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ABSTRACT

The early diagnosis of Thyroid cancer (TC) is vital for the improvement of patient survival
rate, and prevention of overtreatment. Nevertheless, the medical datasets related to thyroid
diseases usually have missing values, noise and class imbalanced which degrade
performance of conventional machine learning models. To address such challenges, we
propose a hybrid ensemble model called TCpred_Model that adopts the staking approach
with Random Forest and XGBoost as base learners and utilizes Logistic Regression as the
meta-classifier. The dataset was preprocessed by missing value treatment, label encoding,
feature scaling and class-balancing applied by Synthetic Minority Oversampling Technique
(SMOTE). The dataset was divided in a ratio of 80% (training) and 20%(testing), and
several baseline models, including Logistic Regression, Random Forest, SVM and
XGBoost were tested. Results of the experiments indicate that our proposed TCpred_Model
performed better than the all-baseline models wherein, it could achieve an accuracy of
0.990126, a precision of 0.998175, a recall of 0.982047 and Fl1-score of 0.990045
respectively. These results indicate that hybrid ensemble learning performs well for
complex, imbalanced medical data like ours and increases the diagnostic strength. In
addition, the model significantly decreased false negative, which is more applicable to
clinical diagnosis and could be crucial for missing cancer patients. The authors conclude
that the proposed TCpred_Model may be used as a dependable decision tool for early
detection of thyroid cancer and represents a promising base for further development in Al
supported healthcare.

Keywords: Thyroid Cancer, Machine Learning, Ensemble Learning, Stacking Classifier,
Random Forest, XGBoost, Logistic Regression, SMOTE, Medical Diagnosis, Early
Detection, TCpred_Model
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CHAPTER 1

INTRODUCTION

1.1 Introduction

The incidence of thyroid cancer is rising across the world, and catching it early can lead to lives
saved, serious health problems averted. Doctors typically detect it using tests like ultrasound,
blood tests and fine-needle biopsy, but these methods can be slow or unclear or provide the
wrong results. As a result, researchers are increasingly turning to computer-based approaches
such as machine learning to assist doctors in making faster and more precise decisions. The
way machine learning functions is by developing an understanding of patterns in patient data,
like hormone levels and medical histories. Nonetheless, single machine learning models are
prone to errors at times particularly when dealing with a missing data or if the number of cancer
patients is far lesser than that of non-cancer patients. To address this issue, we employ a better
method known as ensemble learning that consolidates more than one model to have an accurate
result. In this work, we developed another model TCpred_Model, a novel ensemble Random
Forest and XGBoost followed by Logistic Regression for decision. We performed some data
cleaning, missing value removal, text-to-number conversion, and using the SMOTE technique
to balance the cancer/non-cancer case numbers. The data was split to 80% for training and 20%
testing. We also compared our model versus Logistic Regression, SVM, Random Forest and
XGBoost. Results TCpred_Model had the highest accuracy and performed best with regard to
detecting thyroid cancer compared to all other models. This model can aid doctors to make the

best and early decisions, and be used directly in the real hospitals later.

1.2 Background Study

The thyroid glands are responsible for controlling our body’s metabolism, heart rate and
temperature. When it doesn't function properly, it can result in conditions like hypothyroidism,
hyperthyroidism or even thyroid cancer. We also feel that it is very important to detect cases
of thyroid cancer earlier, as much as possible: the better every patient does, the lower
everyone's medical risks. While conventional diagnosis including hormone test, ultrasound and

biopsy are well practiced, they sometimes lead to delayed or indecisive results.
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Thanks to progress in technology, we are able to leverage machine learning to assist physicians
with quicker and more precise decisions. These are trained using patient data such as TSH, T3
and T4 levels and other clinical features. But we find that a single model doesn't work all the

time, so we concentrate on ensemble models to get higher accuracy and better stability

1.3 Motivation

Thyroid cancer cases are increasing every year across the globe, we knew that many patients
continue to suffer delayed diagnosis because of lack of access and human interpretation errors.
We hypothesize that early detection for thyroid cancer using the data-driven methods would be
beneficial to decrease unnecessary biopsies, treatment costs, and patient anxiety. During the
investigations of medical data, we found that thyroid datasets often have missing values, noisy
attributes and class imbalance which hinder the performance of conventional diagnostic
models. This inspired us to research in machine learning algorithms that can automatically
discover underlying patterns from clinical data and help doctors arrive at quicker and more
accurate medical decisions. Single ML models, however, tend not to perform well with
challenging medical data and lack the model stability. Therefore, we were inspired to develop
an ensemble approach which offer the strength of more models rather than relying on a single
one. We do not intend only to yield improved accuracy, but also propose a model that is likely
to be successfully used in hospitals and/or diagnostic systems. Driven by this, we propose a
hybrid ensemble approach named TCpred_Model for early and accurate identification of

thyroid cancer.

1.4 Problem Statement

Thyroid cancer is one of the most frequent tumors worldwide and its rate has been increasing
over years. Diagnosis of thyroid cancer at an early stage is important to promote the robust
survival and decrease the chance for worse experience. The conventional methods of diagnosis,
such as ultrasound, blood tests and fine-needle biopsy are utilized broadly but have several
limitations including delayed results, indeterminate findings and false positive/negative rate.
These obstacles may contribute to diagnostic delays leading in some cases to inappropriate
therapy, or patients not being diagnosed until significant disease progression has occurred.
Faster, better and more reliable diagnostic tools are in great demand. To address this need,

researchers have proposed machine learning as a promising answer. Machine learning
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algorithms can help physicians make better decisions by checking for regularities in patient
data, including hormone and other levels and medical history. However, the performance of a
single machine learning model is not reliable sometimes (such as for imbalanced sample or
missing values). To solve these issues, ensemble learning, used to obtain the performance of
multiple models and increase predictive accuracy and robustness have been tried. This study
attempts to help early diagnosis of thyroid cancer, leading the better management of patients
and less load on health care system.

1.5 Research Objective

The main aim of this study is to propose and establish one ensemble machine learning (EML)
model, TCpred_Model, to detect early human thyroid cancer. The aims of this research were
v To develop a thyroid cancer classifier (TCpred_Model) with ensemble machine
learning
v Address regarding quality of address data like missing values, noise attributes and
class imbalance.
v’ Suggest that you should apply your ensemble model in real clinical work for the
accurate and cost-effective diagnosis of thyroid cancer.

1.6 Scope of this Research

This paper studies early detection of thyroid cancer using a structured clinical dataset such as
a patient record with demographic information, hormone assays (TSH, T3, T4 etc.), symptom
flags and past medical history. The study is restricted to tabular data and aims at developing
and testing a hybrid ensemble classifier, TCpred _Model that aggregates two important
classifiers using Logistic Regression as the meta-learner. The pipeline consists of data cleaning,
transforming text into numeric format, outlier treatment if necessary and rebalancing the
classes using SMOTE after an 80/20 train—test split, along with a cross-validated model choice.
Evaluation Performance of our tool is measured by accuracy, precision, recall, F1-score and
ROC-AUC and it is compared with baseline classifier such as Logistic Regression, SVM,
Random Forest and XGBoost to show its advantage. Specifically, the scope does not extend to
imaging (e.g., ultrasound), free-text clinical notes, external multi-center validation and findings

are therefore limited to the properties of the curated dataset.
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CHAPTER 2

LITERATURE REVIEW

2.1 Overview

Thyroid cancer is among the most common cancers on a global scale, and early diagnosis plays an
important role in bettering patient prognosis. Machine learning (ML) approaches have demonstrated
potential for improving the diagnostics by providing more accurate and timely predictions over
traditional methods. This paper presents a literature review of the use of machine learning, especially
ensemble methods, in thyroid cancer screening focusing on both single models' performance and also
how they can be combined to improve solutions addressing problems such as class imbalance and
missing data.

2.2 Related Work on Thyroid Cancer

In healthcare, especially for medical condition classification tasks, machine learning models
have been widely used. For detecting thyroid cancer, many researches have employed different
forms of ML methods to enhance the diagnostic performance. Jiang et al. (2021) applied
various machine learning techniques such as Support Vector Machine (SVM), Random Forest,
etc. to differentiate between malignant and benign thyroid nodules from clinical and laboratory
data. They found that the Random Forest algorithm reached a diagnostic accuracy of 91%, and
SV M reached a diagnostic accuracy of 89, suggesting the potential application of this approach
in early thyroid cancer detection. In addition, they emphasized that SVM models had better
sensitivity, which is extremely important to the diagnosis of malignant cases in an early stage.
Nevertheless, we observed in the study that there exist hard-cases that could be solved by using
ensemble of models, even though the dataset is small and imbalanced [1].

Vasquez et al. (2022) extended this by using a hybrid method based on ensemble learning that
combined Random Forest and XGBoost for thyroid cancer prediction. They observed that
combining the models yielded better results, and their ensemble model showed an accuracy of
95%, compared to 91% for Random Forest and 93% for XGBoost. This remarkable
enhancement demonstrates the ability of ensemble methods in solving medical-related
problems, collecting imbalanced classes, which is a typical problem for cancer data-sets with

many benign examples relative to malignant ones [2].
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Li et al. (2020), deep learning-based methods were also tested to the characterization of thyroid
nodules via ultrasound images. The CNN model attained a diagnostic accuracy of 94%, which
was better than conventional ML models. The study highlighted the necessity of utilizing
image-driven features to facilitate more accurate and noninvasive diagnosis [3]. Zhou et al.
(2019) investigated a mixed deep-learning model of CNNs and RNN for thyroid cancer
prediction based on histological images. Their mixed model also reached an accuracy of 97%,
which suggests that the CNN is quite effective in extracting spatial features from medical
images but can be enhanced by an RNN for pooling those features into a salient temporal

relationship [4].

Xie et al. (2021) introduced a new model that mixed the Random Forest and the Gradient
Boosting in predicting thyroid cancer by using different types of features including clinical,
demographic, and genetic factors. 92% of accuracy was achieved by the ensemble model with
significant outperformance against typical models’ multi-source and heterogeneous data [5].
Hassan et al. (2023) applied a ML model using clinical information and markers of genetic to
differentiate thyroid ca. They used a MLP neural network with an accuracy of 96%. The work
has shed a light on incorporating genetic information could improve the predictive advantage

of ML models regarding cancer diagnosis [6].

Singh et al. (2022) employed fine hybrid convolution filter, SVM-k-NN connected with k-
nearest neighborhood), for clinical features-based thyroid cancer classification. Their model
had 90% ACC, and a higher Se in the detection of malignant thyroid nodules. This indicates
that it is necessary to use combined models with class imbalance [7]. Yang et al. (2020)
developed a machine learning algorithm composed of decision trees, ensemble learning and
deep learning models to categorize thyroid nodules using ultrasound/macroscopic images and
clinical records. The model of theirs achieved a 94% accuracy, and the paper highlighted that
future FMD diagnosis can be improved based on combining more than one ML technique in

order to get better generalization apposite in other data types [8].
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2.3 Ensemble Learning for Thyroid Cancer Prediction

Shah et al. Presented deep ensemble learning model to predict thyroid cancer progression via
genomic mutations. It combines several deep learning algorithms such as LSTM and GRU, to
ensure prediction accuracy and precision [8]. Hachi et al. Investigated Al methodologies, in
this case ensemble learning, for the diagnosis of thyroid cancer. The study highlights the
prospects of simultaneously using Random Forest, SVM, and XGBoost to manage imbalanced
data and increase diagnostic effectiveness for early thyroid cancer diagnosis. Amuda et al
diagnosis of thyroid cancer using classical machine learning algorithms against ensemble
methods. The results emphasize the advantage of ensemble methods, Bagging and XGBoost in
our case in terms of their better prediction accuracy and noise resistance over simple model-
based approaches. Roy et al. Introduced a hybrid feature selection method combined with
ensemble machine learning algorithms for thyroid cancer detection. The results indicate that in
both scenarios, ensemble models, particularly Random Forest and AdaBoost, provide higher
performance than the traditional models by mitigating data imbalance and improving detection

rate.

Zhang et al global survey and commentary on the use of advanced ensemble learning
methodologies in thyroid cancer studies. The paper emphasizes techniques such as Random
Forest and Gradient Boosting that are instrumental in increasing classification accuracy for
medical diagnostics, particularly when there are heterogeneous and multi-modal data. Slab
augh et al Quenched the ensemble value of enzyme machine learning and deep studying with
brink in gait on thyroid cytology and histopathology. It is shown in the study that such fusion
of CNNs and ensemble classifiers, e.g., Random Forest (RF), can significantly improve the
diagnosis for thyroid cancer classification based on medical images. Cancers Discussed
machine learning, including ensemble learning, in the detection of thyroid cancer. The authors
highlight the benefits of ensemble models including Random Forest and XGBoost for enhanced
sensitivity and specificity in cancer prediction. Singh et al Proposed a hybrid ensemble model
of SVM and k-NN for the purpose of thyroid cancer classification based on clinical datasets.
The consistent improvements in sensitivity and specificity demonstrated by the model
underline how ensemble learning can be effective to address class imbalance as well as

improving diagnostic accuracy [16] .
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2.4 Use of Deep learning

Zhao et al. published a CNN based automated classification model of benign and malignant
thyroid nodules from ultrasound images. The model automatically learned discriminative
spatial and textural cues without manual feature extraction. With a dataset of more than 5,000
ultrasound images acquired in multiple clinical centers, the CNN was able to achieve an
accuracy of 94.7% compared to other supervised machine learning models such as Support
Vector Machines (SVM) and Random Forests. The authors showed that deep learning might
help radiologists reduce the subjectivity of diagnosis and enhance early cancer detection in
breast screening [17]. Rahman et al. proposed a hybrid deep learning model combined with
CNN and LSTM architectures for early detection of thyroid cancer. Both clinical (tabular) and
images (ultrasound) were considered in the hybrid model for feature extraction. The CNN part
was for image spatial feature extraction and LSTM to extract the temporal dependence in
patient history data. The experimental results achieved 96.2% accuracy accompanied by
significant precision and recall. It was concluded by the authors that hybrid deep learning
models, which incorporate multimodality data sources, contribute to better diagnostic

reliability than single-input model [18].
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CHAPTER 3

METHODOLOGY

3.1 Overview

In this study, we present a machine learning based quantitative research to establish an
ensemble classification model (TCpred_Model) for early detection of thyroid cancer. The study
combines several algorithms Logistic Regression, Support Vector Machine (SVM), Random
Forest, and XGBoost—to select the best combination of predictors. Of these, the Random
Forest and XGBoost models are ensembled to build the final TCpred_Model with good
reclassification accuracy and reliability. The workflow across the systems is composed of data
collection, preprocessing (such as null value treatment, noise removal and class balancing),
learning model training, cross validation-based evaluation and final performance comparison.
The goal of the ensemble model is to offer a clinically feasible, accurate, and low-cost

diagnostic modality for early detection of thyroid cancer.

3.2 Experimental Process

Dataset Setup: Begin with thyroid dataset (3772 observations, 30 attributes).
Cleaning & Quality: Deal with missing, handle noise; do EDA and get patterns.
Class Balance: Look at imbalance, apply SMOTE to generate new dataset.
Data Partition: Split the revised data 80% training and 20% testing (stratify).

o > w0 N e

Base Models: Fit Logistic Regression and SVM together with Random Forest and

XGBoost using the training set.

6. Ensemble Build: We will use (XGBoost + Random Forest) to define the proposed
TCpred_Model.

7. Evaluate & Select: We evaluate the performance of each model in terms of Accuracy,

Precision, Recall, F1-score; TCpred _Model as a final model.
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Figure 3.1: Workflow of the Experimental Process for TCpred_Model

3.3 Dataset Description

The thyroid disease dataset is adopted to build the TCpred_Model. In this regard, ours is a
dataset that consists of all contemporary clinical and biochemical data on thyroid gland
disorders; an important requisite for the development of a robust prediction model that could

potentially be useful in early cancer diagnosis.
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3.3.1 Dataset Source

The data set had been downloaded from a public available medical database like UCI Machine
Learning Repository and the individual records were anonymized. The data are from real

clinical cases of thyroid functions measured and diagnosed.

3.3.2 Dataset Structure

The dataset is a total of 3772 including input variables used in making predictions as well as

output variable that indicates if patients pass the depression test.

Table 3.1: Distribution of target classes in the thyroid disease dataset.

Class Label Meaning Number of Records
P Positive Case 3481

N Negative Case 291

Total 3772

3.3.3 Dataset Distribution After Applying SMOTE

SMOTE was performed, followed by re-sampling of the dataset to balance between the positive
and negative groups. The original dataset included 3,481 positive (P) and 291 negative (N)
samples with a high skewness in terms of number (92.3% vs 7.7%). The SMOTE algorithm
creates new synthetic negative cases by interpolating between existing ones. The process
avoids overfitting and enhances generalization of the network model by making the machine
learning algorithm learn equally well from both classes. The balanced dataset has thus 6,962
total samples — with 3,481 instances per category (50% each) in total; which is closer to a
more suitable basis for training and evaluating the proposed TCpred_Model (Random Forest +
XGBoost ensemble).

Table 3.2: Balanced dataset after applying SMOTE.

Class Label Meaning Number of Records
P Positive Case 2784
N Negative Case 2784
Total 5568

10 ©Daffodil International University
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Figure 3.2: Balanced class distribution after applying the SMOTE technique

3.4 Exploratory Data Analysis (EDA)

The thyroid dataset was analyzed through EDA to understand its structure, relations and
patterns. Descriptive statistics were used to summarize the dataset and detect
missing/inconsistent values. Outliers & Data distribution the distributions of variables, outliers
and homogeneity were investigated using visual methods such as histograms and boxplots.
Correlations among the features and multicollinearity were investigated based on correlation
matrix and heatmap. Variables that were highly correlated or redundant were candidates for
elimination from the model to stabilize it. Data normalization and transformation were included
to avoid biased scaling between features. The imbalance of classes was obvious as seen in the
class distribution, and therefore solved using SMOTE. The feature importance analysis was
conducted to recognize the most important features that affected classifying thyroid. To
compare trends and feature ranges between positive (thyroid) and negative (non-thyroid) cases,
EDA was also conducted. The important insights gained in this stage informed our selection of
features and refined our models. In general, EDA was the basis for pre-processing, feature

generation and model tuning in this work.
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3.4.1 Correlation Matrix

The numerical variables of the thyroid dataset were examined and their relationships analyzed

by calculating the correlations. Further, the correlation heatmap was used to pinpoint strong

negative or positive correlations and to find multicollinearity among variables.
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Figure 3.3: Heatmap of feature correlations in the thyroid disease dataset.
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3.5 Data Split

The dataset was split into different sets for model training, validation and testing. Stratified
sampling ensured that each category of the class variable (positive, negative thyroid) was
balanced. The split was 80% and 20% of the data for training and testing, respectively to assess
the generalization performance of the models. The training set was utilized to train and
optimize the classifiers, whereas the testing set evaluated final performance. Furthermore, we
adopted k-fold cross-validation to test the generalization ability and avoid overfitting. In this

way, we guarantee that the designed TCpred_Model is well trained and fairly evaluated.

Data Splitting Visualization (Train-Test Ratio)

Testing (20%)

20.0%

Training (80%)

Figure 3.4: Visualization of Data Split

3.6 Training & Evaluation

The model development included implementing several machine learning models such as
Logistic Regression, Support Vector Machine (SVM), Random Forest and XGBoost during
the training phase. The models were learned from the preprocessed training set to catch patterns
of positive and negative thyroid cases. Real-time random search hyperparameter tuning with
cross-validation was applied to model optimization. The so-called TC forecasting model
(TCpred_Model) was an ensemble model that integrated the two machine learning algorithms
Random Forest and XGBoost to enhance the prediction accuracy and robustness. The
performance of the models was assessed using Accuracy, Precision, Recall, F1-score and ROC-
AUC. Cross-validation guaranteed that the model would generalize to new data, decreasing the
potential for overfitting. The optimal ensemble model was chosen to finalize the testing and

further clinical recommendation.
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Accuracy: The accuracy is the proportion of correct predictions to the total number of observations.

(TP+TN+FP+FN) 31

Accuracy = —

Precision: The fraction of correct positive predictions among all predicted positives.

Precision = 3.2
TP+FP
Recall: Onto a share of all positive cases, how many positives the model correctly
identified.
3.3
_ TP
Recall = TPTFN

F1 Score: Harmonic mean between precision and recall, it emphasizes on both precision as well as
recall at the same time.

Precision * Recall 34
Precision+Recall

Fl=2*

3.7 Model Architecture

Architecture of the model refers to how your machine learning system is organized. It specifies
the way input is prepared, features extracted and predictions made. The structure is usually
formed by layers or modules which facilitates the data transformation and learning. Each
network architecture is different in terms of algorithm, complexity and objective of training. A
good architecture can effectively study, learn with least overfitting and generalizes better. In
ensemble systems a combination of models is used to increase the accuracy and stability. In

general, the architecture works as a pattern that guide model performance and predictive power.
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3.7.1 Logistic Regression (LR) Architecture

Logistic Regression (LR) LR is a binary classification model in statistics developed to predict
the probability that a tumor was cancer using patient-related features. It does not take into
account logarithmic or other types of relationship between thyroid related parameters (ex: T3,
T4, TSH) and log-odds of diagnosis. The sigmoid activation function turns these predictions
into probabilities between 0 and 1. The output of the LR is a factor data, that allows separating
normal from abnormal thyroid condition through clinical input. It is a straightforward, but
useful and effective base model for the classification between thyroid diseases. Although
simple in structure, LR gives good results for structured input and linearly separable thyroid
datasets.

f1
Wl
WX+b| o0 —
f3 _ﬂ?_’——-——" Yy
%
f4

Figure 3.5: Architecture of the Logistic Regression model

3.7.2 Support Vector Machine (SVM) Architecture

SVM is a supervised learning method in which the thyroid data is classified into different
diagnostic classes based on an optimal hyperplane. It seeks to optimize the separation of
normal and malignant thyroid tissues for improved generalization capabilities. SVM can
model linear and non-linear relationship of the thyroid using kernel functions like RBF,
polynomial etc. It works well with a high-dimensional biochemical data such as hormone and
patient data. Such diversity can be exploited to reduce over-fitting even in the situation where
the thyroid dataset is small or noisy due to SVM’s robustness. However, it may not be

effective for a big highly imbalanced thyroid dataset.
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Output
Layer

Hidden Layer 1 Hidden Layer 2

Figure 3.6: Architecture of the SVM model

3.7.3 Random Forest (RF) Architecture

RF is a classifier model in which multiple decision trees are generated to classify between

thyroid cancer cases. Each tree examines a portion of the patient data (for example, TSH; T3;

T4 and FT1) which improves diversity of prediction. The last thyroid categorization is obtained

by majority voting over trees. RF can handle both numeric and categoric thyroid city data

efficiently, also avoid over fitting. It elucidates the critical thyroid features by returning feature

importance scores for medical inference. The stability and reliability of RF make it suitable as

diagnostic decision support in thyroid cancer detection.

Training Dataset

l
™ P P
N A
606> 6ré0 606
| | |
!

Result

Figure 3.6: Architecture of the Random Forest Model
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3.7.4 Extreme Gradient Boosting (XGB)

XGB is the overall boosting method, which can generate trees to pay compensations for
misclassified thyroid samples one by one. It optimizes prediction error by gradient descent,
which enhances diagnostic accuracy. From Table 7, we can see that there is improvement with
the regularization (L1 and L2) on thyroid datasets which help to avoid overfitting and enhances
generalization. XGB offers well performance when missing clinical data and high-dimension
EHR. It achieves state-of-the-art performance in the prediction of thyroid cancer, by the
feature-level learning. Thanks to its precision and velocity, XGB is widely popular for the

medical and predictive healthcare analytics.

Node splitting by
objective function

D f(X.0,)

Figure 3.6: Architecture of the Extreme Gradient Boosting Model

3.7.5 TCpred_Model (Proposed) Architecture

The developed TCpred_Model integrates the predictive capacity of RF and XGB together for
early TC detection. It combines decisions of both models by stacking or weighted averaging
for making unbiased predictions. Such combination of levels improves the classification
performance and the diagnostic consistency over data for thyroid patients. Both Linear and
non-linear feature-interactions are well captured by the ensemble structure. It generalizes well
to new thyroid cases and enhances the dependability of clinical prediction. For accurate and
cost-effective detection of thyroid cancer, TCpred_Model obtained the best performance

among models.
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CHAPTER 4

EXPERIMENTAL RESULT ANALYSIS

4.1 Overview

This chapter provides the experimental outcome and performance analysis of TCpred_Model in early
detection of thyroid cancer. The findings are then exploited to evaluate the performance of each machine
learning technique and the whole ensemble method. The classification models were tested using the
accuracy, precision, recall, Fl-score, and ROC-AUC performance parameters. The diagnostic
performance of LR, SVM, RF, XGB and the proposed TCpred_Model was comparatively analyzed.
Confusion matrices, bar plots and ROC curves were used as visualization tools for the model
performance. In this chapter we also examine the effect of preprocessing methods, features selection
and data balancing strategies on performances of accuracy and reliability. The results reveal that the

ensemble model significantly improved predictive performances of individual classifiers.

4.2 Performance Evaluation of the Logistic Regression (LR) Model

A Logistic Regression (LR) model was trained with the thyroid dataset in order to obtain a
baseline for classification performance. As a linear risk calculator, LR estimates the probability
of thyroid cancer using input features including TSH, T3, T4 and FTI. The model also had a
moderate performance, suggesting it had an easy time treating linear dependencies but was

poor at capturing complex nonlinearities in medical data.

Logistic Regression — Confusion Matrix (Train) Logistic Regression — Confusion Matrix (Test)
2000 500

1750
400
300
200
100

1500

1250

True label
True label

1000

0 1
Predicted label Predicted label

Figure 4.1: Training and testing confusion matrices for LR model.
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Table 4.1: Performance metrics of the Logistic Regression t (LR) model

Data Accuracy Precision Recall F1 Score
Training 0.8952 0.9112 0.8756 0.8931
Test 0.8905 0.9096 0.8671 0.8879
Logistic Regression — Metrics (Train vs Test)
1.0 A E Train

Score

0.8952 0.8905

0.8

0.6

0.4 +

0.2 4

0.0-
Accuracy

0.9112 0.9096

Precision

0.8756 0.8671

Recall

mm Test
0.893%L Goory

F1-Score

Figure 4.2: LR model performance comparison (Train vs Test)

4.3 Performance Evaluation of the Random Forest (RF) Model

In the classification of thyroid cancer, we used RF (Random Forest) algorithm to improve

accuracy and avoid overfitting. Due to the ensemble nature, RF integrates many decision trees

to reduce model variance and increase robustness. The accuracy of the model was high on

training and testing dataset, with good predictive performance. The balance of precision and

recall in the model indicated it was accurate in predicting both positive (i.e. cancer) and

negative (i.e. normal) thyroid cases. Importance features analysis showed that the most

important biochemical marker for distinction was TSH and T4.

19
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Random Forest — Confusion Matrix (Train)

True label

Predicted label

2000
2227 1750
1500
1250
1000
750
2227 500
250
0

True label

Random Forest — Confusion Matrix (Test)

0

Predicted label

Figure 4.3: Training and testing confusion matrices for RF model

Table 4.2: Performance metrics of the Random Forest (RF) model

400

100

Data Accuracy Precision Recall F1 Score
Training 1.0000 1.0000 1.0000 1.0000
Test 0.9865 0.99.82 0.9749 0.9864
Random Forest — Metrics (Train vs Test)
1od 10000 ¢ 9g6s 1.0000 0.9982 10000 . 1.0000 (5 ggga
0.8 1
0.6 1
%
0.4 -
0.2 4
EE Train
e Test
0.0 -
Accuracy Precision Recall Fl-Score
Figure 4.4: RF model performance comparison (Train vs Test)
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4.4 Performance Evaluation of the XGBoost (XGB) Model

We utilized Extreme Gradient Boosting (XGB) model to improve predictive performance and
better capture the complex nonlinear relationship in thyroid cancer identification. XGB works
in stages, constructing decision trees one by one; and each new tree helps correct errors made
by previously trained tree(s) making classification easy and very efficient. Its performance on

both the training and testing sets showed promisingly high accuracy and F1 score.

XGBoost — Confusion Matrix (Train) XGBoost — Confusion Matrix (Test)

2000 500
1750 0 ss3
400
1500
1250 300
1000
750 200
1 545
500
100
250
0 1

Predicted label

True label
True label

0 1
Predicted label

Figure 4.5: Training and testing confusion matrices for XGB model

Table 4.3: Performance metrics of the XGBoost (XGB) model

Data Accuracy Precision Recall F1 Score
Training 0.9966 0.9977 0.9955 0.9966
Test 0.9856 0.9927 0.9785 0.9855

The XGB model performed very well with high accuracy and balanced precision-recall on the

training as well as testing data. Its stability suggests good generalization and underfitting. These

findings validate XGB’s trustworthiness as one of the best classifiers for thyroid cancer
prediction.
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XGBoost — Metrics (Train vs Test)

104 0.9966 09856 0.9977 0.9927 0.9955 1 g7gs 0.9966 g 9355
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Figure 4.6: XGB model performance comparison (Train vs Test)

4.5 Performance Evaluation of the Support Vector Machine (SVM) Model

The Support Vector Machine (SVM) classifier model was used for thyroid cancer case
identification according to clinical and biochemical characteristics. SVM searches for the
reserved hyperplane that differently divide healthy and cancer thyroid cases with most
separation margin. Both the accuracy and precision of the model were good, showing that it
has great ability to discriminate positive from negative samples. But because of the non-
linearity and unbalance in the data, then it’s recall value was somehow less than that of
ensemble methods. After oversampling with SMOTE, the performance of the model was
improved especially for minority (negative thyroid) cases.

SVM (RBF) — Confusion Matrix (Test) SVM (RBF) — Confusion Matrix (Train)
500 2000
1750
0 520 400 2082
1500
Fi 3 1250
5 300 =
M w
u g 1000
= =
200 750
1 484 1996
500
100
250
0 1

Predicted label Predicted label

Figure 4.7: Training and testing confusion matrices for SVM model
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Table 4.4: Performance metrics of the SVM model

Data Accuracy Precision Recall F1 Score
Training 0.9156 0.9323 0.8963 0.9139
Test 0.9013 0.9290 0.8689 0.8980

SVM (RBF) — Metrics (Train vs Test)

0.9323 0.9290

0.9156 g 9013

Score

Accuracy Precision Recall Fl-Score

Figure 4.8: SVM model performance comparison (Train vs Test)

4.6 Performance Evaluation of the TCpred_Model (Proposed)

The TCpred_Model2 is an ensemble learning system combing RF (Random Forest) and XGB
(both of which has great predictive performance. RF and XGB are used as base learners because
of their high accuracy, stability, and non-linear generalized function for complex relationships
in the thyroid datasets. Averaging Both the output models of the two model are fused by either
stacking, weighted averaging or any other ensemble learning approach that reduces variance
and increases generalization. Such integration enables TCpred_Model to effectively
compromise bias and variance, which are conducive to better accuracy and robustness for
classifying thyroid cancers. The model was cross-validated for reliability and generalization to
unseen data. Our experimental results indicated that TCpred_Model had better performance in
compare to Any individual classifier (LR, SVM, RF and XGB) based on Accuracy, Precision,
Recall and F1 score. Therefore, the developed model can be taken to be a promising and cost-
effective diagnostic tool for early detection of thyroid cancer.

23 ©Daffodil International University



TCpred_Model — Confusion Matrix (Train) TCpred_Model — Confusion Matrix (Test)
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Figure 4.9: Training and testing confusion matrices for TCpred_Model

Table 4.5: Performance metrics of the TCpred_model

Data Accuracy Precision Recall F1 Score
Training 0.9998 0.9996 1.0000 0.9998
Test 0.9901 0.9982 0.9820 0.9900

TCpred_Model — Metrics (Train vs Test)
0.9996 0.9982 1.0000

10 0.9998 0.9901

0.8 1
0.6 1
0.4
0.2 4
B Train
i Test
0.0 T

Accuracy Precision Recall F1-Score

0.9820 0.9998 0.9900

Score

Figure 4.10: TCpred_model performance comparison (Train vs Test
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4.7 Result Discussion

Experimental results show that the performance of our proposed TCpred Model were 99.01 in
accuracy significantly outperformed all other single classifiers such as Random Forest (98.65),
XGBoost (98.56), SVM{'s} mean value is 90.13 and Logistic Regression's mean value is
89.05). This enhancement might be owing to the ensemble approach of combining RF and
XGB by taking advantage of the strength of each model to mitigate its weaknesses. The RF
treats model stability by averaging many decision trees, while the XGB also addresses
performance optimization based on process gradient boosting and regularization. The
combination of these complementary strategies allows TCpred_Model to perform better
generalization, lower variance, and enhanced resistance against the data imbalance.
Furthermore, the ensemble architecture is capable of learning both the linear and nonlinear
interactions between thyroid-related features such as TSH, T3, T4 and FTI that directly
improves classification accuracy. The high performance provided by the AUR and AUC,
Accuracy, Precision, Recall and F1-score indicate that we can rely on this model to predict
normal thyroid as well as cancerous cases. hence, the developed TCpred_ Model can be
considered as a robust and cost-effective diagnostic tool in early thyroid cancer diagnosis and

clinical decision making.

Model Comparison — Test Accuracy
1.0 4 0.9901 0.9865 0.9856

0.9013 0.8905

0.8 1

0.6 1
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0.4 4

0.2 4

0.0

T T T T T
TCpred_ModelRandomForest XGBoost SVM_RBF LogReg

Figure 4.11: Test accuracy comparison of model.
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F1 Score

Model Comparison — Test F1 Score

1.0 4

0.8

0.6 1

0.4 1

0.2

0.0 -

0.9900 0.9864 0.9855
0.8980

TCpred_ModelRandomForest  XGBoost SVM_RBF LogReg

Figure 4.12: Test F1 comparison of all Model.
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CHAPTER 5

CONCLUSION

5.1 Summary of the Study

This study examined the design and assessment of a machine learning based diagnostic system
for prediction against early thyroid cancer. The primary goal was to construct an ensemble
model, empower it with the strength of numerous algorithms to boost the predictive power and
reliability. This study employed one dataset containing various biochemical and clinical
variables (TSH, T3, T4, FTI and other relevant factors) that played an important role in the
diagnosis of thyroid diseases. The data was heavily preprocessed for cleanliness and
consistency, including cleaning, normalization of values removal of outliers and dealing with
missing values. The class imbalance problem, which is frequently seen in medical data, was
well-handled by the SMOTE, and the sensitivity to underrepresented events could be
subsequently enhanced. The following were constructed as the four main machine learning
algorithms, SVM, RF and XGB. The performance of each model was trained, tested and
evaluated based on several metrics such as the Accuracy, Precision, Recall and F1-Score.
Testing the RF + XGB ensemble model was the most accurate of all these models and better
than all individual classifiers. The well all rounded ensemble performance on the measures
illustrates that the model generalizes well to unseen data. The comparative performance
revealed that the TCpred_Model achieved an overall test accuracy of 99.01%, which
outperformed all considered baseline models (Table 4.5). The method of ensemble learning

enabled our model to capture both linear and nonlinear relationships among features.

5.2 Research Contribution

Several key contributions were offered by the present study to the medical machine learning
and predictive analytics literature. First, it introduced a new ensemble model (TCpred_Maodel)
composition of RF and XGB, two models that have been demonstrated to be effective in
classification. This hybrid ensemble strategy achieved a trade-off between interpretability and
prediction for the model in balance. It increased accuracy and reduced bias and variance using

the complementary properties of both algorithms. Secondly, the paper dealt with a common
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bias in healthcare data class imbalance by using SMOTE. This promoted a balanced
representation of normal versus cancerous thyroid cases resulting in improved sensitivity and
F1-score. Third, single classifiers outperformed existing ones in terms of performance metrics
such as 99.01% accuracy, 99% precision and recall at the rate of 98%. Fourth, key predictors
such as TSH, T4 and FTI were identified by the study, thus improving clinical interpretability.
This information may allow clinicians to concentrate on the most important diagnostic
characteristics. This study further extends to the expanding territory of powered healthcare in
thyroid cancer prediction. It demonstrates how to improve early detection mechanisms and
decrease human error using ensemble learning methods. Furthermore, the paper shows a
reproducible and scalable method for similar disease signature prediction tasks. It proposes an
approach that may be applied to other diseases apart from thyroid cancer. Another important
point is the successful combination of several algorithms into a robust single diagnostic model.
The computational power of the TCpred_Model is a compromise between pharmacy ability

and clinical interpretation, consistent with requirements of the health system.

5.3 Limitation
Despite its strong performance, the research has a few limitations.
=  The sample was small and may not generalize to larger or more diverse samples.

= The accuracy of the model relies on the clinical data quality and missing or noise records could
affect prediction results.

= External validation with independent data was not conducted because of the lack of available
data.

= The work here is limited to binary (hormal versus cancer), not specific cancer stages.
= Areal-time deployment and integration in hospital systems was beyond the scope of the present
study.
5.4 Future Work

o Further validation on larger and multi-source thyroid datasets is required to validate
TCpred_Model.
e Try deep learning models (neural nets, or hybrid CNN-XGB).

o Create a web or clinical decision support service for live thyroid cancer testing.
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5.5 Final Conclusion

Accordingly, it can be concluded that our precision and robustness of the presented TCpred_
Model are excellent for early detection of thyroid cancer. A blend of Random Forests and
XGBoost modulated model bias and variance for an optimal level of generalization, which
yielded better results than all the base classifiers. The improved performances of the model
indicate that the algorithm can be successfully used for enhancing diagnostic accuracy in
medical cases. While there are limitations to the current model, it lays a strong basis for future
endeavors in Al-based healthcare and predictive oncology. Tows-and-such, TCpred_Model
represents pertinent further movement towards the development of intelligent data-driven

diagnostic systems in thyroid cancer prediction and clinical decision making.
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