a 3 3 2 1 2 1 6 2 Medium
16 P112 3 1 5 3 2 2 2 2 2 3 1 3 7 8 3 2 1 7 2 Medium
17 P13 34 1 6 7 7 7 6 7 7 7 7 7 7 8 4 2 3 1 4 5 6 7 5 High
18 P114 36 3 7 7 7 8 7 7 8 2 High
19 P15 u 1 2 4 B 6 5 5 a 6 5 a 3 s 5 3 2 1 a 7 2 1 6 Medi
20 P116 2 1 6 8 7 [ 3 8 9 6 5 2 5 2 3 2 1 6 High
2 P17 53 2 4 5 6 5 5 3 7 2 3 4 8 8 7 9 2 1 4 6 7 2 High
218 62 3 7 7 ) 3 ) 4 2 High
2 pus 2 2 3 7 7 7 7 6 7 7 7 7 7 7 2 7 3 7 6 7 2 3 1 High
24 P12 6 7 7 7 8 7 7 8 igh
25 P120 65 1 6 8 7 7 7 6 2 4 1 2 4 3 2 7 6 5 1 9 3 4 2 Medium
26 P121 38 2 s 2 4 5 2 8 1 Medium
712 19 1 3 2 a 2 3 2 3 3 2 2 3 3 a 5 & 5 s a [ 5 4 Medium
3 123 3 7 7 7 a 5 s 5 High
29 P124 % 2 1 6 7 5 3 2 3 2 3 3 2 2 3 3 7 7 a 8 7 7 Medium
30 P125 35 2 2 6 2 3 6 6 6 6 8 7 6 5 5 a 6 5 4 6 5 7 High
31 P126 a2 1 2 2 5 6 5 5 4 6 7 7 2 3 8 7 7 3 8 9 1 6 2 High

4.3.1 Small Dataset Results
After applying the steps of the proposed model, have the following results:

Stepl: Attribute Ranking

After applying the proposed model using python programing language by
ranking the small dataset (lung cancer) and observing its attributes. Table 4.19
presents the sorted list of the ranked attributes:

Table 4.19 attributes ranking for the small lung cancer dataset

Attribute name Old No.
Allergy 9
Alcohol consuming 11
Swallowing difficulty 14
Wheezing 10
Coughing 12
Chest pain 15
Peer pressure 6
Yellow fingers 4
Fatigue 8
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OO |(NO|OIAR(WIN|F-
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Anxiety
Chronic disease

[HEN
[HEN
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12 Age 2
13 Gender 1
14 Shortness of breath 13
15 Smoking 3

Step2: Attributes Correlation

The correlation results are recorded in a matrix of (15 x 15). The strong
correlation coefficient value (which is greater or equal 0.7) is selected and
attended. Table 4.20 shows a sample of the created correlation matrix.
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Table 4.20 correlation matrix for the small lung cancer dataset

CHEST PAIN 0.363 | 0.0181- | 0.12 0.105- | 0.114- |0.0948-|0.0369-|0.0108-| 0.239 0.148 0.331 | 0.084 [0.0243| 0.069
SWALLOWING 0.078210.00127-| 0.0307 | 0.346 0.489 | 0.367 |0.0752 | 0.133- | 0.0615- | 0.069 |0.00929-| 0.158- | 0.161- 0.069
SHORTNESS OF| 0.0649 | 0.0175- | 0.0613 | 0.106- | 0.144- | 0.22- |0.0265-| 0.442 | 0.0301- | 0.0378 | 0.179- | 0.277 0.161- | 0.0243
COUGHING 0.133 0.17 0.129- | 0.0126- | 0.226- | 0.089- | 0.175- | 0.147 0.19 0.374 0.203 0.277 | 0.158- | 0.084
ALCOHOL 0.454 | 0.059 | 0.0506- | 0.289- | 0.166- | 0.16- |0.00215| 0.191- | 0.344 0.266 0.203 | 0.179- |0.00929-| 0.331
WHEEZING 0.141 | 0.055 | 0.129- | 0.0785- | 0.192- [0.0688-| 0.05- | 0.142 | 0.174 0.266 | 0.374 [0.0378| 0.069 | 0.148
ALLERGY 0.154 | 0.028 |0.00191 | 0.144- | 0.166- |0.0818-| 0.106 |0.00306 0.174 0.344 0.19 |0.0301-| 0.0615- | 0.239
FATIGUE 0.0836 | 0.0126 | 0.296- | 0.118- | 0.189- | 0.0781 | 0.111- 0.00306 | 0.142 | 0.191- | 0.147 | 0.442 | 0.133- |0.0108-
CHRONIC DISEASE| 0.205 | 0.0126- | 0.142- | 0.0411 |0.00968-| 0.0485 0.111- | 0.106 0.05- |0.00215 | 0.175- |0.0265-| 0.0752 |0.0369-
PEER_PRESSURE | 0.276 | 0.0187 | 0.0428- | 0.323 0,217 0.0485 | 0.0781 | 0.0818- | 0.0688- | 0.16- | 0.089- | 0.22- | 0.367 o.oo%.
o
ANXIETY 0.152 | 0.0532 0.16 0.566 0.217 |0.00968| 0.189- | 0.166- | 0.192- | 0.166- | 0.226- | 0.144-| 0.489 | 0.114-
YELLOW 0.213 | 0.0052 | 0.0146- 0.566 | 0.323 [0.0411| 0.118- | 0.144- | 0.0785- | 0.289- |0.0126-| 0.106- | 0.346 | 0.105-
SMOKING 0.0363 | 0.0845- 0.0146- | 0.16 |0.0428-| 0.142- | 0.296- | 0.00191 | 0.129- | 0.0506- | 0.129- | 0.0613| 0.0307 | 0.12
AGE 0.0213 0.0845- | 0.0052 | 0.0532 | 0.0187 {0.0126-| 0.0126 | 0.028 0.055 0.059 0.17 | 0.175-10.00127-|0.0181-
GENDER 0.0213 | 0.0363 | 0.213 0.152 | 0.276 | 0.205 | 0.0836 | 0.154 0.141 0.454 | 0.133 |0.0649| 0.0782 | 0.363
m
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Step3: Predictive Modeling

To perform a predictive modeling approach, using prediction models (Naive
Bayes, Decision Tree, KNN, and Logistic).

Table 4.21 presents the specific measures for each of the used prediction
models. These measures are (precision, Recall, F-Measure, and accuracy)
detailed by class.

Table 4.21 specific measures for each of the used prediction models for the small lung
cancer dataset

Algorithm
type Precision Recall F- score | accuracy Class
0.55 0.46 0.50 NO (0)
. 0.86 0.90 0.88 YES (1)
Naive Bayes 0.70 0.68 0.69 081 | Macro avg
0.80 0.81 0.80 Weighted Avg
0.64 0.78 0.70 NO (0)
Decision 0.96 0.92 0.94 0.90 YES (1)
tree 0.80 0.85 0.82 ' Macro avg
0.91 0.90 0.91 Weighted Avg
0.29 0.40 0.33 NO (0)
0.95 0.91 0.93 YES (1)
KNN 0.62 0.66 0.63 0.87 Macro avg
0.89 0.87 0.88 Weighted Avg
0.56 0.71 0.63 NO (0)
- 0.96 0.93 0.94 YES (1)
Logistic 0.76 0.82 0.78 0.90 | Macro avg
0.92 0.90 0.91 Weighted Avg

Table 4.21 presents the specific measures (Accuracy, Error, precision, Recall)
for each of the used prediction models.

Table 4.22 presents the specific measures (Accuracy, Error, precision, Recall) for the
small lung cancer dataset

Algorithm type | Accuracy | Error | Precision Recall

Naive Bayes 0.81 0.1 0.89 0.86
Decision tree 0.90 0 0.92 0.96
KNN 0.87 0.1 0.91 0.94
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Logistic

0.90

0.09

0.92

0.96

For each of prediction models can be evaluated using confusion matrices as

shown in Tables 4.23, 4.24, 4.25 and 4.26.

Table 4.23 Confusion Matrixes (Naive Bayes) for the small lung cancer dataset

No (0) Yes (1)
No (0) 6 5
Yes (1) / 44

Table 4.24 Confusion Matrixes (Decision tree) for the small lung cancer dataset

No (0) Yes (1)
No (0) 7 4
Yes (1) 2 49

Table 4.25 Confusion Matrixes (KNN) for the small lung cancer dataset

No (0) Yes (1)
No (0) 2 5
Yes (1) 3 52

Table 4.26 Confusion Matrixes (Logistic Regression) for the small lung cancer dataset

No (0) Yes (1)
No (0) 5 4
Yes (1) 2 51

After obtaining the results of the algorithms, tried to delete some of the least
important features according to the ranking in a Table 4.19, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(rank 11 to 15 features) in Naive Bayes and (rank 14 + 15 features) in KNN
not effected on dataset accuracy. While remaining features when removing it
the accuracy became less.
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4.3.2 Data extension Result

After applying the proposed model to the dataset, the results showed the
imbalance of the dataset, so the dataset will be enlarged. A Synthetic Minority
Oversampling Technique (SMOT) is used to generate new data to extend the
small dataset as the features expanded from 309 to 2328. Table 4.27 Present a
sample from the generated data.

Table 4.27 Present a sample from the generated data.

1: GENDER 2: AGE 3: SMOKING 4: YELLOW_FINGERS 5: ANXIETY 6: PEER_PRESSURE 7: CHRONIC DISEASE 8: FATIGUE 9: ALLERGY 10: WHEEZING

Nominal Numeric Numeric Numeric Numeric Numeric Numeric Numeric Numeric Numernc

M 69.0 1.0 20 20 1.0 1.0 20 1.0 20
M 740 20 1.0 1.0 1.0 20 20 20 1.0
F 59.0 1.0 1.0 1.0 20 1.0 20 1.0 20
M 63.0 20 20 20 1.0 1.0 1.0 1.0 1.0
F 63.0 1.0 20 1.0 1.0 1.0 1.0 1.0 2.0
F 75.0 1.0 20 1.0 1.0 20 20 20 20
M 52.0 20 1.0 1.0 1.0 1.0 20 1.0 20
F 51.0 20 20 20 20 1.0 20 20 1.0
F 68.0 20 1.0 20 1.0 1.0 20 1.0 1.0
M 53.0 20 20 20 20 20 1.0 20 1.0
F 61.0 20 20 20 20 20 20 1.0 20
M 720 1.0 1.0 1.0 1.0 20 20 20 20
F 60.0 2.0 1.0 1.0 1.0 1.0 20 1.0 1.0
M 58.0 20 1.0 1.0 1.0 1.0 20 20 20
M 69.0 20 1.0 1.0 1.0 1.0 1.0 2.0 20
F 48.0 1.0 20 20 20 20 20 20 20
M 750 20 1.0 1.0 1.0 20 1.0 20 20
M 57.0 20 20 20 20 20 1.0 1.0 1.0
F 68.0 20 20 20 20 20 20 1.0 1.0
F 61.0 1.0 1.0 1.0 1.0 20 20 1.0 1.0
F 440 20 20 20 20 20 20 1.0 1.0
F 64.0 1.0 20 20 20 1.0 1.0 20 2.0
F 21.0 20 1.0 1.0 1.0 20 20 20 1.0

After applying the steps of the proposed model to the new dataset, have the
following results:

Stepl: Attribute Ranking

After applying the SMOTE, apply the ranking for the attributes for new dataset
and observing its attributes. Table 4.28 Presents the ranking order of the
generated data compared with the small data ranking order.

Table 4.28 the ranking order of the generated dataset

Rank | Attribute name Old No.
1 Allergy 9

2 Coughing 12

3 Alcohol consuming 11

4 Wheezing 10

5 Swallowing difficulty 14

6 Fatigue 8

61



Chapter Four Results and Discussions

7 Yellow fingers 4
8 Chest pain 7
9 Chronic disease 15
10 Peer pressure 6
11 Anxiety 5
12 Shortness of breath 13
13 Age 2
14 Smoking 3
15 Gender 1

Table 4.28 shows that the attribute ranking of the extended dataset, the least
important attributes can be eliminated or avoided in any reduction process.
Also, the significant attributes must be considered in any prediction model.

Step2: Attributes Correlation

Re-execute the correlation process for the new Dataset with the same previous
mechanism to test its correlation coefficient. The correlation results are
recorded in a matrix of (15 x 15). Table 4.29 shows a sample of the created
correlation matrix.
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Table 4.29 Correlation matrix for the generated lung cancer dataset

CHEST PAIN 0,296 |0,0259-| 0,11 |0,0541-| 0,12- | 0,0382 | 0,0584- | 0,0199 0,348 0,254 0,389 1,135 | 0,0217- 0,0584
SWALLOWING 0,127 |0,0666-| 0,0548 | 0,494 | 0,539 0,321 0,138 | 0,118- | 0,0216 0,123 0,0869 0,045- 0,123- 0,0584
NDICCICILI TV
SHORTNESS OF 0,321 |0,00815| 0,0424 |0,0418-| 0,208- | 0,188- | 0,0383- | 0,468 0,0181- 0,129 0,185- 0,297 0,123- 0,0217-
RDEATH -
COUGHING 0,0338 | 0,149 | 0,0439- | 0,102 | 0,137- |0,00509-| 0,0357- | 0,225 0,357 0,49 0,307 0,297 0,045- 1,135
IALCOHOL 0,466 |0,0784 | 0,00602 | 0,128- | 0,0438- | 0,0412- | 0,102 | 0,117- 0,537 0,345 0,307 0,185- 0,0869 0,389
WHEEZING 0,0661 | 0,0728 0,15- |0,0117-| 0,203- | 0,0698 | 0,0373 | 0,247 0,335 0,345 0,49 0,129 0,123 0,254
ALLERGY 0,226 |0,0602 | 0,0559 |0,0339-| 0,12- |0,0129-| 0,158 0,108 0,335 0,537 0,357 | 0,0181- 0,0216 0,348
FATIGUE 0,168 | 0,131 | 0,0478- | 0,127- | 0,135- | 0,0905 | 0,0128- 0,108 0,247 0,117- 0,225 0,468 0,118- 0,0199
CHRONIC DISEASE| 0,144 | 0,0405 0,19- 0,125 | 0,104 0,158 0,0128- | 0,158 0,0373 0,102 0,0357- | 0,0383- 0,138 0,0584-
PEER_PRESSURE 0,274 | 0,0848 | 0,0657- | 0,288 | 0,233 0,158 | 0,0905 | 0,0129- | 0,0698 | 0,0412- |0,00509-| 0,188- 0,321 0,0382
IANXIETY 0,057310,0126-| 0,136 0,556 0,233 0,104 0,135- 0,12- 0,203- | 0,0438- | 0,137- 0,208- 0,539 0,12-
YELLOW 0,237 |0,0421-| 0,014- 0,556 0,288 0,125 | 0,127- | 0,0339- | 0,0117-| 0,128- 0,102 | 0,0418- 0,494 0,0541-
SMOKING 0,039310,00913 0,014- | 0,136 | 0,0657-| 0,19- |0,0478-| 0,0559 0,15- | 0,00602 | 0,0439- | 0,0424 0,0548 0,11
AGE 0,119 0,00913- |0,0421-| 0,0126- | 0,0848 | 0,0405 | 0,131 0,0602 | 0,0728 | 0,0784 0,149 |0,00815-| 0,0666- | 0,0259-
GENDER 0,119 | 0,0393 | 0,237 | 0,0573 | 0,274 0,144 0,168 0,226 0,0661 0,466 0,0338 0,321 0,127 0,296
L
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Chapter Four Results and Discussions

Table 4.30 specific measures for each of the used prediction models for the generated
lung cancer dataset

Algorithm
type Precision Recall F- score | accuracy Class
0.92 0.95 0.93 NO (0)
. 0.94 0.90 0.92 YES (1)

B 0.93 0.93 0.93 093 | Macro avg
0.93 0.93 0.93 Weighted Avg
1.00 0.96 0.98 NO (0)

Decision 0.96 1.00 0.98 0.08 YES (1)

tree 0.98 0.98 0.98 ' Macro avg
0.98 0.98 0.98 Weighted Avg
1.00 0.99 1.00 NO (0)

KNN 0.99 1.00 1.00 1.00 |YES(1)
1.00 1.00 1.00 Macro avg
1.00 0.94 1.00 Weighted Avg
0.98 0.97 0.97 NO (0)

Logistic 0.97 0.97 0.97 0.97 |YES(1)
0.97 0.97 0.97 Macro avg
0.97 0.97 0.97 Weighted Avg

Table 4.31 presents the specific measures (Accuracy, Error, precision, Recall)
for each of the used prediction models.

Table 4.31 presents the specific measures (Accuracy, Error, precision, Recall) for the
generated lung cancer dataset

Algorithm type | Accuracy | Error | Precision Recall
Naive Bayes 0.93 0.07 0.90 0.93
Decision tree 0.98 0.02 0.99 0.96
KNN 0.99 0 1.0 0.99
L ogistic 0.97 0.02 0.97 0.96

For each of the prediction models can be evaluated using confusion matrices
as shown in Tables 4.32, 4.33, 4.34, and 4.35.
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Table 4.32 Confusion Matrixes (Naive Bayes) for the generated lung cancer dataset

No (0) Yes (1)
No (0) 232 21
Yes (1) 13 200

Table 4.33 Confusion Matrixes (Decision tree) for the generated lung cancer dataset

No (0) Yes (1)
No (0) 234 1
Yes (1) 9 222

Table 4.34 Confusion Matrixes (KNN) for the generated lung cancer dataset

No (0) Yes (1)
No (0) 245 0
Yes (1) 2 219

Table 4.35 Confusion Matrixes (Logistic Regression) for the generated lung cancer

dataset

No (0) Yes (1)
No (0) 249 6
Yes (1) 7 204

After obtaining the results of the algorithms, tried to delete some of the least
important features according to the ranking in a Table 4.28, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(rank 12 to 15 features) in Naive Bayes, (rank 14 + 15 features) in KNN, (rank
13 to 15 features) in logistic, and (rank 11 to 15 features) in Decision tree not
effected on dataset accuracy. While remaining features when removing it the
accuracy became less.
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4.3.3 Compare result between small and extend dataset

After calculating the Standard Deviation, Average, Max, and Min for the small
dataset, and after balancing and extend using the (SMOTE) method, the results
were plotted by a graphical analysis shown in the figure 4.2. Where the orange
line indicates the SMOTE, while the blue line indicates the data after the small
dataset. Through the analysis, it was noticed that the behavior of the data is
completely similar, only it became an increase in values, but the behavior is
the same.

standard deviation Average
2500 1200
2000 1000
2 1500 800
£ 1000 % 600
500 400
o \ — 200
1 3 5 7 9 11 13 15 17 19 21 23 0 S
feature 1 3 5 7 9 11 13 15 17 19 21 23
feature
standard deviation (SMOTE)
= standard deviation (small) == Average (small) Average (SMOTE)
Max Min
2500 30
2000 25
g 1500 g 20
= = 15
© ©
> 1000 > 10
500 5
0 » o *
1 3 5 7 9 11 13 15 17 19 21 23 1 3 5 7 9 11 13 15 17 19 21 23
feature feature
e \ax (small) Max (SMOTE) e Min (small) Min (SMOTE)

Figure 4.2 Standard Deviation, Average, Max, and Min for the lung cancer dataset

According to Tables 4.22 and 4.31, the prediction results showed an
improvement in the accuracy, precision, and recall values when extension and
balancing the data in the dataset. And the KNN algorithm showed the highest
achieved results with a percentage of 99% for accuracy, 100% for precision,
and 99% for recall.
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4.4 Cancer Patient Prediction Dataset

Cancer patient Dataset contains information about patients with cancer. Table
4.36 present sample from the Cancer Patient dataset.

Table 4.36 sample from the Cancer Patient dataset

1dex !Patient Id Age Gender  Ar Pollution  Alcohol  use Dust Allergy  OccuPatio Hazards Genetic  Risk chronic
0P n 1 2 4 5 4 3 2 2 4 3 2 2 4
1P10 17 1 3 1 ] 3 4 2 2 2 i 4 2 3
2 P100 35 1 4 5 6 5 5 4 6 7 2 3 4 8
3 P1000 & 1 7 7 7 7 6 7 7 7 7 7 7 8
4P 46 1 6 8 7 7 7 6 7 7 8 7 7 9
5P102 3 1 4 5 6 5 5 4 6 7 2 3 4 8
6 P103 52 2 2 4 ] 4 3 2 2 4 3 2 2 4
7P104 28 2 3 1 4 3 2 3 4 3 1 4 3 1
8 P105 35 2 4 i 6 5 6 5 i i 6 6 6 5
9P106 46 1 2 3 4 2 4 3 3 3 2 3 4 4
10 P107 44 1 6 7 7 7 7 6 7 7 7 8 7 7
11 P108 64 2 6 8 7 7 7 6 7 7 7 8 7 7
12 P109 39 2 4 5 6 6 5 4 6 6 6 6 6 6
13P11 M4 1 6 7 7 7 6 7 7 7 7 7 7 8
14 P110 27 2 3 1 4 2 3 2 3 3 2 2 4 2
15 P11 73 1 5 6 6 5 6 5 6 g 8 5 5 5
16 P112 17 1 3 1 5 3 4 2 2 2 2 4 2 3
17 P13 M 1 6 7 7 7 6 7 7 7 7 7 7 8
18 P114 36 1 6 7 7 7 7 7 i 7 7 7 7 7
19 P115 14 1 2 4 5 6 5 5 4 6 5 4 6 5
20 P16 24 1 6 8 7 7 6 7 7 3 8 7 9 6

4.4.1 Small Dataset Results
After applying the steps of the proposed model, have the following results:
Stepl: Attribute Ranking

After applying the proposed model using python programing language by
ranking the small dataset (Cancer Patient) and observing its attributes. It
composed of 25 attributes. Table 4.37 presents the sorted list of the ranked
attributes:

Table 4.37 attributes ranking for the small Cancer Patient dataset

Rank | Attribute name Old No.
1 Coughing of Blood 16
2 Obesity 12
3 Passive Smoker 14
4 Balanced Diet 11
5 Air Pollution 5
6 Smoking 13
7 Alcohol use 6
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8 Chest Pain 15
9 Dust Allergy 7
10 Genetic Risk 9
11 Chronic Lung Disease 10
12 Occupational Hazards 8
13 Fatigue 17
14 Shortness of Breath 19
15 Frequent Cold 23
16 Weight Loss 18
17 Clubbing of Finger Nails 22
18 Wheezing 20
19 Dry Cough 24
20 Snoring 25
21 Swallowing Difficulty 21
22 Gender 4
23 Age 3
24 Index 2
25 Patient Id 1

Step2: Attributes Correlation

The correlation results are recorded in a matrix of (26 x 26). The strong
correlation coefficient value (which is greater or equal 0.7) is selected and
attended. Table 4.38 shows a sample of the created correlation matrix.
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Table 4.38 correlation matrix for the small Cancer Patient dataset

Snoring 0,00296 | 0,026 |0,0047-| 0,182- | 0,0213- | 0,123 | 0,0528 0,0568-

Dry Cough 0,00379 | 0,0277 | 00121 | 0,123- | 0261 | 0,211 03 0,229 0,194

Frequent Cold 0,0457 | 0,0266 |0,0127- [0,000526-| 0,175 | 0,181 | 0,219 0,16 0,0871

Clubbing of Finger Nails | 0,0157 | 0,0248 | 0,0393 | 0,0342- | 0241 | 0415 | 0,346 0,0772 0,358

Swallowing Difficult 0,00557 | 0,0266 | 0,106- | 0,0583- | 0,0809- | 0,114- | 0,0311 0,366 0,0629-

Wheezing 00151 | 0,275 |0,0954- | 0,0763- | 00554 | 0181 | 0,305 0,00285- 0,205

Shortness of Breath 0,028 | 0,0277 | 00353 | 0,046 027 0436 | 0519 0,179 0,458

Weight Loss 0,0264 | 0,0285 | 0,107 | 0,058- | 0258 | 0208 | 0,322 0,366 0,272

Fatigue 00423 | 0,025 | 00951 | 0116- | 0212 | 0237 | 0,332 0,176 0,231

Coughing 0,0494 | 0,0283 | 0,053 | 0,47- | 0608 | 0668 | 0,625 0,268 0,632

Chest Pain 00222 | 00283 | 00129 | 0,218- | 0,218 | 0717 0,64 0,646 0,832

Passive Smoker 0,0195 | 0,0278 |0,00491| 0,185- | 0,185- | 0,593 0,56 0,776 0,609

Smoking 0,0184 | 0,0286 | 0,0753 | 0,207- | 0482 | 0547 | 0,359 0,498 0,543

Obesity 0,0506 | 0,0286 | 0,0343 | 0,124- | 0601 | 0669 | 0,701 0,722 0,73

Balanced Diet 0,0307 | 0,0297 |0.00486 | 0.0997- | 0525 | 0653 | 0,647 0,692 0,68 0,707 0,645
Chronic Lung Disease 0,0252 | 0,0284 | 0,129 | 0,205- | 0627 | 0764 | 062 0,858 0,836 0,623 | 0,602 0,579
Genetic Risk 0,0307 | 0,0294 | 0,0732 | 0,223- | 0,701 | 0877 | 0,788 0,893 0,836 0,68 0,73 0,543
Occupational Hazards 00324 | 00282 | 00622 | 0,192- | 0592 | 0879 | 0,836 0893 | 0858 | 0,692 | 0,722 0,498
Dust Allergy 038 | 00276 | 0,0352 | 0,204- | 0597 | 0,819 0,836 0788 | 062 | 0647 | 0,701 0,359
IAlcohol use 00414 | 00292 | 0152 | 0,228- | 0,721 0,819 0,879 0877 | 0764 | 0653 | 0669 | 0,547
Air pollution 0,0533 | 0,0285 | 0,0995 | 0,247- 0721 | 0597 0,592 0701 | 0627 | 0525 | 0,601 0,482
Gender 0,0257- | 0,031 | 0,202- 0247- | 0,228- | 0,204- 0,192- 0,223- | 0,205- | 0,0997- | 0,124- | 0,207-
Age 0,00267 | 0,0249 0,202- | 00995 | 0,152 | 0,0352 0,0622 0,0732 | 0,129 | 0,00486 | 0,0343 | 0,0753
Patient Id 0,0274 00249 | 0,031 | 00285 | 0,0292 | 0,0276 0,0282 0,0294 | 00284 | 0,0297 | 0,286 | 0,0286
Index 0,0274 | 0,0026 | 0,0257- | 0,0533 0,038 0,0324 0,0307 | 0,0252 | 0,0307 | 0,0506 | 0,0184

k=l = = 3 53 - o
= B o = g < mw o -6 |8 o) =
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0,176

0,516 0,33

0,24 0,307 0,017

0,12- 0,132 0,055 0,211

0,393 0,33 0,098 0,054 0,116

0,20 0,2- 0,351 0,49 0,159-

0,574 0,331 0,053 0,37 0,16 0,189 0,189-

0,47 0,399 0,174 0,15 0,040 0,408 0,27 0,23

9,482 0,106 0,319 0,085- 0,086 0,066 0,0664- 0,148 0,0879

0,712 0,251 0,001 0,237 0,107 0,0718 0,081 0,04 0,142 0,14

0,696 0,636 0,378 0,0583 0,062 0,2 0,,349 0,035 0,105 0,121 0,248

0,762 0,647 0,55 0,2 0,213- 0,0233 0,0471 0,0471- 0,0411- 0,0396 0,0101 0,189
0,682 0,672 0,798 0,553 0,313 0,406 0,0943 0,127 0,149 0,288 0,201 0,039

0,725 0,798 0,745 0,410 0,006 0,344 0,063 0,046 0,042 0,264 0,332 0,15
0,573 0,783 0,603 0,248 0,104 0,182 0,057 0,0072 0,29 0,114 0,043
0,609 0,832 0,632 0,231 0,272 0,458 0,205 0,0629- 0,358 0,0871 0,194 0,0568-
0,555 0,776 0,646 0,268 0,176 0,366 0,179 0,00285- 0,366 0,0772 0,16 0,0229
0,56 0,64 0,625 0,332 0,322 0,519 0,305 0,0311 0,346 0,219 0,3 0,0528
0,593 0,717 0,668 0,237 0,208 0,436 0,181 0,114- 0,415 0,181 0211 | 0123
0,185- 0,218- 0,608 0,212 0,258 0,27 0,0554 0,0809- 0,241 0,175 0,261 0,0213-
0,185- 0,218- 0,147- 0,116- 0,058- 0,046 0,0763- 0,0583- 0,0342- 0,000526- 0,123- 0,182-
0,00491 0,0129 0,053 0,0951 0,107 0,0353 0,0954- 0,106- 0,0393 0,0127- 0,0121 0,0047-
0,0278 0,0283 0,0283 0,025 0,0285 0,0277 0,0275 0,0266 0,0248 0,0266 0,0277 0,026
0,0195 0,0222 0,0494 0,0423 0,0264 0,028 0,0151 0,00557 0,0157 0,0457 0,00379 | 0,00296

o0 £ 2 o - T 2 £s = = 5 =
a o 5 z & = S5 s £8 2 = i W, 7
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Table 4.39 presents the specific measures for each of the used prediction
models. These measures are (precision, Recall, F-Measure, accuracy) detailed
by class.

Table 4.39 specific measures for each of the used prediction models for the small

Cancer Patient dataset

Algorithm
type Precision Recall F- score | accuracy Class
0.951 0.968 0.937 LOW
__ 0.883 0.930 0.929 MEDIUM
Naive Bayes |  (.gg1 0.915 0.964 89 HIGH
0.910 0.941 0.940 AVG
0.997 0.998 0.998 LOW
Decision 0.994 0.997 0.995 100 MEDIUM
tree 0.996 0.997 0.999 HIGH
0.996 0.997 0.997 AVG
1.000 1.000 1.000 LOW
1.000 1.000 1.000 MEDIUM
KNN 1.000 1.000 1.000 99.8 HIGH
1.000 1.000 1.000 AVG
0.978 0.986 0.982 LOW
L 0.962 0.978 0.986 MEDIUM
Logistic 0.977 0.982 0.974 99.9 HIGH
0.971 0.982 0.982 AVG

For each of prediction models can be evaluated using confusion matrices as

shown in Tables 4.40, 4.41, 4.42 and 4.43.

Table 4.40 Confusion Matrixes (Naive Bayes)

Low Medium High

Low 10 20 273
Medium 60 272 0
High 345 20 0
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Table 4.41 Confusion Matrixes (Decision tree)

Low Medium High

Low 0 0 303
Medium 0 332 0
High 365 0 0

Table 4.42 Confusion Matrixes (KNN)

Low Medium High

Low 0 1 303
Medium 0 331 0
High 365 0 0

Table 4.43 Confusion Matrixes (Logistic Regression)

Low Medium High

Low 0 1 302
Medium 0 332 0
High 365 0 0

After obtaining the results of the algorithms, tried to delete some of the least
important features according to the ranking in a Table 4.37, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(rank 21 to 25 features) in Naive Bayes, (rank 5 to 25 features) in KNN, (rank
11 to 25 features) in logistic, and (rank 5 to 25 features) in Decision tree not
effected on dataset accuracy. While remaining features when removing it the
accuracy became less.
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4.4.2 Data extension Result

A Synthetic Minority Oversampling Technique (SMOTE) is used to generate
new data to extend the small dataset as the features expanded from 1000 to
3270. Table 4.44 Present a sample from the generated data.

Table 4.44 Sample of the extend Cancer Patient dataset

Patient  1d Age  Gender Air PollutiolAlcohol use Dust  Allergy OccuPiHazard: GeneticRisk  chranic Lung  Di

0P1 33 1 2 4 5 4 3 2 2 i 3 2 2 4 3
1 P10 17 1 3 1 5 3 4 2 2 2 2 - 2 3 1
2 P100 35 1 4 5 6 5 5 4 6 7 2 3 - 8 8
3 P1000 a7 1 7 7 7 7 6 7 7 7 7 7 7 8 4
4 P101 46 1 6 8 7 7 7 6 7 7 8 7 7 9 3
5P102 35 1 4 5 6 5 5 4 6 7 2 3 B 8 8
6 P103 52 2 2 B 5 B 3 2 2 B 3 2 2 4 3
7 P104 28 2 3 1 4 3 2 3 4 3 1 4 3 1 3
8 P105 35 2 4 5 6 5 6 5 5 5 6 6 ] 5 1
9 P106 46 1 2 3 4 2 4 3 3 3 2 3 4 4 1
10 P107 44 1 6 7 7 7 7 6 7 7 7 8 7 7 5
11 P108 64 2 6 8 7 7 7 6 7 7 7 8 7 7 9
12 P109 39 2 E 5 6 6 5 4 6 6 6 6 6 6 5
13 P11 34 1 6 7 7 7 6 7 7 7 7 7 7 8 4
14 P110 27 2 3 1 B 2 3 2 3 3 2 2 E 2 2
15 P11 73 1 5 6 6 5 6 5 6 5 8 5 5 5 4
16 P112 17 1 3 1 5 3 4 2 2 2 2 L 2 3 1
17 P113 34 1 6 7 7 7 6 7 7 7 7 7 7 8 4
18 P114 36 1 6 7 7 7 7 7 ] 7 7 7 7 7 8
19 P115 14 1 2 4 5 6 5 5 E 6 5 4 ] 5 5

1 6 8 7 7 6 7 7 3 8 7 9 6 5

20 P16 24

After applying the steps of the proposed model to the new dataset, have the
following results:

Stepl: Attribute Ranking

After applying the SMOTE, apply the ranking for the attributes for new dataset
and observing its attributes. Table 4.45 Presents the ranking order of the
generated data.

Table 4.45 the ranking order of the generated dataset for the extend Cancer Patient

dataset

Rank | Attribute name Old No.
1 Coughing of Blood 16

2 Obesity 12

3 Passive Smoker 14

4 Balanced Diet 11

5 Air Pollution 5

6 Smoking 13

7 Alcohol use 6
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8 Chest Pain 15
9 Dust Allergy 7
10 Genetic Risk 9
11 Chronic Lung Disease 10
12 Occupational Hazards 8
13 Fatigue 17
14 Shortness of Breath 19
15 Frequent Cold 23
16 Weight Loss 18
17 Clubbing of Finger Nails | 22
18 Wheezing 20
19 Dry Cough 24
20 Snoring 25
21 Swallowing Difficulty 21
22 Gender 4
23 Age 3
24 Index 2
25 Patient Id 1

Table 4.45 shows that the attribute ranking of the extended dataset, the least
important attributes can be eliminated or avoided in any reduction process.
Also, the significant attributes must be considered in any prediction model.

Step2: Attributes Correlation

Re-execute the correlation process for the new Dataset with the same previous
mechanism to test its correlation coefficient. The correlation results are
recorded in a matrix of (25 x 25). Table 4.46 shows a sample of the created
correlation matrix.
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Table 4.46 correlation matrix for the extend Cancer Patient dataset

Snoring -9G900'0| 8200 | 9€TO'0 | -20'0 -/G€0°0 | 95600 ZrT'o 80100 -¥020'0 | T20'0 TST0
Bl G 8GTO0 | 959200 [-2¢PTO0| -LZETO 60€0 90€0 6E0 [572Al0) 1820 Y10 G8E0
Frequent Cold 62700 | 52200 | €0TO0 [ -TV¥0'0 | €8T0 | 9120 | 992°0 ¥ZT'0 €210 | 8S0°0 | TL20
Clubbing of Finger Nails | ¢V€0'0 | £,20°0 | 69S0°0 | -82T0°0 | G20 | €6v'0 | ETF0 vry'o Tv'0 | Le€'0 | TET'O
Swallowing Difficult -8T900'0| 000 |-26.0°0| -€¥S0°0 | -TOT'0 -8€T'0 | T290'0 -e¥20°0 -/T60°0 | -S£0°0 €00
Wheezing 8¢T0°0 | 962070 | -STT'0 | -€080°0 | ¥SS0°0 T12°0 €6E°0 €20 9220 6T.0°0 | 66600
Shoress of Breath 22v0’0 | 80€0'0 | S9T0'0 | -G660°0 | TTE0 | 2250 | 9850 670 6150 | SSZ'0 | ¥8E0
Weight Loss Zv0'0 €8¢0°0 | ¢ET0 | -¥0T'0 1620 €.20 €Tv'0 G20 6TE0 T.TO €290°0
Fatique ¥0S0°0 | €8¢00 | Z/60 | -6TTO €48C0 ¥6C°0 7670 86C°0 14 6,20 2570
Coughing T9¥0'0 | 28200 | 28.0°0 | -2.T'0 8650 659°0 TT19°0 9%9'0 T€9'0 290 ZtL'o
Chest Pain L020'0 | L620'0 | €620'0 | -¢€2'0 | €650 L'0 | §59°0 9L'0 L08'0 | 2vl'0 | 9..0
Passive Smoker ¥70°0 1620'0 |£8800°0| -26T'0 GT9°0 LGS0 G450 6TS0 L1S0 L€G'0 £69°0
Smoking -GZT00'0| G820°0 | S660°0 | -92C°0 2670 6670 6620 Y470 670 9290 6650 I
Obesity ¥870'0 | 90€0'0 |£T900°0| -9€T‘0 LT9°0 7890 €eL'0 8¢.L'0 9¢.'0 290 80.0 1 AA0)
SR p—-— 8€T00 | T6C00 [-TGZ00[| -TCTO 9780 9290 790 7790 6990 T090 T 800 6650
Chronic Lung Disease | ©68000 | 6200 | 210 | -TZT°0 | 8190 | 9720 | 5090 S18°0 S6.°0 I 1090 | ¥29'0 | 9250
Genetic Risk 86¢0°0 | 62800 | €6S0°0| -8TC0 TOL0 658°0 T8L°0 T98°0 I G6.°0 6590 9¢/'0 670
Occupational Hazards €G20'0 | TTE0'0 | £T900 | -TIST'0 2650 #5880 T180 1 7980 G180 ¥290 8¢.L'0 g0
Dust Allergy 69¢0'0 | 220’0 | 2LT00| -28T'0 L6G'0 98.'0 1 T180 8.0 509'0 T¥9°0 €eL'0 6620
Alcohol use 6€Y0°0 | 2€€0°0 | 69T0 | -66T0 | T2L'0 [ 98.°0 7580 658°0 | 9vL'0 | 929'0 | 1890 | 66v0
Air pollution GEV0'0 | G6¢0°0 | LOT0O | -8¢¢0 1 T¢L°0 1690 26590 T0L0 819°0 9TG'0 /190 Z6v0
Gender -¥S¥0'0 | /¥20'0 | -86T'0 I -822'0 -66T°0 | -/8T0 -18T°0 -8T2'0 | -TLT'0 | -12T'0 | -9€T'0 -922'0
- Gc¢0'0 €00 1 -86T0 /0T0 69T 0 ¢/T00 €T90°0 €650°0 ¢/T0 |-TSC00 | ET900°0 | 966070
Patient Id G800 1 €00 | L¥20'0 G620°0 2€£0°0 | 2200 TT£0°0 62500 | T620'0 | 90£0°0 | S820°0 16200
Index I G8£0'0 | S20'0 | -¥S¥0'0 | SEVO0 65700 | 69£0°0 £G£0°0 8620'0 | 2£800°0 | 8€T0'0 | ¥#8¥0°0 | -G2T00'0
= = m 3 e P z e _2 |8 2
. - e A
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Chapter Four Results and Discussions

Step3: Predictive Modeling

Applying the prediction models (Naive bayes, Decision tree, KNN and
Logistic). Table 4.47 presents the specific measures for each of the used
prediction models. These measures are (precision, Recall, F-Measure,
accuracy) detailed by class.

Table 4.47 specific measures for each of the used prediction models for the extend

Cancer Patient dataset

Algorithm
type Precision Recall F- score | accuracy Class
0.951 0.968 0.937 LOW
_, 0.883 0.930 0.929 MEDIUM
Naive bayes 0.891 0.915 0.964 94.0061 HIGH
0.910 0.941 0.940 AVG
Decici 0.997 0.998 0.998 LOW
X ecision 0.994 0.997 0.995 99,7248 MEDIUM
53% 0.996 0.997 0.999 : HIGH
(J48) 0.96 0.997 0.997 AVG
1.000 1.000 1.000 LOW
1.000 1.000 1.000 MEDIUM
KNN 1.000 1.000 1.000 100 HIGH
1.000 1.000 1.000 AVG
0.978 0.986 0.982 LOW
. 0.962 0.978 0.986 MEDIUM
Logistic 0.977 0.982 0.974 | 981651 HIGH
0.971 0.982 0.982 AVG

For each of prediction models can be evaluated using confusion matrices as
shown in Tables 4.48, 4.49, 4.50 and 4.51.

Table 4.48 Confusion Matrixes (Naive Bayes) for the extend Cancer Patient dataset

Low Medium High

Low 11 65 1136
Medium 94 1234 0
High 704 26 0
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Table 4.49 Confusion Matrixes (Decision tree) for the extend Cancer Patient dataset

Low Medium High

Low 0 2 1210
Medium 3 1322 3
High 729 1 0

Table 4.50 Confusion Matrixes (KNN) for the extend Cancer Patient dataset

Low Medium High

Low 0 0 1212
Medium 0 1328 0
High 730 0 0

Table 4.51 Confusion Matrixes (Logistic Regression) for the extend Cancer Patient

dataset
Low Medium High
Low 0 22 1190
Medium 7 1309 12
High 711 19 0

After obtaining the results of the algorithms, tried to delete some of the least
important features according to the ranking in a Table 4.37, and then monitor
the effect of the deletion on each algorithm accuracy. Where when deleting
(rank 14 to 25 features) in KNN, (rank 15 to 25 features) in logistic, and (rank
13 to 25 features) in Decision tree not effected on dataset accuracy. While
remaining features when removing it the accuracy became less.

By comparing the results before and after using the smote, the results showed
more efficiency for Dataset before using the smote. This means that the dataset
is balanced and does not need to use smote to balance or enlarge it and can be
predicted directly.
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4.4.3 Compare result between small and extend dataset

After calculating the Standard Deviation, Average, Max, and Min for the small
dataset, and after balancing and extend using the (SMOTE) method, the results
were plotted by a graphical analysis shown in the figure 4.3. Where the orange
line indicates the SMOTE, while the blue line indicates the data after the small
dataset. Through the analysis, it was noticed that the behavior of the data is
completely similar, only it became an increase in values, but the behavior is

the same.

standard deviation
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1 23 456 7 8 9 10111213141516

feature

standard deviation (SMOTE)

e standard deviation (small)

value

140
120
100
80
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40
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1 23 45 6 7 8 910111213141516

feature
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123456 7 8 910111213141516

feature

e \lin (small) Min (SMOTE)

Figure 4.3 Standard Deviation, Average, Max, and Min for the cancer dataset

According to Tables 4.39 and 4.47, the prediction results showed an
improvement in the accuracy, precision, and recall values when extension and
balancing the data in the dataset. And the KNN algorithm showed the highest
achieved results with a percentage of 99% for accuracy, 100% for precision,

and 99% for recall.
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4.5 Compare the proposed model with related work

Table 4.52 shows a comparison between the results of previous work for the
same databases used in this thesis and the results obtained by applying the
proposed model, as the results show that the proposed model developed and

improved the work of previous models for predicting small datasets.

Table 4.52 Compare the proposed model with related work

Proposed
Ref. Dataset | Technique used | Ref. result model
result
Multilayer
Perceptron
(MLP), Supp_ort SVM model
Heart Vector Machine erformed KNN  had
(Boukhatem, Di (SVM), Random E ith
et.al, 2022) 15€85€ | Forest (RF), and est wit accuracy
o dataset y ’ 91.67% rates of 94%
Naive Bayes ACCUIAC
(NB), to build the y
prediction
models.
. compared  with
(Anil lung | 110 excisting SVM | 98.8% of KNN ~ had
Kumar, et.al, | cancer and SMOTE | accuracy rate | €curacy
2022) dataset y rates of 99%
methods
Random Forest | Random Decision
(Ranjan Cancer |and Deep | Forest tree had
jan, patient | Learning Classifier had | accuracy
et.al, 2022) .
dataset | Techniques accuracy rates | rates of
of 99% 100%
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Chapter Five Conclusions and Future Works

Chapter Five
Conclusions and future works

5.1 Conclusions

The following are some conclusions based on the implementation of the
proposed model:

1.

SMOTE gave an advantage in balancing and extension the size of the
dataset to make the training samples larger, and as a result, the
prediction accuracy improved.

. The Correlation impalement helps determine which features are

elimination or kept when the model is executed on the dataset.
Ranking helps determine which of the features is least important
(eliminate) and most important (remained) in the dataset.

The results of using the four algorithms showed different improved
results before and after using the SMOTE on the dataset.

It was noticed that the four prediction algorithms that were used differ
in accuracy according to the size of the dataset. For example, when the
small dataset, the KNN works more efficiently, but when the medium
and large dataset, the Decision tree works more efficiently.

Datasets whose size is more than 1000 are considered medium or large
datasets, and most algorithms work efficiently on them and do not need
to apply SMOTE.

The results of this study can help to overcome the limitations of
techniques geared towards prediction of small and important dataset.
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5.2 Future Works

Based on the results of this thesis some suggestion future work includes:

1.

w

Implementing the proposed model using a new method for balancing
and scaling the data, instead of SMOTE.

Use statistical methods to calculate accuracy.

Suggest a new method for prediction like time series.

Applying the proposed model on other datasets has additional problems
with the small data problem.

implementing the proposed model to other machine-learning
algorithms.
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