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Abstract: Thyroid illness is one of the most prevalent medical problems that has a direct impact on a 

person's physical and emotional well-being. The 2017–2020 NHANES data, which is extensive and 

contains a wide variety of 6,992 people and XX characteristics, is the source of the ML used in this 

study. Improving the early identification and classification of vulnerable people is the goal of this study. 

The machine learning techniques used in this study include K-Nearest Neighbor (KNN), Random 

Forest (RF), Decision Tree (DT), and Logistic Regression (LR), Extreme Gradient Boosting (EGB), 

LightGBM (LGBM), Multi-Layer Perceptron (MLP), and Gradient Boosting. Evaluation of these 

algorithms revealed that RF, EGB, and LGBM exhibited exceptional accuracy, reaching an impressive 

0.90. Among them, RF demonstrated the highest precision at 0.98, showcasing its ability to correctly 

identify individuals at risk with a high degree of confidence. Moreover, the study identified KNN as 

the algorithm with the highest recall value, reaching 0.73, highlighting its effectiveness in capturing a 

substantial proportion of true positive cases. EGB emerged with the highest F1-Score, shows a 

proportionate balance between recall and accuracy. Additionally, EGB displayed the highest Area 

Under the Curve (AUC) at 0.82, underscoring its robust predictive capabilities. This research 

underscores the pivotal role of ML algorithms in predicting and classifying thyroid disease risk, offering 

valuable insights for early intervention and personalized healthcare strategies. The high accuracy, 

precision, and recall values observed with RF, EGB, and LGBM suggest their potential as powerful 

tools for improving diagnostic capabilities in the realm of thyroid disease, contributing to more 

effective and timely patient care. As advancements in machine learning continue, the integration of 

these techniques into healthcare frameworks holds promise for enhancing our understanding and 

management of thyroid disorders. 
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1. Introduction 

According to the World Health Organization, diabetes and thyroid gland disorders are 

the two endocrine illnesses that are most frequent globally [1]. Hypothyroidism and 

hyperfunction hyperthyroidism are prevalent in 1% and 2% of cases, respectively. There are 

over 10 times as many males as women. [1]. 

The thyroid is a little gland that begins in a smaller area under the jacket and is placed in 

the neck. The pace of protein synthesis and metabolic activities is regulated by the release of 

thyroid hormones. The thyroid produces the hormones triiodothyronine (T3) and thyroxine 

(T4), which are iodine-based. Numerous critical physiological functions, such as respiration, 

body weight, muscular tension, and heart rate, are influenced by this hormone. This hormone 

also controls vital physiological functions including breathing, body weight, muscular tone, 
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and heart rate. The thyroid gland plays a critical role in both the body's development and 

growth as well as in preserving the equilibrium of the metabolism. The heart and other organs 

benefit from proper digestive system regulation. However, thyroid issues need that the blood 

create hormones in an equilibrium. The pituitary gland starts this action by secreting TSH. It 

encourages but does not trigger the arrival of both T4 and T3. The numbers 3 and 4 represent 

the iotas of iodine that are present in the hormones [5]. 

The thyroid produces and secretes too many hormones, a condition known as 

hyperthyroidism (overactive thyroid). Hyperthyroidism is the consequence of increased 

thyroid hormone levels. Symptoms include shaky hands, dry skin, heightened sensitivity to 

warmth, thinning hair, weight loss, higher heart rate, rising blood pressure, excessive 

perspiration, neck swelling, and abbreviated menstrual periods [1]. 

Hypothyroidism is brought on by low thyroid hormone production. Thyroid 

inflammation and destruction is the primary cause of hypothyroidism. Symptoms include 

weight gain, erratic eating habits, low heart rate, high temperature sensitivity, swelling neck, 

dry skin, numb hands, hair issues, and heavy menstrual periods. If you don't address these 

symptoms, they might grow worse with time. Hypothyroidism slows down a lot of bodily 

processes, and high cholesterol raises the risk of a heart attack. Within the endocrine system 

is the thyroid gland, is in charge of many typical hormonal problems. The key idea of this 

paradigm is the grouping of organs that release substances into the circulation that are specific 

to hormones [5].  

Thyroid illness is quite widespread in the contemporary world and often results in 

significant disability, both mentally and physically. The symptoms include poor energy, weight 

gain, fatigue, dry skin, sluggish pulse, incapacity to withstand cold, and maybe neck edema 

[6]. Thyroid disorders cause elevated blood sugar, elevated cholesterol, depression, reduced 

fertility, and cardiovascular problems [3].  

Blood tests that can detect the levels of TSH, T3, and T4 are routinely used to identify 

thyroid disorders [7]. Making a diagnosis is the most difficult undertaking since many 

symptoms and signs are not clear-cut. Proactive diagnosis and treatment of thyroid illness are 

critical in order to save medical expenses, preserve lives, and treat patients effectively at the 

right time. Machine learning and deep learning techniques are used to anticipate early-stage 

thyroid diagnoses and detect particular kinds of thyroid disorders, including hypothyroidism 

and hyperthyroidism, by using technological breakthroughs in data processing and computing 

[8].  

Numerous machine learning techniques, including semi-supervised, supervised learning, 

unsupervised learning, deep learning, and forced learning, may be used [9]. The medical field 

generates a lot of complex data that is difficult to manage in huge quantities. In the last several 

years, there has been a noticeable improvement in the study and categorization of various 

disorders using machine learning techniques. In the last several years, there has been a 

noticeable improvement in the study and categorization of various disorders using machine 

learning techniques. Researchers employ a range of classification algorithms, including BN, 

SVM, NN, ANN, DT, NB, KNN, and many more [10] [11] [12].  

Using a variety of methods, machine learning classifies thyroid issues according to 

characteristics such goiter, thyroxine (T4U), and TSH. To bolster this claim, K. Chandel et al. 

used a number of cluster analysis techniques, such as K-nearest neighbors [10]. NB and SVM 

techniques are used. The Rapidminer program was used to conduct experiments, and the 

findings showed that KNN was more capable of distinguishing thyroid illness from NB. 

According to the data, the K-nearest neighbor classifier of 93.44%, whereas the Naive Bayes 

classifier of 22.56%. 
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2. Literatur Review 

Machine learning (ML) has become an essential tool in the medical field, particularly for 

the early detection and classification of thyroid diseases that often share overlapping symp-

toms with other endocrine disorders. These algorithms allow healthcare practitioners to au-

tomate diagnostic processes and identify nonlinear relationships among diverse physiological 

and biochemical variables. Alyas et al. implemented Artificial Neural Networks (ANN), De-

cision Trees (DT), and K-Nearest Neighbor (KNN) on a dataset of 1,162 patients, demon-

strating that the Random Forest (RF) classifier produced the highest accuracy of 94.8 percent 

[13]. This finding shows the superior capability of ensemble-based models in managing com-

plex data interactions and feature dependencies. Razia et al. and Tyagi et al. also conducted 

experiments using Support Vector Machine (SVM), Multiple Linear Regression, Naive Bayes, 

and Decision Tree algorithms, concluding that Decision Trees achieved the best performance 

with a precision rate of 99.23 percent, which emphasizes its ability to capture hierarchical 

relationships in clinical data and effectively distinguish between hypothyroidism and hyper-

thyroidism [2], [14]. 

The use of machine learning in thyroid disease prediction has evolved with increasing 

dataset sizes and diversity in feature representation. Begum et al. and Ioniță et al. tested KNN, 

Naive Bayes, SVM, and ID3 on data collected from 1,100 individuals, identifying lifestyle 

patterns such as daily activities, food intake, height, and weight as relevant factors, with Lo-

gistic Regression achieving an accuracy of 97.09 percent [15], [20]. Jindal et al. implemented 

an ensemble Random Forest model on 1,893 samples, focusing on variables such as age, 

height, weight, and body mass index, resulting in an accuracy of 89.68 percent [14]. The en-

semble learning approach strengthens model reliability by combining multiple weak learners 

to reduce both variance and bias. Montañez et al. [15] applied Gradient Boosting Machine 

(GBM), Generalized Linear Model with Elastic Net (GLMNET), RF, KNN, SVM with Radial 

kernel, Neural Network (NNET), and Classification and Regression Tree (CART) on 800 

participants using demographic and genetic factors including thirteen single nucleotide poly-

morphisms, where the SVM classifier reached the highest area under the curve value of 90.5 

percent. These outcomes collectively show that integrating diverse data types enhances the 

predictive capability and interpretability of ML-based thyroid diagnostic systems. 

In recent years, researchers have shifted toward the development of hybrid and boost-

ing-based models that optimize both predictive performance and feature selection. Studies 

conducted by Alyas et al. and Begum et al. demonstrated that algorithms such as Extreme 

Gradient Boosting (XGBoost) and LightGBM outperform conventional classifiers when ap-

plied to large-scale and unbalanced datasets [13], [15]. These models are particularly efficient 

due to their ability to handle missing values and complex feature interactions while maintain-

ing computational speed. The adoption of optimization algorithms such as Simultaneous Per-

turbation Stochastic Approximation (SPSA) has further improved classification performance 

by selecting the most relevant features and removing redundant variables. Research utilizing 

the NHANES dataset, as referenced in several studies, highlighted biochemical indicators 

such as serum total folate, blood hexane, and urinary arsenic levels as potential determinants 

of thyroid dysfunction. These findings illustrate how advanced ML frameworks can contrib-

ute to precision medicine by linking biochemical parameters with disease susceptibility. 

 
3. Method 

This study employs a systematic machine learning approach to classify thyroid disease 

using the NHANES 2017–2020 dataset. The data are processed through a feature selection 

technique (spFSR) to obtain the most significant attributes, which are then analyzed using 

several classification algorithms such as Logistic Regression, Decision Tree, Random Forest, 

K-Nearest Neighbor, Extreme Gradient Boosting, LightGBM, Multi-Layer Perceptron, and 

Gradient Boosting. The research flow is shown in Figure 1 below. 
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Figure 1. Research Methodology. 

Dataset 

As a component of the National Center for Health Statistics, the NCHS developed the 

NHANES, a program that disseminates information on the health and nutritional status of 

the American people. As part of a medical analysis, medical practitioners evaluate physiolog-

ical, dental, and other medical issues. 

The five domains that make up the NHANES dataset are questionnaire, lab, exam, food, 

and demographics. Data from laboratory tests are analyzed in this study, particularly those 

pertaining to the laboratory test domain. A profile for the period between 2017 and 2020 is 

created using this data [17]. The survey is unique in that it uses both interviews and in-person 

inspections. One important initiative of the NCHS. 

Feature Selection Technique 

Simultaneous perturbation stochastic approximation (SPSA) is an optimization algo-

rithm that is used to find the values of the parameters that minimize a given objective func-

tion. It is a gradient-free optimization method, which means that it does not rely on the cal-

culation of gradients or derivatives of the objective function. 

SPSA works by perturbing the values of the parameters simultaneously in a random 

direction and measuring the change in the objective function. From these measurements, an 

estimate of the gradient of the objective function is constructed and used to update the values 

of the parameters. This process is repeated until the parameters converge to the values that 

minimize the objective function. 

SPSA is a simple and effective optimization method that is well-suited for problems 

where the objective function is noisy or the gradients are difficult to calculate. It has been 

used to a number of optimization issues, including the optimization of machine learning mod-

els and the design of control systems. 

Machine Learning Algorithms 

Logistic Regression 

The identification of linear decision boundaries between data from different classes is a 

prerequisite for the proper operation of logistic regression. The logistic function [19] is then 

used to determine the likelihood of belonging to each class that has been specified in relation 

to the decision boundaries. The logistic regression classification's general formula is: 

 

 
(1) 

 
 

(2) 
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Decision Tree (DT) 

Based on choices, this classifier divides the dataset into fixed portions. It is the most 

popular classification technique. Effective decisions are made while determining how to 

measure the probabilities and outcome values. On the basis of instances, the decision tree is 

created. The root node of the tree is the sole node that lacks any incoming edges, and every 

other node in the tree has just one incoming edge. Internal nodes are referred to as the out-

going edge connected to a node [20]. 

𝐸(𝑆) =∑

𝑐

𝑖=1

− 𝑃1𝑙𝑜𝑔2𝑃𝑖  (3) 

S = initial condition 
i = set class on S 
Pi = probability or portion of class i in a node 
 
Random Forest (RF) 

The random forest approach is used to compute each predictor's mean response for 

energy use. The absolute distance between each answer and each predictor's mean is then 

added using a random forest for each sample to get the total distance between each response 

and the means of the data. In each sample, individuals that consistently deviate from the mean 

response will have high distance scores. The identification of classes that consistently identify 

the data is aided by a function that computes the average mode of each respons [3]. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = ∑𝑝

𝑛

𝑖=1

− 𝑃1𝑙𝑜𝑔2(𝑃𝑖) (4) 

n = Number of partitions S 
Pi = portion of S to S 
 
K-Nearest Neighbor (KNN) 

The following distance computations are used by the k-nearest neighbor approach to 

determine which neighbors are the closest since it is dependent on the distance between the 

neighbors [21]. KNN predicts class using the Euclidean distance: 

𝑑(𝑥, 𝑦) = √∑

𝑘

𝑖=1

(𝑥𝑖 − 𝑦𝑖)
2 (5) 

The Euclidean distance d(x,y) is used to determine the pattern space's closest example's 

distance. The instance type is decided by a majority vote of its linked classes. 

Extreme Gradient Boosting 

XGBoost is a very effective gradient boosting method based on decision trees. It offers 

exceptional results on extensive or intricate datasets by combining numerous decision trees 

to improve classification accuracy. However, because of its smooth parallel processing ability 

and exceptional predicted accuracy, Gradient Boosting Machine (GBM) continues to be one 

of the most popular artificial intelligence approaches [22]. 

𝒅𝐹0(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑦 +∑(𝑦𝑖 = 𝑦)

𝑛

𝑖=1

 (6) 

 
LightGBM 

For supervised learning tasks like regression and classification, LightGBM is a machine 

learning algorithm. It is a variation on gradient boosting, a boosting method that builds a 

strong, predictive model by combining the predictions of many weak models. LightGBM is 
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known for its efficiency and fast training speed and has been used to win many machine 

learning competitions [23]. 

Like other gradient boosting algorithms, Decision trees are trained using LightGBM as 

the weak learner, and a final prediction is generated by aggregating the predictions of each 

individual tree. Nonetheless, it employs a variety of strategies to quicken the training process 

and lower the model's memory consumption, such as using a histogram-based approach for 

decision tree learning and applying a leaf-wise tree growth algorithm. LightGBM also includes 

a number of additional features, such as support for missing values and the ability to handle 

large-scale data, which can make it a useful tool for many machine learning tasks [24]. 

Multi-Layer Perceptron (MLP) 

The multilayer perceptron is a classification method for feed-forward neural networks. 

There are several levels to it. A single-layer perceptron (SLP) can handle linearly separable 

problems but not nonlinear ones [25]. Frequently, MLP forecasts the results of input pattern 

categorization and pattern rearrangement. Before training the network, the weights are deter-

mined at random. The neurons then gain knowledge from the training set, which in this in-

stance consists of a set of tuples called x1; x2; t. The inputs to the network are x1 and x2, and 

t is the anticipated output.  The aggregate of its neurons decides the neuron's output, 

weighting them according to their significance.  The relationship can be expressed as follows 

if y represents the actual output: 

Y = x1w1+ x2w2 (7) 
The network comprises a single hidden layer that utilizes a non-linear activation func-

tion. The network writes the output as: 

X = fs = W∅ (As + p) + b (8) 

where the output vector is denoted by X and the input vector by s. The bias vector and 

weight matrix for the first layer are denoted by A and p, respectively. The second layer's 

weight matrix is W, and its bias vector is b. The nonlinear element's symbol is /. The output 

is not visible in the output because of its link to the inputs of other neurons in the hidden 

layer [26]. 

Gradient Boosting (GB) 

A machine learning method called gradient boosting (GB) combines the predictions of 

many weak models to produce a single, powerful model. It is an example of an ensemble 

technique, which implies that rather than using a single model alone, it makes predictions by 

combining many models [27]. 

  

(9) 

GB operates by sequentially training a number of weak models, most often decision 

trees. Every tree is trained to improve upon the errors of its predecessor, and the total of all 

the trees' forecasts is used to get the ultimate forecast. A loss function, which calculates the 

difference between the real and predicted values, must be minimized in order to train the 

trees. The weights of the tree, which influence the prediction produced by the tree, are up-

dated using the gradients of the loss function [28]. 

Gradient boosting is a potent method that has been used to solve a variety of issues and 

won several machine learning contests. It is renowned for its proficiency in handling big, 

complex datasets and for doing well on a variety of prediction tasks. On the other hand, if 

not appropriately regularized, it may be susceptible to overfitting and sensitive to the selection 

of hyperparameters [29]. 

4. Result and Discussion 

The study's machine learning techniques' performance comparison utilizing the spFSR-

selected features is shown in Table 1. 
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Table 1. Values of Different Feature Selection Techniques Using the Selected Features by SPFSR. 

No. Algorithms Accuracy Precision Recall F1-Score 
Area Under 

Curve 

1. Logistic Regression 0.75 0.37 0.03 0.06 0.51 

2. Decision Tree 0.81 0.61 0.65 0.63 0.75 

3. Random Forest 0.90 0.98 0.59 0.74 0.79 

4. K-Nearest Neighbor 0.78 0.55 0.73 0.63 0.77 

5. Extreme Gradient 

Boosting 

0.90 0.91 0.65 0.76 0.82 

6. LightGBM 0.90 0.93 0.63 0.75 0.81 

7. Neural Network 0.77 0.62 0.21 0.31 0.58 

8. Gradient Boosting 0.89 0.96 0.56 0.71 0.78 

 

The performance comparison among the eight machine learning algorithms applied to 

thyroid disease classification using the spFSR-selected features demonstrates notable differ-

ences in predictive ability. Table 1 indicates that Random Forest (RF), Extreme Gradient 

Boosting (EGB), and LightGBM (LGBM) achieved the highest accuracy of 0.90, highlighting 

their strong generalization and robustness in classifying thyroid disease cases. These findings 

align with Alyas et al. (2022), who reported RF as the best-performing classifier with an ac-

curacy of 94.8%, underscoring the algorithm’s reliability in handling complex, nonlinear rela-

tionships common in biomedical datasets [13]. 

The Decision Tree (DT) algorithm yielded an accuracy of 0.81, with a balanced precision 

and recall (0.61 and 0.65, respectively), resulting in an F1-score of 0.63. Although DT achieved 

relatively stable results, its performance remained inferior to ensemble methods such as RF 

and EGB, which mitigate overfitting by combining multiple learners. Priyadharshini & 

Arulkumaran (2025) similarly demonstrated that DT-based models outperform simpler clas-

sifiers but often lack stability when trained on heterogeneous medical data [30]. The perfor-

mance gap between DT and its ensemble derivatives emphasizes the advantage of aggregation 

in reducing bias and variance in medical classification problems. 

The Random Forest model achieved superior precision (0.98), confirming its capability 

in minimizing false positives and accurately identifying patients at risk. This precision is criti-

cal in medical diagnostics, where misclassification can lead to delayed or unnecessary treat-

ment. Comparable findings were reported by Kumar et al (2025) and Sakib et al. (2024), who 

emphasized that RF’s ensemble mechanism captures intricate variable interactions and en-

hances diagnostic reliability for thyroid disorders. Furthermore, the AUC of 0.79 suggests 

robust discriminatory power, though slightly lower than EGB, reflecting that RF performs 

well in distinguishing between healthy and diseased classes [31], [32]. 

The Extreme Gradient Boosting (EGB) algorithm demonstrated an F1-score of 0.76 

and the highest AUC of 0.82, indicating a strong balance between sensitivity and specificity. 

The AUC value suggests that EGB effectively separates the positive and negative classes even 

under imbalanced data conditions. This outcome corroborates the conclusions of Szymańska 

& Baszko (2025), who highlighted XGBoost’s ability to deliver consistent performance across 

high-dimensional biomedical datasets through gradient optimization and regularization [33]. 

EGB’s performance in this study validates its suitability for clinical prediction tasks requiring 

both interpretability and precision. 

LightGBM (LGBM) achieved an accuracy of 0.90 and AUC of 0.81, closely comparable 

to EGB. Its slightly higher precision (0.93) and moderate recall (0.63) suggest that while it 

effectively identifies true cases, it may overlook a small portion of positive samples. The his-

togram-based and leaf-wise tree growth strategies implemented in LightGBM allow faster 
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convergence with less computational cost [34]. This trade-off between speed and sensitivity 

makes LGBM particularly valuable in large-scale clinical applications, where rapid processing 

and resource efficiency are essential for real-time health assessments. 

The K-Nearest Neighbor (KNN) algorithm produced an accuracy of 0.78 and recall of 

0.73, the highest recall among all models, signifying its ability to identify the majority of true 

positive cases. High recall is crucial for medical screening, ensuring that most thyroid-affected 

individuals are correctly detected. However, KNN’s relatively lower precision (0.55) indicates 

susceptibility to false positives due to overlapping feature spaces. Islam et al. (2025) reported 

similar findings, emphasizing that KNN performs well on clean and well-separated datasets 

but may suffer from reduced performance when dealing with noisy or high-dimensional bio-

medical data such as the NHANES dataset [35]. 

The Neural Network (NN) model achieved moderate accuracy (0.77) but significantly 

lower recall (0.21) and F1-score (0.31). These results indicate that while NN may capture 

general trends, it struggles to generalize effectively from the spFSR-selected features without 

additional hyperparameter tuning or deeper architectures. Previous studies by Mansour (2024) 

highlighted that NN-based approaches require extensive parameter optimization and large 

training data to perform reliably in disease classification [36]. The suboptimal results observed 

here may also stem from overfitting due to limited feature interactions in the selected subset. 

The Gradient Boosting (GB) algorithm demonstrated strong performance, with accu-

racy 0.89, precision 0.96, recall 0.56, and AUC 0.78, closely trailing RF and EGB. The findings 

suggest that GB effectively integrates weak learners into a robust ensemble model, although 

its sensitivity remains moderate. Abbas et al (2023) noted that gradient boosting models ex-

hibit high stability in structured prediction but are sensitive to hyperparameter configuration 

[37]. The model’s consistent F1-score and AUC indicate that GB remains a dependable alter-

native when computational constraints limit the use of more complex ensemble techniques. 

The comparative analysis across algorithms reveals that ensemble methods (RF, EGB, 

LGBM, and GB) significantly outperform single learners (LR, DT, KNN, NN). Ensemble 

frameworks integrate multiple weak models to capture diverse data patterns, leading to im-

proved generalization and robustness. This trend supports earlier reviews by Latif et al. 

(2024), who identified ensemble approaches as the most efficient for thyroid disease predic-

tion due to their adaptability to nonlinear feature interactions and ability to minimize classifi-

cation errors [38]. 

From a clinical perspective, the observed performance metrics indicate that EGB and 

LGBM provide the most balanced and reliable outcomes for early thyroid disease classifica-

tion. Their high AUC values and consistent F1-scores suggest that these models can support 

clinicians in prioritizing at-risk individuals with minimal diagnostic error. Furthermore, the 

feature selection via spFSR likely enhanced model interpretability and reduced noise, con-

sistent with findings from Alhassan & Zainon (2021), who demonstrated that optimized fea-

ture reduction improves both computational efficiency and accuracy in medical classification 

tasks [39]. 

The overall results highlight the evolving role of machine learning in personalized 

healthcare, particularly for endocrine disorders. The integration of ensemble algorithms with 

feature optimization enables early and accurate detection of thyroid abnormalities, facilitating 

preventive interventions. As pointed out by Malik et al. (2025), such approaches contribute 

to lowering healthcare costs and improving patient outcomes by enabling data-driven diag-

nosis [40]. Continued refinement of feature selection and hyperparameter optimization may 

further enhance the predictive performance of these models, bridging the gap between com-

putational intelligence and clinical decision-making. 

5. Comparison 
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The results of this study, which identified Random Forest (RF), Extreme Gradient 

Boosting (EGB), and LightGBM (LGBM) as the most accurate algorithms for thyroid disease 

classification, show strong alignment with previous research emphasizing the advantages of 

ensemble and tree-based methods in medical prediction. Alyas et al. (2022) utilized various 

machine learning algorithms including Artificial Neural Network (ANN), Decision Tree 

(DT), and K-Nearest Neighbor (KNN) on a dataset of 1,162 participants and reported that 

the Random Forest model achieved the highest accuracy of 94.8 percent. This result supports 

the current study’s finding, where RF reached an accuracy of 0.90 and precision of 0.98. Both 

studies confirm that RF is particularly capable of handling nonlinear and high-dimensional 

medical data while maintaining resilience against overfitting and variability, making it highly 

suitable for clinical prediction involving complex biological indicators. 

Comparable outcomes were obtained in the study by Tyagi et al. (2018) and Razia et al. 

(2018), who applied Support Vector Machine (SVM), Multiple Linear Regression, Naive 

Bayes, and Decision Tree algorithms to a smaller dataset of 200 subjects. Their results indi-

cated that the Decision Tree model achieved the highest precision value of 99.23 percent, 

establishing its effectiveness in identifying thyroid abnormalities. In contrast, the current 

study recorded a precision of 0.61 and accuracy of 0.81 for DT, suggesting that while DT 

remains an interpretable and efficient method, its performance tends to decline in large-scale 

and high-dimensional datasets such as NHANES. This difference likely arises from the in-

creased variability and noise within the broader dataset, which can affect decision boundary 

optimization when compared to smaller, more controlled samples used in earlier research. 

Begum et al. (2019) and Ioniță et al. (2019) evaluated KNN, Naive Bayes, Support Vec-

tor Machine, and ID3 algorithms on 1,100 participants using lifestyle-related features such as 

daily activities, diet, height, and weight. Their study demonstrated that Logistic Regression 

achieved the highest accuracy of 97.09 percent, highlighting the importance of linear associ-

ations between physiological and behavioral variables in thyroid classification. The present 

study, however, found Logistic Regression to perform considerably lower with an accuracy 

of 0.75 and recall of 0.03, reflecting the limitation of linear models when confronted with 

nonlinear and interaction-heavy datasets. These results emphasize the need for feature selec-

tion and ensemble techniques such as spFSR combined with boosting algorithms to capture 

the multidimensional relationships that simple linear models cannot adequately model. 

The findings of Jindal et al. (2018) and Montañez et al. (2019) further substantiate the 

strength of ensemble methods. Jindal et al. employed an ensemble Random Forest model 

involving 1,893 participants and achieved an accuracy of 89.68 percent, closely matching the 

RF performance observed in this study. Similarly, Montañez et al. implemented Gradient 

Boosting Machine (GBM), GLMNET, RF, KNN, SVM Radial, Neural Network (NNET), 

and CART on 800 participants and reported that SVM achieved the highest AUC of 90.5 

percent when integrating demographic and genetic risk factors. The current research yielded 

an AUC of 0.82 for EGB and 0.81 for LGBM, confirming that modern gradient boosting 

frameworks can produce comparable or superior results while maintaining computational ef-

ficiency. Collectively, these comparisons suggest that ensemble-based classifiers such as RF, 

EGB, and LGBM consistently outperform individual learners across varying datasets, reaf-

firming their pivotal role in developing accurate and scalable diagnostic models for thyroid 

disease prediction. 

 

6. Conclusion 

The findings of this study demonstrate that Random Forest (RF), Extreme Gradient 

Boosting (EGB), and LightGBM (LGBM) achieved the highest accuracy of 0.90, indicating 

their superior ability to classify thyroid disease cases accurately within the NHANES 2017–

2020 dataset. Random Forest produced the highest precision value of 0.98, confirming its 
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reliability in minimizing false positives, while EGB achieved the highest F1-score and AUC 

of 0.76 and 0.82 respectively, signifying a strong balance between sensitivity and specificity. 

K-Nearest Neighbor (KNN) exhibited the highest recall value of 0.73, emphasizing its 

capability to identify the majority of true positive cases. These outcomes collectively support 

the research objective of identifying optimal algorithms for early and accurate thyroid disease 

detection and align with prior studies that highlight the superiority of ensemble and boosting 

methods in medical classification. The integration of feature selection through spFSR further 

enhanced model interpretability and efficiency, underscoring the importance of 

dimensionality reduction in improving predictive performance. This study contributes to the 

growing body of knowledge on machine learning applications in healthcare by offering 

evidence that ensemble-based approaches can serve as effective decision-support tools for 

early diagnosis and personalized treatment of thyroid disorders. Despite the promising results, 

the research is limited by the reliance on secondary data and the absence of clinical validation, 

suggesting that future studies should incorporate larger, more diverse populations and hybrid 

deep learning architectures to strengthen diagnostic reliability and generalizability. 
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