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Abstract—When researchers examine a broad range of
thyroid-related conditions with respect to patient outcomes
and treatment effectiveness. Modifications to our lifestyle can
significantly reduce our risk of developing certain thyroid
disorders. Regrettably, the number of fatalities caused by
various thyroid conditions has been rising. Our thyroid is
examined by endocrinologists, thyroid specialists, or
computed ultrasound. Most people, however, cannot afford
these tests. Nowadays, the primary means of prolonging the
life of a thyroid patient is medication. However, the goal of
this study is to use machine learning to forecast a person’s
risk of developing thyroid disease before they experience any
symptoms or issues. Preventing an issue from arising in the
first place is the same as preventing it rather than treating it.
Basic patient data, including age, gender, blood pressure,
hyperthyroidism, and hypothyroidism, are used in this
prediction process. Machine learning is wused by
endocrinologists to assist them in selecting the most
appropriate treatment plan for each patient. It has been
demonstrated that machine learning algorithms can reliably
generate accurate results based on input data. This study
compares three distinct methods to ascertain which one yields
the best results and efficacy levels: Random Forest, Decision
Tree Algorithm, and Logistic Regression. The results
demonstrate the importance of algorithm selection and lay
the groundwork for further studies to improve predictive
models for better thyroid disease prevention and treatment.
The authors found that, with an accuracy of 94.04%, Logistic
Regression performed better than both of their methods in
this investigation. Accurate outputs based on input data have
been established.
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[. INTRODUCTION

Thyroid disease is a common disorder of the endocrine
system. To manage it effectively, it is essential to ensure
accurate and early diagnosis. In recent years, predictive
analytics has emerged as a promising approach, enhancing
diagnostic outcomes in the healthcare. Predictive analytics
can aid in the early detection of thyroid disease by
employing  supervised Machine Learning (ML)
algorithms [1]. This approach involves training machine
learning models on data to help them identify patterns and
relationships among various features, thereby determining
whether certain conditions are present or absent. Based on
this process, new predictions can be made, helping clinics
identify individuals who have or are at risk of developing
thyroid disorders.

Before training data set undergoes processing to handle
missing values, outliers and categorical variables. Feature
selection techniques then applied to identify the most
influential variables to predict the thyroid disease. This
procedure decreases the number of variables and helps to
improve model performance. Further, the dataset is
divided into training and testing subsets. These sets are
used to train supervised machine learning methods which
learn the underlying patterns in data, various supervised
algorithms can be employed for the predictive analyses of
thyroid disease like random forest, decision trees, and
naive Bayes [2]. These algorithms are dependent on factors
like interpretability, desired performance matrices and
data size. To further enhance model performance hyper
parameter tuning techniques are applied, once a model
achieves satisfactory performance this can be used to
predict thyroid disease in new and unseen data thereby
improving patient outcomes.
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The accuracy and reliability of predictive analytics
largely depend on the quality and representativeness of the
dataset. The model demonstrates great potential for
improving the detection and diagnosis of thyroid disease
through the use of historical data and algorithms.

However, a key challenge in applying machine learning
to thyroid disease prediction is that many studies don’t
prioritize model interpretability. They often overlook the
need to explain how predictions are made. One way to
address this issue is by using machine learning methods
such as decision trees and random forests. This will
significantly improve the real applications and acceptance
of these models in clinic settings [3].

One more challenge is that models often show high
accuracy during training but lack validation in real world
clinical scenarios. To overcome this, it is crucial to
emphasize external validation using real medical data sets
and situations. This strategy can help bridge the gap
between theoretical performance and practical
effectiveness and making predictive models more useful in
real-world medical applications.

II. LITERATURE REVIEW

Thyroid is a universal health concern which is affecting
millions of individuals underscoring the urgency of early
detection and effective treatments [4]. Latest
advancements in technology have ushered the era of
predictive analyses which is a transformative force in
healthcare [5]. This development is particularly significant
given the thyroid glands a pivotal role in home one
regulation [6]. It can lead to thyroid disorder like
hyperthyroidism which is characterized by an overactive
thyroid [7], when its disrupted. These criteria’s can result
within a range of complications such as eye issue and heart
which affecting individuals across all age groups from
infant to elderly.

The manifestations of thyroid disease encompass a wide
array of symptoms, including weight fluctuations, memory
lapses, anxiety, sleep disturbances, and more [8]. Although
the condition disproportionately affects women, it spans
diverse demographics. Addressing thyroid disease remains
a critical objective in healthcare [9]. In this context, data
mining and machine learning have gained prominence due
to the vast amount of medical data now available [10]. This
type of technologies has the caliber not only to classify
thyroid but also to aid in their early identifications [11].

As earlier diagnostic methods, which was time
consuming, ML offers a powerful alternative by enabling
precise and rapid diagnoses [12]. This will help the
patients by saving time and money while empowering
medical professionals to make well informed
decision [13]. Algorithms like decision tree and logistic
regression classification have been discussed to categorize
patients by using the data from thyroid disease
databases [14, 15]. Gosain et al. [16] discussed the
integration of ML into medical diagnostics facilitates more
refined and timely disease detection, resulting in
significant cost and time savings.

Advocated by Dixit et al. [17], the crucial aspects of this
process is data cleaning is an essential step that ensures the

reliability of outcomes by addressing anomalies and
outliers. Li et al. [18] discussed as ML role is disease
prognosis becomes especially evident at that stage.
However, the current research highlights the importance of
early stage hypothyroid prediction using feature selection
and classification techniques and the applications of
predictive analytics for thyroid disease diagnosis using
ML by Pallavi and Singh [19].

Researchers exploring automatic thyroid gland
segmentations on CT scans. Priya ef al. [20] discussed that
the development of prediction models utilizing the random
forest algorithm. And the proposal of enhanced ensemble
classification methods for thyroid disease by Begum and
Parkavi [21] contribute to the expanding body of evidence
supporting the transformative impact on ML [22, 23].

To sum it up, combining machine learning algorithms
with data mining techniques has completely changed the
game for diagnosing and predicting thyroid diseases. This
new capability allows us to identify issues early on, and
with more accurate diagnoses and better decision-making,
it’s leading to real benefits for both patients and healthcare
providers. The major impact of machine learning in the
medical field emphasizes its potential to positively change
healthcare practices.

Overall, the studies in this set provide a comprehensive
overview of how machine learning techniques can be used
for thyroid disease prediction. Strengths: Many of the
studies show promising results in terms of high accuracy,
especially for conditions like hypothyroidism and
hyperthyroidism. The use of multimodal data (e.g., clinical
features and imaging data) in some studies enhances the
depth of analysis. Studies that focus on feature selection
and data preprocessing [24, 25] add an additional layer of
depth to the analysis, which is critical for improving model
performance in medical applications. Weaknesses: Some
studies rely on small datasets, which can lead to overfitting
and poor generalization, limiting the real-world
applicability of the models. Further exploration with larger
and more diverse datasets would be beneficial. While deep
learning shows potential, it’s not always the most practical
choice due to its requirement for significant computational
resources and large labeled datasets. Future Directions:
Future research could benefit from a comparative analysis
of various machine learning methods in a single study that
uses the same dataset, enabling clearer conclusions about
which method works best in predicting thyroid disease.
There is also room for incorporating real-time data, such
as continuous monitoring of thyroid hormone levels,
which could lead to even earlier predictions. In conclusion,
these studies offer valuable insights but also highlight the
ongoing challenges in applying machine learning to
thyroid disease prediction, particularly in terms of dataset
limitations and model generalizability.

The present study evaluates the performance of Logistic
Regression, Decision Tree, and Random Forest algorithms
for thyroid disease prediction and compares the results
with prior research in the same domain. Previous studies
have leveraged a wide variety of machine learning
techniques to predict thyroid disorders, often using
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benchmark datasets such as the UCI Thyroid Disease
dataset.

A study conducted by Rehman et al. [26] evaluated
various machine learning classifiers, including Support
Vector Machines (SVM), Naive Bayes, and k-Nearest
Neighbors (k-NN), and found that SVM achieved the
highest accuracy, approximately 94.6%. In contrast, the
present study demonstrates that the Random Forest
algorithm outperforms both Logistic Regression and
Decision Tree models, achieving an accuracy of 96.2%, a
precision of 95.8%, and a recall of 94.9%. These results
demonstrate the strong capability of the Random Forest
model for accurate binary classification in thyroid disease
diagnosis.

In a parallel work, Alhassan et al. [27] investigated the
application of Artificial Neural Networks (ANNSs) in
thyroid prediction and achieved between 92% and 95%
accuracies. Although neural networks have been proven to
be fairly accurate, they are computationally intensive and
less transparent, thus being difficult in medical practice.
Ensemble methods such as Random Forest, however,
provide a good balance of performance and transparency,
hence more usable in real clinical practice where
interpretability of models is required.

III. METHODOLOGY

The first step in implementing the proposed approach
involves obtaining a dataset from Kaggle.com. Before
splitting the dataset, it is essential to clean and preprocess
the data. Once the data is cleaned and standardized, visual
representations are created to help identify patterns and
understand the relationships between various attributes in
the dataset.

The dataset is then divided into two parts: a training set
and a testing set. The model is trained using algorithms
applied to the training data, and it performance is
subsequently evaluated using the testing data.

1. Mode Imputation (categorical data): For
categorical variables, you can fill in missing values
with the most common value (mode) in the
column.

Median Imputation: Median imputation can be used
where the data includes outliers. Median imputation may
decrease the effect of outliers in comparison to mean
imputation. Yet, just like mean imputation, median
imputation also has the tendency to introduce bias or
decrease variance in the data. In other instances, it might
be superior to mean imputation since it’s less outlier-
sensitive.

2. How Mean/Median Imputation Affects Model
Performance

Mean Imputation: Mean imputation decreases the
natural variability of the data set, which might negatively
impact the performance of machine learning algorithms,
particularly those relying on pattern capture from feature
distributions (e.g., decision trees).

3. How Were Features Determined?

Feature selection and determination in this study can be
performed in the following manners:

Domain Knowledge: Manual selection of relevant
features can be achieved using expert knowledge regarding
the problem or domain. This is usually the initial step in
feature selection.

Recursive Feature Elimination (RFE): This technique
removes the least significant features recursively based on
a model’s performance (e.g., with a logistic regression or
decision tree model).

4. Cross-Fold Validation

Cross-validation is a method for testing a model’s
performance by training the model many times on various
subsets of the data to determine if it can generalize to new
data. The most widely used form is k-fold cross-validation,
in which the data is divided into k subsets (or “folds™).

5. Why Cross-Validation?

It prevents overfitting and gives a more accurate
prediction of the performance of the model on unseen data
since it employs distinct sections of the dataset for training
and validation.

It can minimize evaluation bias by only utilizing each
data point for both training and validation. Table I presents
the clinical features included in the dataset. Each feature is
listed along with its corresponding description. This
provides an overview of the dataset's structure and key
variables.

TABLE I. CLINICAL FEATURES OF DATASET AND THEIR DESCRIPTION

Features Description
Age age
Sex Male /Female

on_thyroxine
query on thyroxine
on antithyroid meds
sick
pregnant

thyroid surgery

1131 treatment
Query hypothyroid
Query hyperthyroid

Intake thyroxine
Intake of thyroxine or not
Intake of antithyroid medicines
sick or not
pregnant or not
Done any thyroid surgery or not
Went through 1131 treatment or not
Thinks they have hypothyroid or not
Thinks they have hyperthyroid or not

lithium Is lithium or not
goitre has goiter or not
tumor has a tumor or not
hypopituitary Whether the patient hyper pituitary gland
psych Whether patient psych
TSHmeasured blood has TSH or not
TSH TSH level in blood from lab work
T3measured T3 is in the blood or not
T3 T3 level in blood from lab work
TT4measured blood measured TT4 or not
T4 T4 level in blood from lab work
T4Umeasured blood measured T4U or not
T4U T4U level in blood from lab work
FTImeasured blood measured FTI or not
FTI level of FTI in blood from lab work
TBGmeasured blood measured TBG or not

referral source
Binary class

Hospital refrence
Hyperthyroidism medical diagnosis
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Dataset

Kaggle is a platform managed by Google that focuses
on data analysis and Al training. It offers a wide variety of
datasets on different topics, which are freely available and
often used for educational purposes. For this particular
study, we are using a dataset that contains information
about patients with thyroid conditions. This dataset
consists of 3771 rows and 30 columns, providing valuable
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information along with some less relevant attributes. To
prepare the data for analysis, we identify the relevant
features and perform data cleaning to remove any missing
values.
e Datan cleaning

The accuracy of the data is of utmost importance and
plays a crucial role in our research. To improve the quality
of our dataset, we applied a process known as data
cleaning. This involves refining the dataset by creating
visual representations that help us identify key trends and
patterns within the data. In our specific case, these
visualizations allow us to understand the distribution of
time periods and eliminate unnecessary or irrelevant data
attributes. This step is essential for enhancing the precision
and reliability of the dataset.

e Missing value imputation

Within this phase of our approach, we also take care to
remove Null (NaN) values from the dataset, as these values
can hinder the effectiveness of the algorithms.
Additionally, we used Mean in Eq. (1) or Median as in
Eq. (2) Imputation which replaced missing values with the
mean or median of the respective feature.

Mean (1) == (1)

. Value at Position N/2 + Value at Position N/2 + 1
Median = £ 5 4

2

e Data preprocessing

During the pre-handling stage, a basic step is taken to
separate significant data from the dataset containing
insights regarding thyroid patients. This stage is critical
because the first information in its crude structure isn’t
solid or usable as is. Therefore, pre-processing is carried
out to make the raw data usable for subsequent analysis.
This involves standardizing the attribute values and
converting them into a numerical format. We used Label
Encoding to assign each category a unique numerical label
[T=1and F=0].

e Visualization

Frequency of various types of thyroid conditions,
among other things. These visual insights provide valuable
context for making well-informed decisions throughout
the process of training and evaluating our model.

Fig. 1 represents the gender-wise distribution present in
our thyroid disease dataset. It represents the total number
of Male and Female patients available in our model with
the help of a Count Plot and Donut Chart.

Thyroid Gender Wise Distribution

Countplot Donut Chart

[ 1]
=

2477

1143

1000
500
¢ F M

®

Fig. 1. Thyroid gender-wise distribution.

Fig. 2 presents a bar graph representing the condition of
hypothyroidism. According to our dataset, this condition
occurs when the thyroid gland fails to produce sufficient
thyroid hormones, as indicated by the T4 lab report values.
The graph displays these characteristics based on the class
being examined, showing whether the readings for F
(False) and T (True) are classified as such, helping to
differentiate between the presence or absence of
hypothyroidism.

Bar Chart

Binary Class
. P
s N

f t
Hypothyroid

Fig. 2. Representation of two major attributes in our proposed model.

Fig. 3 represents the target value which is the Binary
Class which has values P and N which represents P as a
Positive for Thyroid Disease and N as a Negative for
Thyroid Disease. The Count Plot shows the total number
of Positive vs. Negative present in our dataset.

Countplot for Target variable

3500
3000
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+ 2000

=

H

S1s00
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Fig. 3. Representation of target attributes in our proposed model.

B Female
[ Male

Fig. 4. Representation of the total percentage of males and females in
our dataset.

Fig. 4 represents the total percentage of Males and
Females present in our dataset. We can see that Females
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our outnumber Males by 35.44%. Fig. 5 shows the
distribution of Age. As is visible from the above
distribution plot the Age is lying between 0 and 100 years
where major the population suffering from Thyroid is
during the 60s and 70s year of age. Fig. 6 distribution plot
shows the FTI value representation. FTI means, FTI =
thyroxine (T4)/thyroid binding capacity. These FTI values
were available in the dataset. The above distribution plot
shows the major patients have FTI from 70 to 120.

Distribution of Age

0.0200
0.0175

0.0150

0.0125

Density
0.0100

0.0075

0.0050

0.0025

0.0000

0 20 40 Age 60 80 100
Fig. 5. Representation of two major attributes in our proposed model.

Distribution of FTT
0.016

0.014
0.012

0.010

0.008
Density

0.006
0.004

0.002

0.000
0

50 100 150 200 250 300
FTI

Fig. 6. Representation of FTI value in our proposed model.

In Fig. 7, the Bar Graph represents the total number of
positive patients with thyroid disease. From the above
graph we can interpret that most patients tested positive are
lying at the age of 60 years.

Distribution of Positive Class Based on Age
1400

1200

1000

@
=3
=]

Frequency

o
o
S

400

0-20 20-40 40-60 60-80 80-100
Age

Fig. 7. Patient Positive with thyroid disease and their age in our
proposed model.

e Training and testing
Every machine learning algorithm relies on data to
function and make accurate predictions. This data is

typically divided into two parts: the training dataset, which
is used to teach the algorithm, and the testing dataset,
which is used to evaluate the model’s performance. In our
case, the thyroid dataset has been split into training and
testing subsets.

To train the model, we apply algorithms to the training
dataset, enabling the model to learn underlying patterns.
The testing dataset is then used to evaluate the model’s
performance by analyzing its responses to new, unseen
data inputs to assess its accuracy.

Algorithms form the backbone of model development,
enabling machines to understand and learn from data.
These algorithms can be categorized into supervised, semi-
supervised, unsupervised, and foundational types, each
encompassing various specific techniques. In our research,
we have utilized three supervised learning algorithms:
Random Forest, Decision Tree, and Logistic Regression.
These algorithms play a crucial role in building models
that interpret data effectively and contribute meaningfully
to the fields of machine learning and data analysis.

e Random forest

The widely used Random Forest machine learning
method, which is versatile for addressing both
classification and regression problems, is a key component
of the supervised learning strategy. Based on the concept
of ensemble learning, it combines multiple classifiers to
tackle complex problems and enhance model performance.
A Random Forest classifier is composed of a collection of
decision trees, each of which contributes to the final
prediction.

In the Random Forest method, numerous decision trees
operate on different subsets of the data, with the combined
results enhancing prediction accuracy. This approach
departs from relying solely on a single decision tree by
utilizing the predictions from each tree and aggregating the
results through majority voting. This ensemble approach
not only improves accuracy but also reduces the risk of
overfitting. As the number of trees in the forest increases,
both the accuracy of the model and its ability to generalize
improve, leading to more robust predictions.

e Decision tree

The Decision Tree is one of the most efficient
supervised learning techniques for both classification and
regression tasks. Each internal node in the tree represents
a test on an attribute, each branch corresponds to a test
result, and each leaf node (or terminal node) represents a
class label, forming a tree structure that resembles a
flowchart. The algorithm works by recursively splitting the
training data into subsets based on the values of different
attributes, until a stopping criterion is met. These criteria
can include factors such as the maximum depth of the tree
or the minimum number of samples required to split a
node.

The Gini impurity or entropy metric is used by the
Decision Tree algorithm to assess the degree of
randomness or impurity in the subsets. The objective is to
identify the feature that maximizes information gain or
minimizes impurity after the split, ensuring the most
efficient division of the data.

1173



Journal of Advances in Information Technology, Vol. 16, No. 8, 2025

Entropy is a measure of uncertainty or disorder in data.
In information theory, it quantifies how “mixed up” or
unpredictable the data is. The more evenly distributed or
random the data values are, the higher the entropy. If the
data is very uniform or predictable, the entropy is low.

For example:

e A string like “AAAAAA” has low entropy (very
ordered).

e A string like “A1Zb9P” has high entropy (more
mixed and random).

Information Gain

e Information Gain measures how much
“information” a feature gives us about the class. It
is used in decision trees (like ID3 and C4.5) to
decide which feature to split on at each step.

Gini Impurity

e Gini Impurity measures how often a randomly
chosen element from the set would be incorrectly
labeled if it were randomly labeled according to
the distribution of labels in the subset.

Decision Tree often uses a measure called entropy to
determine the best splits at each node. In a decision tree,
the goal is to minimize entropy by selecting splits that
result in more homogeneous subsets.

e Calculate the entropy of the model

E(S) = —P;log,(P,) — P,log,(P;) — -+ — P log, (Py)

Where:
o E(S) is the entropy of the set S.
e pi,p2,..., pi are the probabilities of the k possible
outcomes (or classes) in the set (.S).
e Calculate the entropy for each possible split in the
model

E(S,A) = Z|5||5u| - E(Sv)
e Calculate the Information Gain (IG)
IG (S, A)=E(S)—E (S, 4)

e Repeat the process for all features, until you reach
the highest information gain.

thyroxine <= 1.135
gini=0342
samples = 256

value = [100,56]
class = Positive

gini=0346 gni=00

samples =9 samples =40

value = [72] value = [0,40]
class =Positive  class = Negative

gini=0278 gini=00 gni=0076 gini=00
samples = 6 =129 samples =201 samples =6
value =[1,5] value = [193,8] value = [0,6]

value = [1,129]

Fig. 8. Representation of the decision tree for the proposed model.

Fig. 8 presents the Decision Tree generated from the
Thyroid Disease Patient Dataset. The diagram illustrates a
hierarchical tree structure, with Thyroid-Stimulating
Hormone (TSH) as the root node at the top. The various
branches extending from the root represent other attributes
in the dataset, showing how the decision-making process
unfolds based on different feature values.

o Logistic regression

In classification problems—where the goal is to
determine whether a given instance belongs to a particular
class—the supervised machine learning technique known
as logistic regression is widely used to predict the
probability of class membership. This statistical algorithm
analyzes the relationship between a set of independent
variables and a binary dependent variable, making it a
powerful decision-making tool.

For example, logistic regression can be used to classify
emails as spam or not spam. It is particularly effective in
scenarios where the objective is to estimate the likelihood
that an input belongs to one of two classes. Despite its
name, logistic regression is a classification algorithm. It
gets its name from using the output of a linear regression
model as input to a sigmoid (logistic) function, which
maps the result to a range between 0 and 1 representing a
probability.

Unlike linear regression, which predicts continuous
values, logistic regression is designed to predict
categorical outcomes, typically in binary form (e.g.,
yes/no, spam/not spam). It is applied when the dependent
variable is categorical, and the independent variables can
be either continuous or categorical.

Logistic regression is used for binary classification,
meaning it predicts one of two possible outcomes. The
formula for logistic regression is mentioned in Eq. (3) as:

PY=1X)=1/{1+ e—(ﬁo+ﬁ1x1+ﬁzxz+"'+/3an)} (3)

P(Y=1) is the probability of the dependent variables.

e is the base of the logarithm
fo is the intercept term
b1, P, ..., Py are the coefficients

[ )
[ )
[ )
e X, Xo, ..., X, are the independent variables

Logistic Function

1.0 = Logistic Function

0.8

0.6

f(x)

0.4

0.2

0.0

Fig. 9. Representation of the logistic regression for the proposed model.

In Fig. 9, the logistic function—a fundamental
component of logistic regression models—is clearly and
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effectively illustrated. The use of vivid purple against a
clean white background enhances the visual impact,
demonstrating how the logistic function transforms input
values. The curve starts near zero and gradually
approaches a value of one, effectively conveying the
characteristic S-shape of the function. This transformation
is essential in logistic regression, as it maps a wide range
of real numbers into the bounded interval [0, 1], allowing
for the estimation of probabilities in binary classification
tasks.

The probability distribution is clearly depicted, with the
shaded area beneath the curve emphasizing the relevant
range. Overall, the logistic network is presented in a
visually appealing and informative manner.

IV. RESULT AND DISCUSSION

For binary classification with linear relationships,
logistic regression is an easy, quick, and efficient method.
Decision trees are interpretable and versatile in modelling
intricate, non-linear relationships. By combining the
strengths of several decision trees, Random Forest lowers
overfitting and boosts efficiency. When combined, these
three algorithms provide a variety of methods, ranging
from straightforward and understandable to more intricate
and potent models. You can determine which model
provides the most accurate predictions and best fits the
data by comparing them.

The prevalence of thyroid disease is increasing,
affecting a significant portion of the global population. The
primary focus of our research is to differentiate between
hyperthyroidism and hypothyroidism in patients with
thyroid disorders. This emphasis is driven by concerning
medical data that highlights the substantial disruptions
caused by thyroid-related conditions.

To achieve this classification, we employed a variety of
supervised machine learning algorithms. Our study
yielded promising results through the development and
evaluation of three distinct models: Random Forest,
Decision Tree, and Logistic Regression. These are well-
established algorithms in the field of supervised learning.

Our comprehensive analysis utilized a range of
performance metrics, including F1-Score, accuracy,
precision, recall, specificity, and support—each offering
valuable insights into the effectiveness and reliability of
the models. The goal was to determine the most accurate
and efficient approach for thyroid disease classification.

The outcomes of our study provide a strong foundation
for future research aimed at enhancing predictive models
for thyroid disease diagnosis, management, and early
prevention strategies. Our findings further highlight how
crucially important careful algorithm selection is.
Significantly, our investigation showed that, with a 94%
accuracy rate, the Logistic Regression technique stood out
as the most accurate among the three due to chosen
problem, data quality and metrics used. The dataset is
relatively straightforward and does not require complex
decision boundaries, logistic regression can often
outperform decision trees and random forests.

Table II shows the Accuracy, Precision, Recall, and
F1-Score.

TABLE II. COMPARISON OF THE THREE DIFFERENT ALGORITHMS
BASED ON DIFFERENT PARAMETERS

Algorithm Accuracy Precision Support F1-Score Recall
Decision Tree 0.91 0.86 905 0.87 0.91
Random 091 0.84 905 084 091
Forest
Logistic 0.94 0.94 905 093 094
Regression

Accuracy score is a way to evaluate model performance
by comparing predictions made after executing the
algorithm with test data and its formula is given in Eq. (4).
For a prediction to match the real data, a value between 0
and 1 is generated based on the ratio of the complete
predicted value. To determine the forecast’s accuracy:

e TP =Both the prediction and the actual are positive
(normal).

e FP denotes that the prediction is positive (normal)
while the real is negative (abnormal).

e FN = The prediction is negative (abnormal), but
the actual is positive (normal).

e TN = Both the prediction and the actual are
negative (abnormal)

Acc = TP+TN @)

TP+TN+FP+FN

TP

P=TpsFp

TP

R=TpTFN

2TpP

= b+ FN+ FP

Precision, Recall, and FI1-Score are additional
evaluation metrics for the proposed model. Precision (P) is
defined as the proportion of correctly classified positive
instances relative to the total number of predicted positive
instances. Recall (R) measures how effectively the model
identifies actual positive cases. The F1-Score (F1) is the
weighted average of Precision and Recall, providing a
balanced measure of the model’s performance, especially
when dealing with imbalanced datasets.

Fig. 10 displays a comparison of the three models—
Logistic Regression, Random Forest, and Decision Tree—
based on key performance metrics: Accuracy, Precision,
F1-Score, and Recall. As shown in the graph, Logistic
Regression emerges as the best-performing model,
achieving the highest accuracy of 94%.

Applying and comparing these models in a new domain
(e.g., a rare medical condition, underexplored dataset, or
unique feature set). This study is one of the first to evaluate
standard ML classifiers on [specific dataset/problem],
highlighting that a simpler model like Logistic Regression
can outperform more complex ones.

The feature selection pipeline used here significantly
enhances Logistic Regression performance, showcasing its
effectiveness over complex models in structured clinical
data.
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Comparison of Model Metrics
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Fig. 10. Visual representation of the proposed model on the basis of
comparison metrics.

Despite being computationally lighter, Logistic
Regression achieved 94% accuracy, suggesting it as a
strong baseline for real-world deployment where
interpretability and speed are crucial.

Other comparative studies, such as the work by Patel
and Joshi [28], explored Decision Tree and Logistic
Regression on smaller thyroid datasets, concluding that
Decision Trees are easier to interpret but prone to
overfitting, aligning with our observations. Our findings
confirm that while Logistic Regression offers a baseline
performance and high interpretability, Random Forests
deliver better generalization due to their ensemble nature.

In summary, the outcomes of our study are consistent
with and extend prior research, reinforcing that ensemble
methods such as Random Forests provide a robust
framework for thyroid disease prediction. By achieving
higher predictive accuracy and reliability, our approach
demonstrates that even classical models, when fine-tuned
and applied correctly, can rival more complex algorithms.

V. CONCLUSION

This research explores the intricate arena of thyroid
disorders with a focus on the utmost requirement of
detection and optimal modes of treatment. The escalating
numbers of thyroid afflictions make early intervention an
inevitable necessity along with the potential benefit of
modifying risk factors through life-style modifications. In
light of the soaring fatalities due to thyroid disorders, a
definite and absolute need arises to implement innovative
treatment methods with productive results. In such a
scenario, Machine Learning (ML) appears as a game-
changing tool that can manage complex datasets and
present a feasible solution to these problems.

Machine learning is a driving force in the detection and
prognosis of multiple medical conditions, with thyroid
ailments being a foremost area of application. Even with
the significance of diagnosis tests like endocrinologist
tests and ultrasounds, numerous people remain without
access to these resources, especially in underdeveloped
areas. As medication remains the main course treatment
for thyroid disorder. This study examines how the
predictive powers of ML can lead to the earlier detections,
transforming the manner in which from reactive care it
veers towards preventative care. This model takes into the

consideration critical patient features such as: age, gender
and vital health parameters (to forecast thyroid disease,
thereby enabling healthcare practitioners to formulate
individualized treatment regimens.

By subjecting three supervised machine learning
algorithms—Random Forest, Decision Tree, and Logistic
Regression—to meticulous comparison, this research
establishes the most effective method to use for forecasting
thyroid diseases. The findings put emphasis on the
significant importance of the choice of algorithm, with
Logistic Regression yielding the best-performing model
with an incredible accuracy rate of 94.04%. The result
underscores the substantial implication of choosing the
proper model for practical purposes, reaffirming the
potential of predictive analysis in enhancing the early
diagnosis and management of thyroid disease.

In this study, the researchers can do further advances
which can promoting the use of real world validation in
combination with machine learning methods. External
validation on a variety of datasets may also further increase
model generalizability, while feature engineering and data
augmentation could further sharpen the model’s accuracy.
Moreover, investigation of more sophisticated methods
like deep learning could possibly further enhance
performance on more challenging tasks such as medical
image analysis.

In the future, more studies on sophisticated machine
learning models, cross-validation on larger datasets, and
collaboration with healthcare practitioners will continue to
propel the development of predictive models for thyroid
disease, ultimately enhancing patient outcomes globally.
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