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ABSTRACT

Thyroid diseases are those disorders which are not easily detected because of their
nondescript initial symptoms and complicated diagnosis. This study presents a systematic
study that involves machine learning models to forecast thyroid disease at their early
stages. A thyroid dataset was acquired on the UCI Machine Learning Repository UCI
Machine Learning Repository from Kaggle was utilized, it’s containing 9172 patient
records with 31 features and a binary target indicating the presence or absence of disease.
Only 11 clinical features, along with 2 categorical features and 1 binary feature were
taken to predict the thyroid disease. The data set had a significant class imbalance, so we
use the Synthetic Minority Over-sampling Technique (SMOTE) was applied to ensure
robust training. Seven different machine learning classifiers were trained and tested.
Model performance was evaluated on a stratified hold-out test set using 1,000-iteration
Non-Parametric bootstrap internal validation to obtain robust estimates and 95%
confidence intervals for accuracy, sensitivity, specificity, precision, F1-score, and AUC.
The results indicate that the Random Forest classifier provides superior sensitivity of
96.5% that making it a reliable tool for early screening.
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CHAPTER 1

INTRODUCTION

1.1 Introduction of Thyroid Diseases

Thyroid itself is a small and butterfly-shaped gland nestled low at the neck, but the
influence of its hormones is hardly small (Alawiyah, 2024). By controlling metabolism,
and functions of temperature and the cardiovascular system, the thyroid keeps the
rhythm of life beneath the surface. And when that rhythm goes away, the symptoms are
often so slight fatigue, fluctuations of seven, and changes of mood that they might easily
be attributed to the stresses of the day or other factors (Chaubey, 2021). This makes early
detection a challenge. The evaluation of delayed detection is a serious concern, since the
risk of complications and financial burdens of ongoing and repeated treatments is very
costly. The experience of the medical community within a given paradigm might itself
serve to introduce obstructions into the diagnostic process, volume of referrals, the time
required to see the results of tests, and the complexity of reviewing clinical data that
then needs to be interpreted within a larger framework (Chaganti R, 2022) (Teja, 2024).
But the type of pre-screening assistance could make such a process much smoother. This
paper inquires could contemporary ML techniques could serve as such an early detection
system with sufficient accuracy and reliability to notify high-risk patients before deadly
symptoms are visible, and transparency that will convince medical professionals of the
worth of the alerts. (Sennan, 2022) The research objective now is to generate and
evaluate a prediction model that can lead us toward patients with likely thyroid illness,
so long as the deadliest error in the early screening process failing to identify a true
positive, is kept well under check. This study aims to prove this hypothesis on an
aggregated Thyroid Disease dataset received from the UCI Machine Learning
Repository through a Kaggle dataset (Alawiyah, 2024) (Riley R. D., 2023). The final
cleaned dataset used within this paper consists of 9172 entries with 14 features, 13 of
which are predictive features, and 1 is a target feature with a binary value indicating
whether a patient has a thyroid disease or not. The features introduced include a series

of demographics and standard blood tests such as ‘“TSH,” ‘T3,” ‘TT4,” ‘T4U,’ and ‘FTL,’

1
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which can be used collectively for an understanding of a patient’s thyroid function
(Akter, 2024) (Chaganti R, 2022). The dataset is significantly biased towards healthy
individuals only, with a very small proportion classified as those with a ‘thyroid disease.’
This directly impacts the approach taken within this paper on the models designed to
solve it. We used SMOTE to balance the training data set (Chawla, 2002) (J. Premalatha,

2024) to ensure the models learn the pattern, and in the test set’s those work accurately.

1.2 Background

The thyroid gland is a small endocrine organ with a very prominent role in everyday
physiology. The T3 and T4 hormones and, through the pituitary feedback signal TSH
(Thyroid-Stimulating Hormone), the control of the thyroid gland itself control
metabolism, heat production, the cardiac rate and rhythm, and, indirectly, mood and
energy levels. “Patients with thyroid dysfunction often appear nonspecific: they may
appear tired, anxious, be gaining or losing weight, and experience heat and cold
intolerance. (Akter, 2024)”

Thyroid conditions are relatively common, very significant, and surprisingly difficult to
recognize early. The involvement of the gland’s hormones with metabolism, the
cardiovascular system, the control of body temperature, and the regulation of mood
makes it extremely difficult to detect such conditions, which often manifest themselves
through common symptoms of fatigue and even changes in weight and/or anxiety. This
obscuring of symptoms contributes to the challenges of early detection of the condition
and therefore increases the risk of complications and additional healthcare costs spent
on multiple tests and visits (Teja, 2024). The increased flow and turns add to the
bottleneck when we need fast decisions. And the types of biological data that matter
most for this task aren’t all that esoteric. TSH is the lab “front-door” as small TSH
changes are very telling of the extent that the pituitary glands has to push your thyroid
to keep hormones in balance. The TSH is usually elevated with overt hypothyroidism,
and suppressed with overt hyperthyroidism (Sennan, 2022). And then size, that's the
other kind of data that's usually meaningful, are medical history flags and medications
and then background information. A good screener will both (1) focus on TSH and its

2
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properties, and (2) not let you trip over the similarly informative but less central data.
The problem for the largest part of medical applications, and the one being tackled in a
practical sense by this thesis, is detecting early warning signs (such as possible thyroid
disorders) from all available data. This thesis addresses this problem thought a data-
based and organized approach to disease whose goal is for these thyroid logically

profiled outputs to matter.
1.3  Problem Statement

Thyroid problems are common, but they hardly ever walk in with a label. They come in
feeling tired, a little anxious, gaining or losing weight, too hot or cold and all of that can
be caused by dozens of things. Clinicians do the best they can with history, examination,
and lab tests like TSH, but busy clinics and long queues mean it is often some time
before the right people get the right attention (Teja, 2024). In that gap, the patients can
be left waiting and the system expends energy on low-risk cases while the high-risk ones
are not flagged early enough. This thesis focuses to find out the thyroid diseases that can
predict before doctor’s diagnosis and it’s pretty useful [ am not challenging the diagnosis
but I think it will boost our doctor’s diagnosis system pretty easier. The data that we rely
upon is the same data that the clinics are already gathering: basic demographic
information, medical history indicators, and standard lab work particularly TSH, which
is often the first indication of a change in thyroid functioning (Chaubey, 2021). The
dataset is well-ranked for a machine learning model because the information is
structured, because there are identifying patterns that a person would understand, and
because there are interactions that are recognizable to algorithms and not so much to the

end user’s eye.
1.4  Motivation

Thyroid diseases are common but announcing their presence infrequently. Symptoms
that are generally nonspecific at the outset fatigue, weight change and an unusual
sensitivity to cold or heat frequently have patients bouncing from appointment to
appointment before anyone thinks of thyroid dysfunction. Meantime, clinics are full and
resources are limited. Every week, doctors sift through a ton of low-risk cases in order
to find a handful who really truly need immediate attention. That time lag comes with a

3
©Daffodil International University



cost: Untreated thyroid problems can silently chip away at quality of life, exacerbate
other health conditions and lead to repeat testing and visits that clog up both patients
and systems. Machine learning fits these requirements since the information expressed
by thyroid scanning is tabled data with clear and defined levels of interaction. With
robust process flows including signing into data, training models to know the issue is an
imbalanced one and assessing performance of models which are suitable for purpose,
dull patient information becomes a credible triage signal. The immediate implications
of adopting a model of this kind are clear: patients at high risk get swift attention,
whereas those at low risk do not need to be followed unnecessarily. That could mean a
week or two shaved off at the front of the care chain for patients. This adds clarity and

avoids confusion in the future.
1.5 Limitations

Our research has real-world limitations. We are not intending to cover all the possible
methodologies of thyroid condition detection, nor its potential model of detection.
Instead, we have strived for a practical list of methods that is suitable for the data at our
disposal and the objectives of early screening. Likewise, although we explore a number
of algorithms through the machine learning, this is not a comprehensive list of every
model and set of parameters. Second, accuracy is always limited: there are no perfect
models and can make no guarantees with regard to perfect predictive power for all

individuals and clinics.

4
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CHAPTER 2

LITERATURE REVIEWS

2.1 Literature Reviews

A Recent approaches based on machine learning have been demonstrated as effective
tools for the prediction of thyroid diseases, but challenges still arise in dealing with
imbalanced datasets, quantifying uncertainty and prioritizing sensitivity for the purpose
of clinical screening applied several classifiers on thyroid datasets: they demonstrated
high diagnostic accuracy of the machine learning system, but also their concerns on class
imbalance effect in detecting minority-class (Chaubey, 2021). (Sennan, 2022) Sankar et
al adopted XGBoost for better accuracy than other models in thyroid disease diagnosis
based on non linear relationships between laboratory and clinical features . (Akter, 2024)
Akter et al built on this work by incorporating clustering-based balancing with ten
different models such as ANN, CatBoost, XGBoost, Random Forest, and LightGBM with
not only focusing accuracy but also interpretability along with deep feature importance
analysis of imbalanced thyroid data. A few works have taken more general systemic
comparison of thyroid prediction algorithms. (J. Premalatha, 2024) Premalatha et al.
demonstrated that Decision Tree models after Random Forest based pre-processing reach
the highest accuracy (98.54%), compared to Logistic Regression, SVM, and Ada Boost,
but no formal interval estimates are provided for performance measures. (Chaganti R,
2022) Chaganti et al. presented a selective feature approach (Forward and Backward
elimination, Extra Trees) to identify significant predictors like FTI, TSH-measurement f
lags, and referral source with close to perfect performance on all thyroid disease
categories (Patel, 2024). In addition to initial diagnosis, (Aversano, 2021) Aversano et al.
showed the treatment prediction using machine learning (on clinical and therapeutic
variables-data-driven methods can be used for therapy planning, besides diagnosis
(Aversano, 2021). (Dhyan Chandra Yadav, 2020)Yadav et al. employed decision tree
ensemble learning to predict thyroid conditions, striking the tradeoff between model
predictivity and explicability with explicit rule paths that can be explained based on

5
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clinical reasoning. Recent work has unveiled innovative ensemble and deep learning
techniques for thyroid disease. (Ji, The novel self-stack ensemble model for thyroid
disease prediction, 2024) Ji proposed SSC, a self-stack ensemble model that exploits a
random tree structured stacking structure to ameliorate the deficiencies of traditional
ensembles and significantly enhanced the generalization performance on thyroid
prediction tasks. (Alawiyah, 2024) Alawiyah et al. applied XGBoost to predict thyroid
cancer recurrence on clinicopathological features, including tumor size, lymph node
metastasis, and vascular invasion, with an accuracy of 97.74% and F1-score at 95.94%,
showing the competence of gradient boosting for complicated oncologic endpoints. (Teja,
2024) Teja et al. present a recent survey of machine learning techniques for thyroid
disease, which lists popular algorithms and feature sets but do not introduce any new
validation framework. (Ji, The novel self-stack ensemble model for thyroid disease
prediction, 2024) Jha et al. addressed the prediction accuracy improvement for thyroid
disorders in an imbalanced setting by employing an ensemble technique, and showed a
significant increase in both sensitivity as well as specificity, thereby strengthening the
need to balance minority class data for public health gain. Narrative and methodological
reviews have highlighted more general trends with respect to this area and prompted the
development of more rigorous assessment tools. Martin et al. Martin et al examined the
role of artificial intelligence in thyroid ology, noting that ensemble decomposable tree-
based models and deep neural network structures are becoming progressively critical for
early diagnosis of thyroid disorders using automatically generated models, especially
when applied with structured biochemical and imaging data (Chaganti R, 2022)
(Shrestha, 2025). (Fasira, 2025) Fasira et al. reviewed deep learning techniques for the
diagnosis of thyroid diseases, in which they report convolutional and recurrent
architectures as promising models, but not with externally validated or explainable
performance on most studies published. Reiterated that clinical prediction models,
including those derived using machine learning, need internal validation commonly
performed through bootstrap re sampling- to overcome optimistic performance estimates
and to provide trustworthy confidence intervals on metrics such as discrimination and
calibration; (Riley R. D., 2023). (Fornaciari, 2022) Fornaciari et al. apply 1000-iteration
bootstrap procedures to fixed evaluation sets as a means of inferential statistics for model
performance, thereby demonstrating how bootstrapped-based confidence intervals can

bring stability to conclusions about classifier quality in applied domains.

6
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CHAPTER 3

METHODOLOGY

3.1 Introduction

This chapter provides a detailed account of the systematic methods used to develop,
evaluate, and interpret machine learning models for the early diagnosis of thyroid
disease. The experimental methodology is devised to be systematic in a way that not
only does the resultant prediction model have statistical stability, but also can provide
reliable predictions for clinical use, especially when missing such identification errors
becomes too expensive. The work is divided into seven integrated stages, as outlined in
the research framework (J. Premalatha, 2024) (Akter, 2024). This working strategy
involves obtaining a dataset, cleaning it, and comparing several classifiers in order to
produce the best results by handling the data. The first stage of the research is to perform
robust data cleaning activities in order to guarantee both the integrity and fairness during
model training. This encompassed important Data Pre-processing steps such as
addressing missing values with specific imputation methods, transforming all
categorical and non-numeric characteristics by encoding them, and scaling numerical
ones (Alawiyah, 2024). Such standardization is essential to avoid an artificial
domination of the learning by one feature. The second, equally important one was
Dealing with Class Imbalance. Since the dataset is highly imbalanced, with a large
number of samples from healthy compared to diseased patients, the re-sampling by
SMOTE was carefully turned on only in the training set (Aversano, 2021). This method
effectively synthesized minority class samples, which has reduced of the training set in
the region, and avoid models defaulting to majority classes so that we can make the
model achieve the high capture ratio needed for clinical screening. After preparing the
data, the research moved to Model Selection and Evaluation. A varied package of seven
machine learning classifiers was trained and compared from heavy ensemble
methodologies, such as Random Forest, XGBoost, K-Nearest Neighbors (KNN), or

Logistic Regression. All the resulting models were evaluated on a completely unseen,
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unmodified test set with Non-Parametric Bootstrap Internal Validation and 95%
Confidence Interval (Fornaciari, 2022). In line with our key research aim, emphasizing
patient safety through the prevention of missed diagnoses the performance analysis
mainly focused on Recall (Sensitivity): whether disease cases were detected. This
analysis helped to guarantee that the model selected after analyses had a reasonable

trade-off between sensitivity and overall accuracy.
3.2 Proposed Framework

This methodology has been geared towards ensuring that the model is both repeatable
and transparent to a considerable degree. The steps of the methodology are considered
to be inter-linked and comprise seven steps: data acquisition, data preparation, train-test
data splitting, class balancing, model training, Non-Parametric bootstrap internal 1000X
validation on test data set (Fornaciari, 2022), along with 95% confidence interval for
performance analysis. The first and foremost goal of the methodology used in this paper
is to extract the best-performing algorithm of for the classification of thyroid diseases
that focuses on sensitivity (Recall). Here is the proposed framework diagram. Here is

the figure 1 where it’s shows how the procedure works in details.

20% Test
Data

Data Split
(80/20)

Standard
Scaling

Performance
Measurement

Y

y
Non-Parametric
Bootstrap
Internal
Validation

80%
Training
Data

Raw Dataset Visualizations

Y '

SMOTE ¥
Data Standard Balancing Train Models
Preprocessing Scaling (training only) End

Figure 1 Thyroid Disease Prediction Methodology Flowchart
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3.3  Dataset Description

We used the Thyroid Disease data from UCI’s Machine Learning Archive, it’s well

known for testing thyroid predictions. The dataset used in this study is a consolidated

version of thyroid disease data from the UCI Machine Learning Repository, which was

distributed in curated form through an open-source Kaggle resource. After cleaning and

selecting the clinical feature only, the final dataset used in this paper contains 9172

patient records and 14 columns, of which 13 are input features, and 1 is the binary target

variable (target). The target indicates whether a patient is diagnosed as having thyroid

disease (1) or not (0). These features broadly fall under three categories, as high lighted

in Table 1.

Table 1 FEATURE CATEGORIZATION AND DESCRIPTION

Category Features Count

Demographic age, sex 2

Medical History lithium, goitre, tumor, 5
psych , hypopituitary

Laboratory Tests tsh, t3, tt4, t4u, fti,tbg 6

Total Count 13

9

©Daffodil International University



34 Data Pre-processing

Since it’s a real-world data from Kaggle in this case, measurements in a medical study,
Is being used, there is a need to pre-process it, which may involve dealing with missing
values, categorical data, and possibly handling problems of class imbalance. In order to
make sure that each of the 14 features equally makes a contribution to the prediction
made by the model, a data scaling method was used in the pre-processing stage. The
ranges of features like "TSH' and 'Age' are very different, and so the Min-Max
Normalization was applied to the values and made them fall within a common range of
0 to 1. This makes the model non-biased to features whose numerical values are large.
Each step of the pipeline began by specifying the target variable for thyroid diseases.
Hers is the formula of Min-Max normalization.

X_Xmin
Xiiorm = oo rteteeeeeeeeeeeeeeanraaeae, (1)

Xmax—Xmin

Where,

Xnorm 1S the normalized value

X is the original feature value

Xomin @nd X;,q, 1S the minimum and maximum value of the corresponding feature

Variables that acted as identifiers, like patient numbers, were eliminated since they did
not provide any data related to patient health and may otherwise cause bias during the
learning phase. Variables that remained relevant served as demographic data, past health
indicators, or lab results for functions of the thyroid (Chaganti R, 2022).

2. Handling Missing and Uninformative Features :

Each step of the pipeline began by specifying the target variable for thyroid diseases.
Variables that acted as identifiers, like patient numbers, were eliminated since they did
not provide any data related to patient health and may otherwise cause bias during the
learning phase. Variables that remained relevant served as demographic data, past health
indicators, or lab results for functions of the thyroid.

10
©Daffodil International University



3. Encoding and Target Handling :

Categorical variables like gender and other binary variables were encoded into a numeric
format using label encoding. This made it possible for the models to process the
categorical data without losing the original label (Benabid, 2024). The target variable
was encoded into a binary numeric format. The target column encoded the class label

as.
0.0 — No thyroid disease
1.0 — Thyroid disease present

This binary format immediately made the data compatible with the classification

algorithms.

4. Data Train and Test Split: To perform fair evaluations of model performance, the
dataset was split using an 80/20 stratified split, preserving the original class proportions

in both sets. This resulted in:
TRAIN SET: 7337 samples x 13 features
TEST SET: 1835 samples x 13 features.

For categories such as sex or past health status we have turned text categories into
numbers through Label Encoding. Similarly, we indicated in the outcome column what
one’s health condition is: 0 meant no disease while 1 equalled some illness. Translating
labels like these into numbers maintains the information, but an easier “language” for

machines to understand (Riley R. D., 2024) (Shrestha, 2025).

5. Feature scaling or normalization: The value of data numbers may be very different
according to what is being measured. For example, age ranges from 1, 4 to about 100
and TSH takes values smaller than 10. If these data are used ‘as is’, models such as KNN
discriminate against large numbers. Therefore, we maintained mathematical rules of

tradition and used a Standard Scaler, which is

11
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where z

X is what we refer to as z after making it standard

x represents the beginning value, and p represents the average
u represents the average value of the characteristic, and ¢

o is the measure of how spread out the values are. What this achieves is that it centres
all features on zero, and yet they remain standardized on one, so they line up well. The
big thing is, we are training the scaling tool only on the training piece, then doing the
same thing on the testing piece. Here is the snapshot of Feature scaling was implemented

using Standard Scaler as shown in Code Snippet 1

# Code Snippet 1: Feature Scaling Implementation
from sklearn.preprocessing import StandardScaler

# Initialize scaler
scaler = StandardScaler()

# Fit on training data only
X train_scaled = scaler.fit transform(X _train)

# Transform test data using training statistics
X test scaled = scaler.transform(X_test)

Figure 2 Code Snip of Feature Scaling
3.5 Data Distributions and Testing

For an objective comparison of model performance, a ‘test set’ was held back unseen
throughout the entire learning process. A total of 9172 records were used in full, divided

into:
Training set: 7,337 examples (80%)

Test dataset: 1,835 examples (20%)

12
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The train and test data split is stratified so that the ratio of healthy cases to sick cases is
roughly 68.6% vs. 31.4% in both sets. This is especially necessary in cases of an
extremely unbalanced dataset, because otherwise, sick cases may be relegated entirely
to one split set. A constant random seed with value 42 has been used for the purpose of
reproducibility. All other processing steps which may pose a potential threat of
information disclosure, including scaling and SMOTE, have only used the training

dataset, with the unseen dataset being a realistic clinical scenario.
3.6 Class Balancing

The problem is that the original dataset was markedly imbalanced, with only 31.4 % of
the dataset being positive cases (patients with thyroid disease). This means a very simple
model would work well with a high accuracy value by simply guessing “no disease” for
most people. This may look beneficial with a high accuracy value, but it is a problem
because many actual disease cases would be overlooked. This problem can be addressed
by applying the ‘Synthetic Minority Over-sampling Technique’, also known as
‘SMOTE’, only on the ‘training dataset’ (Chawla, 2002). Unlike other techniques used
for handling the minority problem, unlike simply replicating similar cases for the
positive class (the disease), ‘SMOTE’ generates new cases for the minority class by
connecting each minority example with its ‘nearest neighbours’ in the ‘feature space’
with a line segment, thus “filling in” areas around actual sick individuals with ‘synthetic’

examples. Here is the equation for the SMOTE

Xnew = Xi F A Xnn — Xi), A E (0,1)cneieiniieiniiiininiierninecnssesncnsessnssssnsosnnns (€))
Where:

X_I = minority class sample

X_Nnn = nearest neighbour

A =random number between 0 and 1

The procedure followed in this study was: Begin with the original set of 7337 examples
used for training. Use SMOTE with the parameter random_state=42 for creating a

balanced dataset. | have left the test dataset intact, ensuring it reflects the true class

13
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distribution. During the process, these models view sufficient examples with a positive
outcome so they can establish relevant patterns for a thyroid problem, and during testing,
performance is evaluated on a realistic, but imbalanced data distribution that provides a
fair approximation of what the performance would be during a realistic clinical situation.
Here is the code snipe of SMOTE

from imblearn.over sampling import SMOTE

# Initialize SMOTE with fixed random seed
smote = SMOTE(random state=42)

# Apply to training data only
X train_balanced, y train balanced = smote.fit resample(

X_train_scaled,
y_train

)
# Verify balance

print(f"Before SMOTE: Healthy={sum(y_train==8)}, Disease={sum(y_train==1)}")
print(f"After SMOTE: Healthy={sum(y train_balanced==0)}, Disease={sum(y_train_balanced==1)}")

Figure 3 Code snip of SMOTE

3.7 Models Introductions

For a thorough understanding of the performance of different learning paradigms on the
predictive analysis of the thyroid disease, seven different supervised classifiers from

varying algorithmic families were chosen:

Random Forest: Random Forest is a combination of decision trees induced from Non-
parametric bootstrap samples of the dataset, with a random subset of features used at
each node. This introduces decorrelation among the trees and helps with generalization.
For this study, a Random Forest with 100 trees was employed. The ultimate decision is
made by a majority vote among all the trees. Random Forest can be used to compute the

importance of features, which is useful for clinical interpretation.

XGBoost (Extreme Gradient Boost): The decision trees in XGBoost are built
sequentially, with each new tree trying to optimize the errors of the previous ensemble
solution. It uses a form of gradient boost with regularization terms L1, L2, shrinkage,

and tree pruning, which helps in preventing overfitting and makes it a very commonly
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used technique in medical prediction problems involving tabular data. For this analysis,

the settings are a learning rate of 0.05 and a max depth of 3.

Gradient Boosting: Gradient Boosting is a similar algorithm to XGBoost, but is coded
within scikit-learn with a much simpler and less heavily optimization-tuned engine.
Usually, Gradient Boosting is a robust algorithm on structured data, although slower
than, or even regularized by comparison with, XGBoost (Shiuh, 2023) (Obaido, 2025).

Decision Tree: The decision tree classifier is a decision tree where the decision is
represented in the form of a tree split on the features, with the leaves labelling the classes.
Itis very visual and interpretable but tends to overfit if grown unwarily with unrestricted
growth. A constraint on the growth of the tree by the imposition of a limit on depth, such

as max depth = 15, and default random state is used in this research.

Logistic Regression: The aim of Logistic Regression is to model the log odds of the
positive class with a linear combination of features. It is a surprisingly effective method
on tabular data despite its simplicity, and provides coefficients with intuitive

interpretations regarding the characteristics’ strength and direction.

KNN: K-Nearest Neighbors (KNN) is a non-parametric and simple algorithm that
classifies the instances in the feature space by the majority-class of the k closest similar
instances in the feature space.. Most of these k neighbours vote to designate the type of
test sample. We used KNN with k=5 neighbours in this study in order to strike a balance
between bias and variance so that the algorithm would be sensitive to small scale patterns
in the thyroid disease data, but would still be reasonably efficient in terms of

computational overhead.

Naive Bayes: Naive Bayes is a probabilistic classifier which follows the Bayes
probabilistic theory . Naive Bayes has 5 been observed to work best on high-dimensional
data and is computationally inexpensive both to train and predict. This probabilistic
method offers a new outlook on the tree-based and distance-based frameworks and will
be useful in delivering comparative analysis on the model performance on the thyroid

disease classification problem.
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Here is the code snip of the model’s

models = {

‘Random Forest': RandomForestClassifier(n_estimators=188, random_state=42, n_jobs=-1, max_depth=15},
'XGBoost': XGBClassifier(

n_estimators=100,

learning rate=0.05,

max_depth=3,

eval_metric='logloss",

verbosity=0,

random_state=42

)
Ja

‘Gradient Boosting': GradientBoostingClassifier(
n_estimators=100,
learning_rate=0.05,
max_depth=3,
random_state=42

)
Ja

‘Decision Tree': DecisionTreeClassifier(max_depth=15, random_state=42),
"Logistic Regression': LogisticRegression(max_iter=1000, random_state=42),
"KNN': KNeighborsClassifier(n_neighbors=5),

"Naive Bayes': GaussianNB()

Figure 4 Code snip of 7 Models

3.8 Performance Measurement
We checked each model for four performance score of the model kinds

Accuracy: Accuracy indicates how many of the patient were , regardless of type. You

figure it out by:

TP+TN
(4)

ACCUINACY = ———————————— iiittierreneerecencenncres sonen
Y = TPITN+FP+FN

Precision: Precision is the percentage of the positive and correct guesses.

.. TP
Precision = ——— ooiin (5)

The high accuracy will reduce the frequency of false alerts that enable the model to
rectify in detecting a disease in most instances. It matters due to the fact that the wrong

warnings may stress individuals and precondition the needless additional testing.
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Recall (Sensitivity) : Shows how many true sick people model found it’s allows model

to find out it’s potentiality.

F1-Score : F1-Score really helps when you’re just as concerned about missed cases as
well as wrong alarms. F1-score is used to compare Recall and Precision to achieve

improved result.

2 XPrecisionxRecall

F1-Score = ————————— .iiiiiiiiiiiiiiiinenn, @)

Precision+Recall

3.9 Model Performance Measurement

Non-Parametric Bootstrap internal validation with 1000 iterations was carried out on
this fixed test data set for each of the models. This entailed a resampling test used for
each iteration of bootstrapping to obtain a new test data set, with replacement of the
same number of instances as were in the original test data set it effectively replicating
the thought process of selecting a pool of patients slightly different from the original one
but still drawn from the same source or distribution. A subset of the pre-computed test
predictions was then selected for each of the resampled test data sets. To calculate the
following metrics: accuracy, sensitivity or recall in the diseased class, specificity or true
negative rate for healthy instances, and area under the Receiver Operating Characteristic
Curve. This was carried out for each metric for each of the models over the 1000
bootstrap replications, which led to an empirical distribution of each metric for each of
the models (Fornaciari, 2022). The mean of the distributions became the point estimate
of performance, with the standard deviation taking the role of a stability measure,

indicating the degree to which the metric varied for slight variations in the test data.
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Here is the equation of the Mean standard Deviation of Non-Parametric Bootstrap

Where,
B Is the total number of Bootstrap resample
6, is the individual performance metric for each iteration.

* |s the mean

Here is the Bootstrap Mean Formula

—

B = 2 E 1B e 9)
Where,
B is the Total number of iteration
6* is the Bootstrap Mean
0; is the Individual Performance Metric

Non-parametric 95% confidence intervals were then calculated using the 2.5th and
97.5th percentiles of the distributions, with no assumptions about the distributions of the

metrics.

Here is the Confidence Interval’s Equation

Cli_q = [05/2, 05 /2] cveerreeeireiniiiiiiinenne (10)

In this study we have set « = 0.05 to obtain a 95% Confidence Level. Using the
percentile method on the 1,000 bootstrap resamples, the interval is determined using the

percentile of the 2.5th and 97.5th percentiles. Here is the Equation after this settings.

6195% = [93_025, 96.975] ................................ (11)
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Finally, these bootstrap-based results were then utilized for the comparison and ranking
of the seven classifiers, as well as for the production of a series of publication-ready
graphical plots. Receiver Operating Characteristic plots were then created for each of

the models

Here is the AUC-ROC Curve Equation

"P yin 1(p;>P;
AUC = 22 O e, (12)

np-ny
Where,

n, Predicted number of positive instances (patients with thyroid disease).

n, Predicted number of negative instances (healthy patients).
P;: predicted probability of a positive instance.
P;: predicted probability of a negative instance.
| - indicator 1 when positive, 0 when negative.

The confusion matrices is for the best-performing classifiers were produced, and bar
charts with error bars were then utilized for illustrating the results for both accuracy and
sensitivity, along with their 95% confidence intervals and standard deviations.
Additionally, a medical-metrics heat map was then used for summarizing the
bootstrapped mean values of sensitivity, specificity, accuracy, and AUC for each of the

models developed.
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3.10 Implementation Environment

I ran everything through Google Collab using online programming with Python 3.12.
and because it’s an online platform, there’s no requirement of installing multiple
instances of the coding execution. This makes it possible for each of us to analysed every

move with one step disassembly.

A SMOTE analysis was added; there may even be an application of sorts of probability
calibration. As regards the machine learning and data pre-processing tasks undertaken
here, the version of the scikit-learn library used was v1.3.0. However, assuming that we
were aiming at the boosting trees on top of that as well, we could have used the XGBoost
v2.0.0 library instead. On the other hand, the handling of an out-of-balance condition
during the balance the data with SMOTE step of our process with the imbalanced-learn
v0.11.0 library took care of the imbalance of the classes. As we were working with the
numbers behind the scenes during the OLAP step of our process, the numbers were being
processed by OLAP. Finally, we used the seaborn v0.12.0 library during our process of
preparing the chart.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Overview

This Chapter discusses the experimental outcomes of seven machine learning models
that attempted to predict the thyroid disease with routine clinical and laboratory
parameters. Experiments were performed on the validated dataset of thyroid with
features including 9,172 patient records 13 features for input (cleaned up features

removed) A binary target A binary (target):
0 — No thyroid disease
1 — thyroid disease present

The principal problem with this dataset is that it is seriously imbalanced, with only one
disease class accounting for about 31.4%. A naive solution to this problem would be a
classifier that always predicted “no disease,” which would already be about 98%
accurate but would miss all the actual cases of people with thyroid disease. The purpose
of this chapter is therefore not only to document accuracy but to assess how well the
classifiers can pick out the positive cases. For handling the class imbalance problem, the
training dataset is balanced with the help of the SMOTE technique, whereas the test
dataset is left unchanged. The next step is the construction of seven models, then model
performance was evaluated using a 1000 iteration Non-Parametric bootstrap internal
validation on test sets (Fornaciari, 2022) (Martin, 2023). Here, the test set was resampled
with replacement to achieve the mean performance and 95% confidence intervals for all

metrics.
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4.1.1 Multi-Metric Performance Analysis Using Non-Parametric Bootstrap

Internal Validation

The accuracy only gives a snapshot of a model’s performance rather than showing a
model’s decision-making process, especially in a medical setting where a false negative
can be much worse than a false positive due to a potential undiagnosed illness. Because
of this, the performance of the seven machine learning models on the test dataset was
further assessed with precision, recall, and F1 scores, with the help of a single combined

heatmap.

Random Forest

Gradient Boosting

Decision Tree
85

XGBoost . L 80

Score (%)

75
KNN

Naive Bayes

Logistic Regression

Sensitivity Specificity Precision Accuracy F1-Score

Figure5 Heatmap of Non-Parametric Bootstrap Internal Validation

The performances on the test dataset were evaluated through the 1,000 iteration test set
Non-Parametric bootstrap internal validation approach. The performances were
measured in terms of the mean. The best results were obtained by the Random Forest
method, followed by high sensitivities of 95.65%; high specificities of 95.52%; high
values for precision of 88.32%; high values for accuracy of 95.55%; and high F1 scores

of 91.83% for the Gradient Boosting sensitivities is 95.43%; specificities of 94.74%; for
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precision of 86.50%; high values for accuracy of 94.91%; and high F1 scores of 90.73%,
XGBoost sensitivities is 94.18%; specificities of 94.74%; for precision of 86.49%; high
values for accuracy of 94.63%; and high F1 scores of 90.17%, and Decision Tree
algorithm sensitivities is 90.39%); specificities of 96.31%; for precision of 89.68%; high
values for accuracy of 94.77%; and F1 scores of 90.02% this model performed slightly
lower. The remaining classifiers, the Decision Tree and KNN, resulted in moderate
performances, while the Logistic Regression and Naive Bayes classifiers resulted in poor
performances, where Logistic Regression resulted very low.

4.1.2 ROC-AUC Curve Analysis

We use ROC-AUC curve to learn the model’s performance at all performance settings
of the model. Here is result of ROC-AUC Curve.

ROC Curve Comparison - All Models

08

0.6

True Positive Rate

0.4

0.2

= Random Forest (AUC=0.9887)
XGBoost (AUC=0.9814)
— Gradient Boosting (AUC=0.9821)
= Decision Tree (AUC=0.8943)
—— Logistic Regression (AUC=0.7846)
= KNN (AUC=0.9563)
Naive Bayes (AUC=0.9110)
== Random Guess

0.0

0.0 0.2 0.4 06 0.8 10
False Positive Rate
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Figure 6 ROC-AUC Curve Analysis

The use of tree models was also justified by the further results of ROC curves as
compared to other models. Random Forest provided a measure of about 0.98 on AUC
measures, then XGBoost and Gradient Boosting gave slightly less measures of 0.98 .
The ROC curve of these models had the top right corner of the graph just a bit close but
the curves of the Logistic Regression and Naive bayes were much further. This rendered
them weak in their discriminative powers against the other models. To confirm the
random forest as the screening model, the confusion matrix of the random forest model
demonstrated that there was a considerable number of both true and false samples that
had very low amounts of false negatives and false positives.

4.1.3 Performance Evaluation with 95% CI

In order to better understand the performance of each model beyond just high accuracy,
we conducted a model sensitivity summary of 7 model with 95% Confidence Interval of
Non-Parametric Bootstrap because In terms of clinical safety, it is imperative that the
models offer a high level of sensitivity due to the fact that the missing diagnosis

represents false negatives or the missed instances of thyroid disease.

Table 2 PERFORMANCE EVALUATION WITH 95% CI

Model Mean Sensitivity  Stability (+ Std %) 95% CI Range
Random Forest 95.65 +0.96 [93.65, 97.39]
Gradient Boosting 95.43 +0.94 [93.51, 97.16]
XGBoost 94.18 +1.04 [91.97,96.11]
Decision Tree 90.39 +1.36 [87.58, 92.89]
KNN 89.35 +1.38 [86.77,92.02]
Logistic Regression 69.34 +2.12 [65.06, 73.42]
Naive Bayes 33.75 +2.24 [29.20, 37.95]

The Table 2 illustrates the mean bootstrap estimate of sensitivity (or recall for the
positive class) and 95% confidence intervals on 1,000 resampling’s of the testing dataset
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for each of the seven classifiers. Also shown are the standard deviations of the
resampling results. The two most sensitive classifiers were those utilizing forests,
namely Random Forest and Gradient Boosting, with the highest mean values for
sensitivity at 95.65% and 95.43%, and corresponding 95% confidence intervals of
(93.65-97.39%) and (93.51-97.16%), and smallest standard deviations of (+0.96%) and
(£0.94%), respectively, which objectively indicated a high ability of these classifiers to
identify almost all truly diseased subjects in the resampled datasets. XGBoost ranked
third with a mean sensitivity of 94.18% and 95% CI (91.97-96.11%) and a comparable
standard deviation of (+1.04%), followed by Decision Tree and KNN classifiers with
apparently lower mean values for sensitivity at 90.17% and 89.35%, with similar 95%
Cls. Notably, logistic regression had a significantly lower mean sensitivity at 69.34%
and 95% CI (65.06-73.42%), while Naive Bayes had a mean sensitivity of only 29.20%
Cl and 37.95% As a bootstrap test reveals, the sensitivity levels for the Random Forest
and Gradient Boosting models are far higher and remain beyond 93% levels even within
the lower confidence limits of the 95% confidence interval. Thus, it can safely be
assumed that there is a low probability associated with the missed diagnosis by these
approaches. In contrast, the sensitivity levels are found to be low with large confidence
limits, remaining far below the 90% desired level considered acceptable within clinical
practice for the other models, indicating unacceptably large false negatives. From a
technical perspective, the small confidence intervals and standard deviations produced
for the ensemble techniques imply that their estimates for sensitivity are not sensitively
7 reliant on a given beneficial split for training and testing, as a stable result can be
derived based on multiple resampling’s of the testing dataset. This further underpins the
validity of the Random Forest and Gradient Boosting algorithms and their employment
as recommended models in this context. In contrast, the large confidence intervals for
the less robust models demonstrate that a bootstrap technique for internal validation
helps identify possible instability that could be obscured by a single estimate value for

sensitivity.
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4.1.4 Confusion Matrix Analysis

The final Random Forest classifier achieved strong discriminative performance on the
single-run test. Here is the result of the confusion matrix of the random forest. Here is

the result of confusion matrix of the Random Forest.

Confusion Matrix: Random Forest
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Figure 7 Confusion Matrix of Random Forest
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In Figure 7. We calculated additional clinical metrics from this confusion matrix.

The confusion matrix shows the true negatives TN=1294, false positives FP=61, false

negatives FN=21, true positives TP=459.

Calculation of the Random Forest’s Confusion Metrics Result From Figure 7

TP+TN __ 1753

Accuracy = TP TINSFPiFN — 1835 ~ 95.53%0 ceeniiniiniiniiiiiiiiiiiiineinennn. (13)

SenSItivity = — " = 120 & 95.63% ........ooccersomrrrsrsr o (14)

Specificity = — " = 02 % 95.49% .......oorirnose (15)
.. TP 459

Precision = TPrFp = 520 88.27%0 e (16)

Flscore == 0.918(91.8%) ....ccoceriririiiiiie e a7

These metrics shows a highly reliable diagnostic tool that could genuinely assist
clinicians in thyroid disease screening. In terms of clinical relevance, very few false
negatives (FN = 21) is especially relevant, as these cases represent patients with thyroid
dysfunction who will incorrectly be classified as being normal. Sensitivity is 95.53%
and an F1 measure of is 91.8% show that there is a good trade-off between predicting a
high proportion of patients with thyroid dysfunction and keeping a low rate of false
alarms, which is a key for a safe screening or triage procedure in endocrinological care.
The high specificity (~95.5%) and precision (~88.3%) values often indicate that a large
proportion of patients predicted to belong to the “disease” class actually do, thus
avoiding unnecessary follow-up tests for them. From a technical perspective, the near
symmetry between the sensitivity and the specificity of the model implies that the
threshold value of 0.5 is a well-calibrated operating condition that does not strongly
favour either the positive or the negative class. The confusion matrix also helps to
validate the confidence intervals determined from the Non-Parametric bootstrap in a
patient level, intuitive manner, where the prominent diagonal values of 1294 and 459
strongly contrast with the smaller number of patients in the off-diagonal entries, 61 and
21, in the confusion matrix, thus supporting the robust nature of the RF classifier on the

measurement of thyroid disease within the current dataset.
27
©Daffodil International University



4.1.5 Feature Analysis

It is a significant challenge to understand what features drive the predictions of a given
model, especially within a medical setting where both interpretability and relevance are
paramount. However, in order to realize this objective, the importance scores yielded by
the Random Forest classifier, identified here as the best-performing model, were
evaluated. This is because the top top features are captured in Figure 8 (Top 10 Features

Random Forest), and some crucial observations can be gleaned from here.

Top 10 Features (Random Forest Model)
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14.80%
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age

sex 0.86%

psych || 0.33%

0.18%

tumor

0.

o

0 0.05 0.10 0.15 0.20 0.25
Importance Score

Figure 8 Important Features Random Forest

The figure 8 Strong Influence of Laboratory Measurement Flags The most prominent
features were not the hormone levels, but rather the features related to whether a given
hormone test had been done. These features include: TSH, tt4, FTI, TSH, T4, T3 these
characteristics were given the greatest importance scores within the model. Most
Important feature of random forest is THS is 26.03%, T3 is about 24.17% and FTI is
16.96% . This is because psychological violence may be a reaction stemming from a
Patients who present with manifestations of thyroid disease will require a series of tests.

It is satisfying to see that the 8 model has correctly identified the decision to run some
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tests as an indicator of a physician’s suspicion and therefore used these features as strong
predictors. Moderate Contribution from Actual Hormone Values The next set of
‘influential features’ included the actual lab values: THS, T3, TT4, FTI. These are
standard markers used for medical diagnoses. Though they were smaller in contribution
than the ‘measured’ warnings, it is clear from their importance that the model relies on
valid biochemical evidence for better predictions. This is reassuring because it shows
that the model is actually taking into account both the metadata and the real
physiological signs of the function level of the thyroid (Benabid, 2024).

Minimal Influence of Demographics The Features such as: age, gender, appeared much
lower in the ranking. This is a good thing from an ethical and medical stand.
Demographic features are not what is influencing this predictive tool. It is a predictive
tool grounded in objective medical features, rather than subjective ones.

Very Low Impact of Medical History Flags The Certain features contributed very little,
including: age , sex , psych. The fact that they have low importance means that
historical/socioeconomic factors were much less enlightening than objective lab tests.
From a clinical standpoint, this means that lab tests indicate potential thyroid problems
much better than medical history (Martin, 2023)

Overall Result : Feature Importance Analysis gives a few important observations such
as The Random Forest model is much in line with reality because in reality, the main
diagnostic aid available for a thyroid problem is laboratory testing. It is a reflection of
the fact that the most common measurements in volve those related to the flag, because
a physician would only order a specific blood chemistry screen if he were concerned
about an altered function. The tool relies mostly on lab results rather than an individual’s
demographics and medical history, placing it alongside other fair and medical models
used in diagnostics. As a whole, the analysis of features has reaffirmed the fact that the
model is both statistically efficient and capable of learning meaningful patterns in a

clinical setting, thus enhancing its feasibility for real-world use in a medical setup.
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CHAPTER 5

CONCLUSION

5.1 Conclusion

This The present study aimed at developing and testing a supervised learning framework
using a machine learning algorithm that could perform an automated screening test for
thyroid disorders using common clinical and laboratory parameters. The optimized
pipeline involved robust processing, SMOTE-class re-balancing, and comparative
testing using seven traditional and ensemble learning algorithms with Non-Parametric
bootstrap internal validation with 1,000 iterations. The Random Forest learning model
showed the optimal balance between discrimination and calibration with high values of
accuracy (95.55%), sensitivity (95.65%),specificity(95.52%), precision(88.32%), and
F1 Score (91.83%) in all the experiments with the smallest buffer or error margin of (+

0.96) of and an acceptable proportion of false negatives.

The results of the analysis indicated that traditional linear and probabilistic models like
Logistic Regression and Naive Bayes were unable to leverage non-linear patterns of
interaction and relationships in the thyroid data very effectively and resulted in lower
sensitivity values. In contrast, tree-based ensemble models like Random Forest and
Gradient Boosting were able to make optimal use of these non-linear patterns of
interaction and relationships and resulted in improved values of ROC-AUC. The result
of feature importance of the Random Forest classifier indicated that the top predictors

were interpretable and reflected thyroid psychophysiology.

From a medical point of view, the proposed Random Forest model for the decision
support system could play an important role in helping medical practitioners to identify
thyroid dysfunction cases in the early stages of development and in conditions where
there is limited access to medical practitioners (Riley R. D., 2023). The high F1-score
and high sensitivity of the proposed Random Forest model for the decision support

system qualify it for initial screening of thyroid conditions among the population, and
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should not solely depend on medical practitioners for identification and diagnosis of
thyroid conditions among clients for an initial screening program. There are several

limitations to this study and approach to identify thyroid conditions among clients.
5.1.1 Future Works

Although the above experiment shows a great potential of machine learning-based
models for the prediction of thyroid disease, some significant aspects have remained

unexplored in this area, and some related possibilities can be discussed below.

Firstly, it is significant to enhance the accuracy of the minority class, i.e., the cases
containing actual instances of thyroid disease. It can be attempted by implementing cost-
sensitive learning, hybrid oversampling methods such as SMOTE-Tomek link and
ADASYN, and probability thresholds. Secondly, involving a larger dataset of different,
recent, and diverse cases would increase the generality of the proposed concept and
would be significantly beneficial for enhancing the effectiveness of the proposed
approach. Lastly, a significant extension of this concept would be adding a multiclass
classifier instead of working on a binary classifier, which would increase the
applicability and accuracy of the proposed concept for distinguishing among
hypothyroidism, hyperthyroidism, and subclinical and autoimmune cases. Development
of a fully functional application related to the proposed concept would be an added
advantage, and would increase its functionality and reality. Implementation of some
significant techniques related to Explainable Al, such as SHAP and LIME, would be
appreciable for enhancing the impact of the proposed concept among physicians and
would increase the reality of the proposed concept. Lastly, involving temporal models
related to a series of lab tests would increase the potentiality of the proposed concept,
and would be appreciable for enhancing the impact of this concept among related authors

related to medical domains, including thyroid disease predictions.
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