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Abstract: - Thyroid disease refers to disorders affecting the thyroid gland’s hormone production, leading to imbalances that can cause major
health issues like heart disease, stroke, and infertility if timely treatment is not received. Early diagnosis and treatment of thyroid disease are
important to prevent complications. To categorize patients as having normal thyroid function, hyperthyroidism, or hypothyroidism, multiple
machine learning models such as SVM, Decision Tree Classifier, Random Forest Classifier, XGBoost, and Light Gradient Boosting
(LGBM) are used. Thyroid hormone levels and other clinical data from patient records will be used to train the algorithms. A range of
machine learning approaches such as feature selection, preprocessing, handling unbalanced data, modeling, and assessment are applied and
models are fine-tuned with hyperparameters. Random Forest Classifier has produced the highest classification accuracy, precision, recall,
and fl-score of 99.39\%. The important knowledge gathered from this study may be used to create a thorough foundation for machine-
learning systems that anticipate thyroid diseases.
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1. Introduction

Thyroid diseases represent a significant global health burden, affecting millions worldwide. The thyroid gland, a
small butterfly-shaped organ located in the anterior portion of the neck, plays a crucial role in regulating
metabolism, body temperature, and heart rate through the secretion of thyroid hormones, namely thyroxin (T4)

and triiodothyronine (T3) [1] . The spectrum of thyroid disorders encompasses conditions such as
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hypothyroidism, where there is insufficient hormone production, hyperthyroidism, characterized by excessive
hormone release, and other structural and functional abnormalities including goiter, nodules, and cancer [2]. The
prevalence of thyroid diseases varies geographically and demographically, yet they predominantly affect women
more than men, impacting various aspects of reproductive health and general well-being [3]. The diversity and
subtlety of thyroid disease symptoms often lead to misdiagnosis or late diagnosis, thereby complicating
treatment and management [4]. Therefore, early and accurate diagnosis is crucial for effective disease

management and prevention of complications.

In recent years, the intersection of medical research and technology, particularly the application of Machine
Learning (ML) and Atrtificial Intelligence (Al), has shown promising advances in the field of thyroid disease
diagnosis and prediction [5]. Traditional diagnostic methods rely heavily on biochemical assays and clinical
assessments, which, while effective, come with limitations in terms of scalability, speed, and sometimes
accuracy, particularly in borderline cases [2]. ML algorithms offer an alternative by analyzing complex and
multifaceted data, enabling the identification of patterns not immediately apparent to human observers. The
incorporation of ML in thyroid disease diagnosis primarily revolves around two areas: classification and
prediction. Classification involves categorizing thyroid conditions based on a set of predefined classes, which is
vital for determining the appropriate treatment pathway. Prediction, on the other hand, involves forecasting the

likelihood of disease development or progression, thereby facilitating early intervention strategies [6].

Several challenges hinder the effective implementation of ML in the diagnosis and prediction of thyroid
diseases. One major challenge is the quality and quantity of available data. Thyroid disease datasets often suffer
from imbalances, where certain conditions are underrepresented, leading to biased model predictions [4].
Additionally, the heterogeneity of symptoms and overlap between different thyroid conditions complicates the
feature selection process, which is critical for building accurate ML models [5]. To address these issues,
researchers have employed various ML algorithms and feature selection techniques. Algorithms such as
Random Forests (RF), Support Vector Machines (SVM), and Gradient Boosting Machines (GBM) have been
utilized for their ability to handle non-linear relationships and interaction effects among variables [4]. Feature
selection methods like Recursive Feature Elimination (RFE), Least Absolute Shrinkage and Selection Operator
(LASSO), and the Boruta algorithm help in identifying the most significant predictors of thyroid disease,
thereby improving model performance and interpretability [6].

The integration of ML in thyroid health extends beyond diagnosis and prediction to include monitoring and
treatment optimization. ML models can analyze continuous data streams from wearable devices to monitor
thyroid hormone levels and other physiological parameters in real-time, offering personalized treatment
adjustments and early warning signs of disease exacerbation [5]. Despite the advancements, the deployment of
ML in clinical settings faces several hurdles. The interpretability of ML models, also known as the 'black box'
problem, remains a significant concern. Healthcare professionals require transparent and explainable models to
trust and effectively utilize ML-based recommendations [6]. Additionally, data privacy and ethical
considerations regarding patient information pose further challenges in the widespread adoption of Al-driven
healthcare solutions [3]. Looking forward, the future of thyroid disease management lies in the successful
integration of Al and ML into clinical practice. This integration demands collaborative efforts among computer

scientists, bioinformatics specialists, endocrinologists, and policymakers to ensure the development of ethical,
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transparent, and effective Al solutions [1]. Moreover, there is a need for large-scale, multi-centric studies to
validate the efficacy and safety of ML algorithms in diverse populations and settings [2]. Following are the core

contributions of this study:

e As a pre-processing task, methods like SMOTE and SelectKBest are applied to handle
imbalanced data and feature selection respectively.

e Five machine learning learning and ensemble learning techniques are used to automatically
classify the thyroid conditions.

e Performance comparison and detail analysis has been carried out to evaluate the models.
2. Related Work

[23] This research focuses on improving hypothyroidism diagnosis through the enhancement of machine
learning algorithms in computer-aided diagnostic systems. Ensemble methods applied to medical datasets
demonstrated effectiveness by achieving 84.72% accuracy in diagnosis with an SVM classifier, indicating
potential benefits for health outcomes. The study recommends expanding the dataset and exploring advanced
models like deep learning to further improve the accuracy and integration of data mining techniques in
healthcare diagnostics. [24] The study explores the use of Bayesian network frameworks in machine learning to
enhance the diagnosis of thyroid diseases by incorporating expert knowledge, showing improved classification
accuracy. Bayesian networks are highlighted as superior to traditional methods, effectively integrating prior
expertise to understand thyroid disease classification more deeply. The authors advocate for expanding machine
learning applications in clinical settings for better diagnosis and treatment planning, and suggest further research

into complex gene interactions for deeper medical insights.

[25] The study assesses various machine learning algorithms like decision trees, random forests, KNN, and
neural networks for classifying thyroid diseases, finding the random forest algorithm to be most effective with
94.8% accuracy. It emphasizes the potential of the random forest algorithm in enhancing thyroid disease
diagnostics and reducing the workload on radiologists through automated detection of thyroid nodules in
ultrasound images. Future research directions include extending these findings to broader medical applications
and potentially integrating neuro-fuzzy systems to further improve diagnostic precision and efficiency in
medical informatics. [26] The research introduces a machine learning model using the XGBoost algorithm to
diagnose thyroid conditions with a 99% accuracy rate, achieved by optimizing feature selection and
hyperparameters. XGBoost outperforms other models in thyroid disease classification by effectively managing
raw datasets, focusing on fine-tuning settings like learning rate and reg_lambda to address imbalances. The
study sees significant potential in integrating this Al-driven diagnostic tool into broader healthcare systems,
including the Internet of Medical Things (IoMT), with future work aimed at enhancing data generalization and

diagnostic precision.

[27] The study assesses multiple machine learning models' ability to predict thyroid disease using the
Featurewiz feature selection library, comparing performance with and without feature selection. The dataset,
consisting of Australian thyroid patient records, indicates that tree-based ensemble models like Random Forest

and XGBoost excel, with Random Forest reaching an accuracy of 99.45% after using Featurewiz. Results
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emphasize Featurewiz's role in boosting model accuracy by identifying key features, suggesting that ensemble
models with feature selection are particularly effective in predicting thyroid disease. [28] The study investigates
multi-class classification for thyroid disease diagnostics, evaluating four feature selection techniques to enhance
disease prediction for conditions like Hashimoto's thyroiditis. Using extra tree classifiers in conjunction with a
random forest classifier proved most effective, achieving an accuracy and F1 score of 0.99, demonstrating
superiority in both accuracy and computational efficiency over deep learning models. The research advances
medical informatics by offering a highly accurate and efficient method for thyroid disease classification and

suggests further technological advancements to improve healthcare outcomes.

[29] The study uses machine learning to classify thyroid diseases and identify key risk factors, utilizing a dataset
from the University of California Irvine and addressing class imbalance with SMOTE and robust scaling. It tests
six ML classifiers including SVM, AdaBoost, and Random Forest, with Random Forest achieving the highest
accuracy of 99% after employing feature selection techniques like Boruta, RFE, and LASSO. This research
highlights the potential of machine learning in thyroid diagnostics, revealing significant risk factors and
suggesting further research to refine these models and enhance diagnostic accuracy. [30] The study introduces a
novel machine learning approach to improve thyroid disease diagnosis by addressing class imbalance through
the integration of differential evolution (DE) for hyperparameter optimization and CTGAN for data
augmentation. An optimized AdaBoost model, using DE, achieved a high accuracy of 0.998, illustrating the
effectiveness of combining optimization and data augmentation to enhance disease classification across ten
thyroid conditions. This method significantly advances thyroid diagnostics and underscores the potential of
machine learning and optimization techniques in medical informatics, suggesting a promising direction for

future research in enhancing diagnostic models for various medical conditions.

[31] The study investigates the use of machine learning algorithms to predict hypothyroidism and
hyperthyroidism, highlighting the Random Forest model's superior performance with an accuracy of 91.42%
after thorough preprocessing and feature selection. It integrates explainable artificial intelligence (XAIl) to
elucidate how different features impact disease prediction, enhancing understanding and transparency in medical
diagnostics. By combining feature selection with XAl, this approach not only improves the early diagnosis and
treatment of thyroid disorders but also advances healthcare informatics by increasing diagnostic precision and
reliability. [32] The research employs machine learning to enhance early detection of thyroid disease, analyzing
data from the UCI repository using models such as K-NN, DT, and MLP, with MLP outperforming others by
achieving 95.73% accuracy. It utilizes correlation matrices for feature selection across 3163 instances and 24
features, effectively preventing overfitting by excluding highly correlated features. Demonstrating the
effectiveness of MLP, the study highlights the significant potential of machine learning in improving early

diagnosis and patient outcomes in medical diagnostics and computational biology.

[33] This study explores the use of machine learning and deep learning, specifically Dense Neural Networks
(DNN), to improve the diagnosis of various thyroid conditions using data from the UCI repository. The DNN
model achieved impressive accuracies of 99.45% on training data and 99.15% on testing data, demonstrating its

effectiveness in accurately predicting thyroid diseases. Highlighting the potential of deep learning, the research
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suggests further development and integration of Al technologies in healthcare diagnostics, aiming to create more
reliable and efficient tools for thyroid condition diagnostics. [34] The study develops the Opti-LightGBM
model, which combines Light Gradient Boosting Machine (LightGBM) with Sequential Backward Selection and
Whale Optimization, achieving a remarkable accuracy of 99.75% in diagnosing thyroid diseases. This model
utilizes the efficient LightGBM framework and the novel Whale Optimization method, inspired by humpback
whale hunting behaviors, to optimize feature weights and enhance detection accuracy. The research showcases
the model's potential as a scalable diagnostic tool in medical informatics, suggesting future optimizations with
metaheuristic approaches for broader disease diagnostics and improved early detection and treatment in
healthcare.

[35] The study introduces a sophisticated multi-layer neural network for classifying thyroid disorders into eight
categories, utilizing TensorFlow's Functional API, feature engineering, and custom loss functions to target
complex conditions like hyperthyroidism and hypothyroidism. It demonstrates superior performance over
traditional models like SVM, using advanced feature selection methods such as PCA and custom autoencoders
on a dataset of 9172 samples and 30 features. Highlighting deep learning's effectiveness in medical diagnostics,
the research confirms the model's high classification accuracy and its potential to enhance treatment outcomes,

suggesting further avenues for expanding and refining diagnostic technologies.

3. Methodology

This section describes the methods used in preprocessing, classification and evaluation parameters used for
performance comparison. Proposed method is also illustrated in this section along with the dataset description.

4.1 Algorithm used
1. Synthetic minority oversampling technique (SMOTE)

In the healthcare sector, SMOTE is frequently used to alleviate class-imbalance issues [38]. Instead of being
duplicated, synthetic instances were created to provide a more equitable distribution of data. The KNN
algorithm forms the basis for these methods, and distance computation between instances is crucial to the
synthetic sample creation process. SMOTE selects a group of examples that are reasonably close to one another
in the feature space, draws a line connecting those examples, and then selects a point on that line to create a new
sample [39].

2. Support vector machine (SVM)

SVM is a method for analyzing data and classifying it into one of two groups. With as large of a margin
between each as is practical, it produces a representation of the sorted data. Data points that fall into one
category will be assigned to it, and data points that fall into another category will be assigned to it. It might
identify complex relationships in your data without requiring a lot of work [7, 8]. What is known as a
hyperplane, or decision boundary, is the greatest distance between the data points and helps classify the data
points. As mentioned in [9, 10], support vectors are the number of observations or vectors closest to a

hyperplane that affect its location.
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3. Decision Tree Classifier

Decision tree function on the basis of decision-making. Making predictions about the target class using a
decision rule derived from past data is the main reason this study uses a decision tree. It is accurate and
dependable, with a structure resembling a tree. The foundation of any multistage approach is the idea that a
complex decision can be divided into a union of several smaller decisions, each of which can be approached in
the hopes of arriving at a solution that is reasonably close to the original one [12]. A data-splitting sequence that
begins at the root of a decision tree and ends with a Boolean result at the leaf node specifies each potential
branch [13].In addition to internal nodes for dataset attributes, branching for decision-making processes, and
leaf nodes for results, the training sample is represented by the first node in the tree [14, 15].

4. Random Forest Classifier

Because it generates a significant number of classifiers and aggregates their outputs, RF is classified as an
ensemble learner [16]. It employs several DTs on various subsets of the given dataset and determines the mean
in order to improve the dataset's predictive power. When there are more trees in the forest, accuracy is increased
and the overfitting problem is avoided [17, 18]. Certain DTs may yield the right answer while others may not, as
the methods combine a variety of trees to predict the class of the dataset. However, when all the trees are added

together, the predictions are accurate [19-21].
5. XGBoost

XGBoost is a machine learning algorithm that belongs to the ensemble learning category, specifically the
gradient boosting framework. It utilizes decision trees as base learners and employs regularization techniques to
enhance model generalization. The algorithm works by sequentially adding weak learners to the ensemble, with
each new learner focusing on correcting the errors made by the existing ones. It uses a gradient descent
optimization technique to minimize a predefined loss function during training. Known for its computational
efficiency, feature importance analysis, and handling of missing values, XGBoost is widely used for tasks such

as regression, classification, and ranking [11].

6. Light Gradient Boosting Machine (LightGBM)

Light Gradient Boosting Machine (LightGBM) is a high-performance, gradient boosting framework that uses
tree-based learning algorithms and is designed for distributed and efficient training, particularly on large
datasets. It optimizes memory usage and training time with techniques like Gradient-based One-Side Sampling
(GOSS). Additionally, LightGBM employs histogram-based algorithms for efficient tree construction [37].

4.2 Evaluation Parameters

Evaluating machine learning models is crucial to determining their effectiveness in accurately predicting

outcomes and their generalizability to new data. The phrases "accuracy,""precision," recall,""F1-score," and
"confusion matrix™ are important metrics in machine learning and statistics that are used to assess how well

classification models perform [22]. An explanation of each term is provided below:
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1. Confusion Matrix

A confusion matrix is a table that is often used to describe the performance of a classification model on a set of

data for which the true values are known. It is a 2x2 matrix that consists of four outcomes:
True Positives (TP): Correctly predicted positive cases.

True Negatives (TN): Correctly predicted negative cases.

False Positives (FP): Incorrectly predicted as positive.

False Negatives (FN): Incorrectly predicted as negative.

2. Accuracy

Accuracy measures the overall effectiveness of a classifier. It is the ratio of correctly predicted observations to
the total observations and is the most intuitive performance measure. It is best used when the classes are

balanced.

Number of correct predictions

Accuracy = Total number of predictions

3. Precision

Precision (also called Positive Predictive Value) is the ratio of correctly predicted positive observations to the
total predicted positives. It is a measure of a classifier’s exactness. High precision indicates a low rate of false

positives.

.. True Positives
Precision =

True Positives+False Positives

4. Recall

Recall (also known as Sensitivity or True Positive Rate) is the ratio of correctly predicted positive observations
to all observations in the actual class. It measures a classifier’s ability to find all the relevant cases within a

dataset.

True Positives

Recall = — _
True Positives+False Negatives

5. F1-Score

The F1-Score is the weighted average of Precision and Recall. Therefore, this score takes both false positives
and false negatives into account. It is particularly useful when the classes are imbalanced. The F1-score is a

good way to show that a model has a robust measure for both recall and precision.

F1Score = 2 x Precision XRecall

Precision+Recall

These metrics are essential for assessing the performance of classification models, especially in fields such as

medical diagnostics, spam detection, and more, where the consequences of errors can be significant. Each metric
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provides different insights into the strengths and weaknesses of a model, helping in the fine-tuning and

optimization of the model for better performance.

4.3. Proposed Method

Figure 1 depicts the proposed model diagram that includes the steps like data pre-processing, data partitioning,

feature selection, modeling and evaluation.
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Fig. 1 Proposed method

In this study, the Thyroid Disease Dataset having 9172 instances and 31 features has been used in the

experiments[36]. As a pre-processing task, Some of the unnecessary fields are removed from the dataset
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manually. KNN Imputer is used to fill the missing values present in the dataset. Fig.2 shows the data
distribution of the three classes Negative, Hypothyroid and Hyperthyroid. It is visible that the data distribution is
not balanced where the negative class has 87% instances on the other hand hyperthyroid and hypothyroid have
only 3% and 9% instances respectively. To deal with this issue Synthetic Minority Oversampling Technique

(SMOTE) has been used. Fig.3 shows the uniform data distribution of classes after resampling using SMOTE.

Class wise data distribution

Hyperthyroid B 3%

Hypothyroid

Negative 87%

0 1000 2000 3000 4000 5000 6000
Instance Count

Fig. 2 Data Distribution
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Class wise data distribution

Hyperthyroid 33.3%
Hypothyroid 33.3%
Negative 33.3%

0 1000 2000 3000 4000 5000 6000

Instance Count

Fig. 3 Data Distribution after using SMOTE
4.5 Feature Selection

The univariate feature selection method SelectKBest with a chi-squared test is used for feature selection. This
algorithm calculates the rank for all features and selects the features with the highest rank. The top 15 features
(age, sex, on_thyroxine, sick, thyroid_surgery, 1131_treatment, query_hypothyroid, query_hyperthyroid,
lithium, tumor, psych, TSH, T3, TT4, FTI) with the strongest relationship with the target variable are selected
for the classification task. Several experiments with different numbers of features are performed and 15 features

have produced the highest classification results.

For the classification of thyroid disease, five machine learning algorithms Support Vector Machine (SVM),
Decision Tree Classifier, Random Forest Classifier, Extreme Gradient Boosting (XGBoost) and Light Gradient
Boosting Machine (LGBM) are used and results are compared. All the algorithms are implemented and
experiments with different combinations of hyperparameters are performed.

4. Results and Discussion

For the performance evaluation of the ML models, mainly two experiments are considered with different split
ratios (70:30 and 80:20) for training and testing sets. For the comparison of the results, various evaluation

parameters like accuracy, precision, recall, f1-score and confusion matrix are used.
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100.00
99.50
99.00
98.50
98.00
97.50
97.00 I
96.50
Accuracy (%) Precision (%) Recall (%) F1-Score (%)
B SVM 97.79 97.79 97.79 97.78
B Decision Tree 99.24 99.24 99.24 99.24
B Random Forest 99.39 99.39 99.39 99.39
11 XGBoost 99.29 99.30 99.30 99.29
HLGBM 98.70 98.72 98.70 98.70

BSVM W Decision Tree MRandom Forest = XGBoost MLGBM

Fig. 4 Experiment results for split ratio 70:30
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97.00 I I I I

7620 Accuracy (%) Precision (%) Recall (%) F1-Score (%)
ESVYM 97.65 97.66 97.69 97.66
B Decision Tree 99.14 99.14 99.15 99.15
B Random Forest 99.23 99.23 99.24 99.23
1 XGBoost 99.14 99.14 99.15 99.14
H LGBM 98.68 98.68 98.70 98.68

BSVM mDecision Tree W Random Forest = XGBoost MLGBM

Fig. 5 Experiment results for split ratio 80:20

Fig. 4 shows the performance of all the algorithms while the dataset is divided into a 70:30 ratio for the training
and testing sets. For all the algorithms the values of accuracy, precision, recall and f1-score are consistent. That
implies that the model’s predictions are equally relevant, correct and comprehensive across all three classes.

That is due to the balanced distribution of data for all three classes. Among all the five algorithms, Random
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Forest has outperformed with accuracy, precision, recall and f1-score of 99.39%. Decision Tree and XGBoost
algorithms have also achieved accuracy above 99%. Fig. 6 shows the confusion matrix of the Random Forest
algorithm. Hypothyroid and Hyperthyroid cases are nearly 100% correctly classified as there are negligible false
negative cases for both classes. However, there are 0.7% and 0.9% false positive cases for both classes
respectively.

- 1600

Megative
- 1400

- 1200
- 1000

Hypothyroid
- 800

True label

- 600

- 400
Hyperthyroid

MNegative Hypothyroid Hyperthyroid
Predicted label

Fig. 6 Confusion matrix of Random Forest Algorithm

Fig. 5 shows the results while the training and testing sets are divided into an 80:20 ratio. In this experiment,
performance has been slightly reduced compared to the first experiment. In this experiment also Random Forest
has achieved the highest accuracy, precision, recall and f1-score. Models have also been tested without applying

the SMOTE algorithm and a significant reduction in the model’s performance has been recorded.
5. Conclusion and Future work

In this study, various machine learning models are used to automatically detect thyroid disease using an openly
available Thyroid Disease Dataset. Several experiments with different sets of hyperparameters have been
performed to compare the performance of the models. Random Forest Classifier with the dataset split ratio of
70:30 recorded the highest classification accuracy of 99.39%. Also the SMOTE algorithm is effective in
handling imbalanced dataset to better generalize the dataset for training. The model is able to effectively
distinguish the thyroid conditions with minimal false positives. Hence the model can be used to identify the type
of thyroid disease based on given parameters in computer aided diagnostic systems. As a future work, the same

method can be applied for other diseases to measure the performance in other areas.
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