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Abstract – In recent years, there has been an increase in thyroid disorders. Early thyroid illness identification is a crucial 

endeavor because of its significance in metabolism. Although there are numerous studies on the identification of whether 

thyroid illness leads to cancer or not, in order to properly address and handle this condition, a timely and accurate medical 

diagnosis is crucial. Thyroid cancer detection and diagnosis could be enhanced by algorithms that utilize machine learning, 

which have achieved considerable amounts of interest especially in the medical field. This paper describes how machine 

learning techniques are being used to diagnose thyroid cancer. K-Nearest Neighbor, Decision Tree, Random orest, Ada-

Boost with decision tree classifier, Gradient Boosting Classifier, Stochastic Gradient Boosting classifier, Extended 

Gradient Boosting Classifier, Extended Gradient Boosting Classifier with hyper parameter tuning, Extra Tree Classifier, 

Light GBM Classifier, Voting Classifier are among the machine learning approaches that are used and evaluated to assess 

how well they diagnose thyroid Cancer. The study evaluates the methods precision, recall, F1-score, and Accuracy. From 

all the above machine learning models Random Forest, Ada Boost, Extended gradient boosting classifier, Extra Tree 

Classifier, Light Gradient Boosting Machine outperforms the other models.  

 

Keywords – Thyroid Detection, Machine Learning, Label Encoder, Voting Classifier. 

 

I. INTRODUCTION 

The body of an individual uses the thyroid, which is very tiny gland but essential hormone in the cervical region, to regulate 

activities of body such as heartbeat, digestion etc., [1]. Hormones that regulate metabolism, including body temperature 

along with heart rate, are released by the thyroid gland. It generates the vital hormones thyroxine(T4) as well as 

triiodothyronine(T3). These hormones are in charge of a number of metabolic processes, including heartbeat and weight 

management. Thyroid hormones, which are produced by the gland responsible for thyroid function, help to monitor several 

kinds of organs through the blood.  

Thyroid illness symptoms may also involve higher Blood Pressure (BP), irregular pulse rates, along with high 

cholesterol. Thyroid disease is commonly divided into five categories: thyroid tumors, hypothyroidism, hyperthyroidism, 

structural abnormalities, and subclinical hypothyroidism or hyperthyroidism. Thyroid tumor is an unusual progress of cells 

that origins in the thyroid follicle. Symptoms of thyroid tumor cannot be recognized initially. Symptoms such as difficulty 

in ingesting, voice changes and bulge in the neck can be sensed in the later stages. It can be addressed by using imaging 

tests such as Computed Tomography (CT) and Magnetic Resonance imaging (MRI). 

Hypothyroidism can be identified by medical professionals through examining the test results of body organs using 

various parameters. Thyroid hormone production is insufficient in hypothyroidism. It can cause a number of symptoms, 

including depression, constipation, increased weight, a slower heartbeat, tiredness, as well as reduced capacity to handle 

colds. In order to regulate thyroxine and also Thyroid Stimulating Hormone (TSH) levels, physicians adjust the medication 

dosages based on their patient’s conditions. 

Medical practitioners can diagnose hyperthyroidism by looking at the organ test results through a variety of parameters. 

Hyperthyroidism stimulates thyroid by generating excessive hormones causes anxiety, irritability, anger, fine crumbly hair, 

excessive sweating, hand tremors, rapid heartbeat, worry, sensitive skin plus muscle weakness.  

The rate of development of hyperthyroidism may increase at an older age.  Hyperthyroidism can be addressed by using 

medicines, radiation therapy, thyroid surgery etc., 

Structural abnormalities can lead to physical abnormalities in a fetus development or chromosome structure. Physical 

abnormalities may appear in fetus development such as heart defects, abnormal limbs, neuro defects etc., which leads to 
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birth inadequacy. This can be detected during the first three months of pregnancy through scanning. It can be addressed by 

using medicines, therapy, thyroid surgery etc., Subclinical hypothyroidism is a condition where free thyroxine levels are 

normal but the TSH level in the blood is elevated. It can cause a number of symptoms such as fatigue, unexpected weight 

gain, constipation, depression etc., which can be detected by regular blood tests. It can be treated by medication, iodine in 

diet. 

An imbalance associated with thyroid glands causes either too much or too little hormone production, as a result thyroid 

illness in the body of humans. There are several thyroid-related diseases which trigger imbalances and malfunctions in the 

remaining organs and complications like enlarged thyroid, cardiovascular disease, pregnancy issues, and serious 

219myxedema coma [2] [3]. Currently there are 200 million individuals worldwide suffering from thyroid disorder. Further 

forty percent of individuals worldwide are prone to insufficient TSH level and lack of iodine [4]. All the types of thyroid 

illnesses can be cured by early diagnosis of the appropriate thyroid illness. Further, it can be identified using various tests 

namely lithium, goiter, hypopituitary, Psych, TSH, T3, TT4, T4U, FTI, and TBG. These tests are essential for preventing 

complications and deterioration from a patient’s health [5]. Similarly, thyroid illness can also be classified through 

numerous characteristics and symptoms namely weight gain, weight loss, unusual growth in the neck etc., [6]. 

The majority of existing methods employ data analysis on publicly available thyroid datasets. Further more methods 

like symptoms of thyroid namely voice changing, enlargement of thyroid gland, tired ness and laboratory tests like blood 

test, ultra-scan images, are applied to predict the thyroid cancer.  These datasets are predicting inaccurate results using 

machine learning algorithms. In order to diagnose and forecast thyroid disease, the current research highlights the use of a 

variety of machine learning techniques, highlighting the significance of selecting features, data accuracy, and validation of 

models. 

II. LITERATURE SURVEY 

In [7] outlined many AI network types to identify the feature selection algorithm to classify the thyroid disease, including 

Random Forest (RF), Decision Tree (DT), K-Nearest Neighbors (KNN), Adaptive Boosting (AB), and Gradient Boosting 

(GB). Each of these techniques was selected for its own unique characteristics. In comparison to Boruta, Synthetic Minority 

Oversampling Technique (SMOTE), and Recursive Feature Elimination (RFE), the feature selection approach Least 

Absolute Shrinkage and Selection Operator (LASSO) performed better with 97% Precision, 92% Recall, and 95% F1-

Score. The University of California Irvine (UCI) dataset, which has 2800 occurrences and 28 categorical attributes, was 

employed in the study.  

The [8] proposed variety of approaches, each chosen for their own qualities to predict the treatment for the thyroid 

disease, including AB, CatBoost (CB), Extended Gradient Boosting Classifier (XGBC), GB, Extra Tree Classifier (ETC), 

RF, DT, KNN, and Multilayer Perceptron Classifier (MLP). The ETC performed better, with accuracy of 84%, F1 of 84%, 

Precision of 85%, and recall of 84% by applying the SMOTE feature extraction technique. The primary constraint of this 

research pertains to the dataset’s quality. 

The authors [9] proposed a different methodology, each having its own quality to early predicting thyroid disease, 

including SVM, Neural Network (NN), KNN, DT, Logistic Regression (LR) and ensemble classifiers. The proposed model 

achieved 99% accuracy, 99.59% specificity and 99.39% sensitivity by using 3 feature selection methods such as SMOTE, 

Bayesian Optimization and Ensemble learning. The University of California Irvine (UCI) dataset, which has 3672 

occurrences and 29 categorical or real attributes, was employed in the study.  

In [10] proposed a variety of methods, each of the method is having its own characteristics to detect thyroid such as 

SVM, DT, LR, KNN, Artificial Neural Networks (ANN). They created WebApp for prediction of thyroid disease. The LR 

achieved a best accuracy of 96.92% compared to other methods. The University of California Irvine (UCI) dataset, which 

has 215 samples and 5 attributes, was employed in the study. They also suggested image dataset can be used for prediction 

of thyroid. 

The [11] discussed a variety of algorithms have its own qualities how thyroid can be diagnosed, including Multi Layer 

Perceptron (MP), Back Propagation Neural Network (BPNN), SVM and Extreme Learning Machine (ELM). They used 

different types of feature selection techniques such as Principal Component Analysis (PCA), Filter Based Approach (FBA) 

and Wrapper Based Approach (WBP). The ELM with Recursive Feature Elimination (RFE) outperformed compared to 

other with 98.14% accuracy. The UCI dataset that contains 215 samples and five attributes was used in their study. 

The [12] proposed an algorithm to identify whether the thyroxine level affect cardiac failure. They used limited number 

of patients’ dataset and UCI hyperthyroidism dataset. This study highlights the cardiovascular implications on thyroid 

disorder. They recognized that atrial fibrillation was higher among men compared to women. In future, the model can be 

applied on the patients with disorders such as hypothyroidism, breathlessness, chest pain etc.,  

In [13] outlined a various kinds of ML approaches have its own characteristics to predict thyroid, including SVM, 

KNN, ANN and DT. The SVM outperformed with an accuracy of 99.63. The UCI dataset used by them consists eight 

attributes. They also proposed that in future, a smaller number of features can be used for detecting thyroid disease. 

Research work [14] suggested a different kind of approaches, each chosen for its unique qualities to predict the thyroid, 

such as SVM, Bagging, Boosting, J48 and Naïve Bayes. The SVM with pathological observation achieved better accuracy 

of 99.08%. Their dataset collected from 1464 patients consisting of 21 attributes. Furthermore, they also suggested that 

this model can be improved by adding more instances to the dataset. 
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The [15] proposed a variety of ML approaches, each chosen for their own qualities to classify the thyroid diseases, 

including SVM, RF, DT, Naïve Bayes, LR, KNN and Multi-Layer Perceptron (MLP). The RF achieved a better accuracy 

of 98.93%. They collected data from external hospitals of Iraq contains 1250 instances with 17 attributes. 

In [16] proposed a method to detect thyroid disease using Adaptive Boosting (AB) with feature selection method 

Differential Evaluation based optimization Algorithm, achieved a best accuracy of 99.8%. They used Conditional 

Generative Adversarial Networks (CTGAN) for data augmentation. The CTGAN mitigates the probability of Overfitting, 

model bias problems and helps to balance the total number of samples. The author identified that the ML model shows best 

results using data augmentation. 

The comparison details of some recent works accuracies are represented in the form table and chart is shown in                 

Table 1, Fig 1 respectively. We can learn about their finding the accuracy is accomplished by them and the algorithms 

they used in their research work.  

III. METHODOLOGY 

This paper proposes a hybrid ML approach for the diagnosis of thyroid cancer (TC). The suggested framework is depicted 

in Fig 2.  

 

 
Fig 2. Proposed Architecture. 

Data Collection  

We obtained the dataset from Kaggle repository. Which is having 17 features, such as “Age”, “Gender”, “Smoking”,” Hx 

Smoking” etc., shown in Table 2. 

 

Data Preprocessing 

The Dataset is divided into 2 sets called test and train set with the ratio of 25% and 75% respectively used in Train Test 

Split model, Further, 90% data used for training, 10% data used for testing in 10-Fold Cross Validation Model and Stratified 

10-Fold Cross Validation respectively. 

To analyze data we used, preprocessing techniques such as feature selection, handling missing values and class encoding. 

We handled missing values by using the mode method. Label encoder is used to encode the data into numerical 

representation. This is straight forward and it turns each column value into a number. Consider a dataset of thyroid with 

following column “Gender”: male and female, encoded the text values by placing a running sequence for each text value: 

0 and 1.  

 

Feature Selection and Feature Importance  

Generally, all the features in a dataset are not having same impact, some of them have more significance and some of them 

have less significance. It’s required to find the appropriate significance for the features. To find the appropriate significance 
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for the features from the dataset, we used method ANNOVA F-test. This test finds the relationship between the target class 

and conditional features. Further, this test also generates score such as high, low, which helps to find the more significance 

and less significance features from the given set of features.  

 

Table 1. Comparison Table of Previous Work 
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Further, we used correlation method to find the association among the more significance features. The score of 

correlation high indicates more association between the two features and the score of less indicates less association between 

the features. For clear understanding we have shown the association (see Fig 3). 

The score of 0.9-1.0 indicates very high association between the features, similarly 0.7-0.89 score represents high 

association, 0.5-0.69 score represents moderate association, 0.3-0.49 score represents low association, 0.0-0.29 score 

negligible association and score less than zero represents negative association. 

The attained scores shown in Table 1 are obtained by using select K-best and F-statistic process. The significance of 

features considered in this study is having high significance. The top five attained features are: “Risk”, “Response”, “N”, 

” T”, ”Stage”. These features play a crucial role in diagnosing thyroid cancer. 

In Future, these five features can be used to diagnose thyroid cancer. 

 

 Fstatic = 
Variance among batches

Variance inside batches 
 =

Mean Square among

Mean Square inside
   (1)  
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Fig 4. Comparison Chart of The Previous Work. 

 

Table 2. Feature Importance 

Sl. No. Feature Type Normal range Values Attained 

1 Risk Categorical - Low (2), Intermediate (1), High (0) 372.35 

2 Response Categorical 

Thyroglobulin 

(Tg) 

Tg < 1ng/ML 

Excellent (1), Biochemical Incomplete 

(0), 

Structural Incomplete (3), 

Indeterminate (2) 

264.69 

3 N Categorical - N0(0), N1a (1), N1b (2) 184.84 

4 T Categorical 
3-40 ng/ML 

< 0.5mIU/L 

T1a (0), T1b (1), T2(2), T3a (3), T3b 

(4), T4a (5), T4b (6) 
171.94 

5 Stage Categorical - I (0), II (1), III (2), IVA (3), IVB (4) 94.61 

6 Focality Categorical - Uni focal (0), Multi focal (1) 60.61 

7 M Categorical - M0(0), M1(1) 54.33 

8 Smoking Categorical - Yes (1), No (0) 49.26 

9 Gender Categorical - F(0), M (1) 40.24 

10 Age Numerical - 15(0),17(1)…. 82(64) 25.54 

11 

HX 

Radiotherap

y 

Categorical - Yes (1), No (0) 12.11 

12 

Physical 

Examinatio

n 

Categorical - 

Diffuse goiter (0), Multinodular goiter 

(1), 

Normal (2), Single nodular goiter- left 

(3) 

Single nodular goiter –right (4) 

10.26 

13 Adenopathy Categorical - Yes (1), No (0) 9.60 

14 
HX 

smoking 
Categorical - Yes (1), No (0) 7.76 

15 
Thyroid 

function 
Categorical 

3-40ng/ML 

0.5-5.0mIU/L 

Clinical hypothyroid (1), 

Clinical hyperthyroid (0), 

Subclinical hyperthyroid (3), 

Subclinical hypothyroid (4), 

Euthyroid (2) 

1.56 

16 Pathology Categorical - 
Micropapillary (2), Follicular (0), 

Papillary (3), Hurthel Cell (1) 
0.55 

17 Recurred Categorical - Yes (1), No (0) -- 
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In Fig 3, The “Age” has a negligible association with “Gender”, “Hx Smoking”, ”Thyroid Function” , “Response”, a 

negative association with “Adenopathy”, “Pathology”, ”Risk”, “Response” and a low association with “Recurred”. 

Similarly, “Gender” has a negligible association with “Hx Smoking” ,”Thyroid Function”, “Response”, a negative 

association with “Adenopathy” , 

 

 
Fig 3. Correlation Heat Map of Highly Correlated Features. 

 

 “Pathology” ,“”Risk”, and a low association with “Recurred”. Likewise, “Hx Smoking” has a negligible association 

with “Thyroid Function”, “Response” , “Recurred” and a negative association with “Adenopathy” , “Pathology” and 

”Risk”. In the same way  “Thyroid Function” has a negative association with “Adenopathy” , ”Risk”, and a negligible 

association with “Pathology”, “Response” , “Recurred”. Further, ”Adenopathy” has a negative association with 

“Pathology”, “Response”, “Recurred”, and a negligible association with “Risk”.  

The feature “Pathology “has a negligible association with “Risk”, “Recurred”, and a negative association with 

“Response”, and “Risk” has a negative association with “Response”, “Recurred”. “Response” has a High association with 

“Recurred”.   

 

Model Selection 

We collected dataset of thyroid for recognizing cancer is a type of categorical. Generally, there are various models to 

process categorical data, but we don’t have a knowledge which model gives good accuracy. We plan to apply various 

individual models namely Support Vector Machine (SVM), Decision Tree (DT), K-Nearest Neighbor (KNN), Random 

Forest (RF), Gradient Boosting (GB), Stochastic Gradient Boosting (SGB), Extended Gradient Boosting (XGB), Extra 

Tree Classifier (ETC), Light Gradient Boosting Machine (LGBM). Further we planned to use hybrid models namely Ada 

Boost with Decision Trees (AB) and Voting Classifier (VC) with SVM, DT, KNN, RF, GB, SGB, XGB, ETC, LGBM, 

AB. 

 

Again we simulated the above model using 2 different techniques called without dimensionality reduction and with 

dimensionality reduction. Without dimensionality reduction, we have used 17 features such as “Age”, ”Gender”, ”Hx 

Smoking”, ”Thyroid Function”, “Adenopathy”, ”Pathology”, “Risk”, “Response”, ”N”, “T”, ”Stage”, ”Focality”, “M”, 

”Smoking”, “Hx Radiopathy”, Physical Examination”,  “Recurred”. With dimensionality reduction, we have extracted 9 

distinguishing features based on the attained scores and significance such as “Age”, ”Gender”, ”Hx Smoking”, ”Thyroid 

Function”, “Adenopathy”, ”Pathology”, “Risk”, “Response”, “Recurred”. 

 

Random Forest (RF) 

RF is defined as an ensemble learner due to its ability to generate a significant amount of classifiers and incorporate their 

outputs [7]. It applies several DTs to various segments of the given dataset and determines the mean in order to improve 

the dataset's capacity of predicting results. When there are more trees in the forest, the overfitting problem is avoided and 
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higher accuracy is achieved. Some DTs may yield the right result whereas others may produce incorrect result, since the 

methods rely on a combination of trees to determine the class of the dataset. Fig 4 Show the schematic structure of the 

Random Forest method. 

 

 
Fig 4. Random Forest Algorithm. 

 

Decision Tree (DT) 

The decision-making concept governs DT's operations. Creating hypotheses with respect to the target class by adopting a 

decision rule based on previous data is the main objective of applying DT [7]. It has precise and reliable tree structure. It 

is utilizing the multistage method; this is used to divide the difficult decision into smaller decisions and further all the 

smaller decisions will be combined to get the desired solution. In DT, each branch is defined by data-splitting, it will starts 

from the root node and ended by leaf node. It is also have internal nodes for the dataset features, branches for decision 

making and leaf nodes for the desired results. Fig 5 shows the schematic diagram of Decision Tree. 

 
 

Fig 5. Decision Tree Algorithm. 

 

Support Vector Machine (SVM) 

SVM is a method that analyses the data and groups into two categories. It creates an arrangement of data with the largest 

possible margins among the two. Data points that fall in one side of the imaginary line shall be placed in one group, and 

those that fall on opposite side will be placed into other group [7]. The maximum distance between the two different points 

is referred to as hyperplane, this is the decision boundary used to classify the data points. The vectors near to hyperplane 

that determines its location. Fig 6 shows the schematic diagram of SVM. 
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Fig 6. SVM Algorithm. 

 

K-Nearest Neighbors (KNN) 

By calculating the likelihood of the degree to which every category fits with the training data, the model using KNN 

identifies which of "K" possible groups that the testing data significantly matches [7]. In order to forecast a suitable class 

for the testing data, KNN looks at the difference between the test data as well as training records. K is the amount of 

neighbors [7]. To find the best K there is no pre-defined method, when you select small value for K it results in producing 

unstable decisions. In order to avoid ties in categorization, often recommended to select an odd number for K.  Fig 7 shows 

the schematic diagram of KNN. Here, we can notice class B and class A instances are represented by two colors. There is 

one instance in orange color, which is new data; it should be classified by KNN.  

 

 
Fig 7. KNN Algorithm. 

 

Adaptive Boosting (AB) 

Any machine learning (ML) algorithm can be made more effective by using AB. It generates good results for slow learners. 

DT is probably the most commonly used approach for AB, since it is considered to be the most efficient for a single level. 

Initially, this algorithm uses the original dataset for classification; gradually it utilizes all instances, in order to fix the flaw 

in the previous instance [7]. The classification model is replicated, and each record or instance is trained on distinctive 

dataset. By providing weights to discrete data points, some subsets of dataset could be generated. Then, strong classifier is 

produced by joining weak classifiers. Finally, classifiers obtained with the more accuracy are assigned with higher weight. 
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Our frameworks training parameters are as follows: n-estimators of 200, 0.001 learning rate, SAMME method, and 

decision- tree classifier in place of base estimator. 

 

Gradient Boosting (GB) 

GB is an excellent method for ML which represents decision tree for complicated datasets. To produce strong model, it 

combines some weakly predicted models. The GB contains 3 main components such as utilization of poor predictors, loss 

function and additive model, that adds trees by utilizing gradient descent function.it find the best model by combining 

preceding model with the next model. GB method used for improving accuracy by removing overfitting. It prevents 

degeneration by performing proper fitting process. The GB rounds have positive correlation and reduction of an error. The 

best learning rate of out model is 0.1. 

 

Stochastic Gradient Boosting (SGB) 

A machine learning optimization method called stochastic gradient descent (SGD) is used to reduce mistakes in prediction 

models. SGD changes the parameters utilizing one point of data at a time, in contrast to traditional gradient descent; this 

will compute the gradient & modifies the model attributes by using the complete dataset. SGD assists in determining the 

unique model parameters to increase prediction accuracy. Initially, it starts with poor learner, which forecast an initial 

output depends on the train dataset. Later subsampling can be done by creating subset for training data and features. Errors 

can generated by comparing with predicted results and actual values and then find train the new learner on this subsampled 

data by focusing on the previous iteration. Lastly combine all the predictions by using all the base learners to make latest 

prediction. These steps should be repeated to till you get stopping criteria. 

 

Extreme Gradient Boosting (XGB) 

XGB is a machine learning approach that uses gradient developed decision trees. This is one of the more recent community 

learning methods. XGB solves the problem of overfitting during the training. Hence the accuracy improved. It consists of 

two objective functions namely, loss function and regularization. Loss function determines the discrepancy between actual 

value and each predicted value. The regularization eliminates overfitting and maintains the complexity of the model. It 

uses L1, L2 regularization that helps a model to avoid overfitting. It uses second partial derivative in loss function. It is 

faster compared to other gradient boosting because it constructs the trees parallel. It also handles the missing values.       

  

Light Gradient Boosting Machine (LGBM) 

LGBM is an open source framework, developed by Microsoft. it is an ensemble learning model. By adding poor learners 

it constructs strong learner in descent manner. It is scalable, efficient and produces high accuracy. It will use DT for 

minimizing the usage of memory and improve the training time. It is fastest compared to other gradient boosters. It uses 

L1 and L2 regularization for solving overfitting problem. 

 

Extra Tree Classifier 

ETC is an ensemble learning function. It will generates large number of trees, but each tree is generated randomly are 

diverse in nature. It merges the predictions of all these trees to get the better accuracy and resolve the overfitting problem. 

It selects the split point randomly unlike random forest. This can be used for finding the most influential attributes in the 

dataset. It will choose the split point randomly. Final prediction can be done by combining the predictions of all the 

individual trees. It consumes less time for training and used for extracting important features.     

 

Voting Classifier 

A VC is a ML model that learns from several models and finds the output based the class with highest likelihood. It displays 

the output based on the majority votes; It performs average of each classifier given as an input to VC. It is used to build 

only one model from several models and predicts output by using majority votes. There are two types voting classifiers 

namely soft voting and hard voting. In hard voting the prediction can be done based on the highest majority votes. Similarly, 

in soft voting highest average voting probability can be considered for predicting the final prediction. 

 

IV. RESULTS AND DISCUSSION 

The evaluations were carried out on a computer using Windows 10 & including a Core i5 and 64 GB of RAM.  The coding 

environment is Python 3, and packages including scikit-learn, pandas, NumPy, matplotlib, Collections, seaborn, and time 

were utilized. Without the usage of GPU acceleration, Google Colab was used for both code execution and model training. 
We have compared our study with some available studies using similar datasets. Our model outperformed compared to 

the existing works (see Table 1, Fig 1). In future, we will try to explore the performance of the methods for additional 

datasets. On the other hand, to get better accuracy, we have applied Train-test-split, 10 fold cross validation, Stratified 10 

Fold cross validation and stratified 10 Fold with hyper parameter tuning. The results of without dimensionality reduction 

and with dimensionality reduction are shown in the Table 3, Fig 8 and Table 4, Fig 9 respectively.  
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Fig 8. Chart for without Dimensionality Reduction. 

 

In Without dimensionality Reduction, we have applied 12 different hybrid models to get best accuracy, out of 12 models 

four models produced best results namely RF, AB, XGB and XGB with hyper parameter tuning and L GBM with 10 Fold 

Cross validation are outperformed with an accuracy of 100%,100%,100% and 99.02% respectively.  

 

 

Fig 9. Chart for with Dimensionality Reduction. 

 

Similarly, in case of with dimensionality reduction technique, again 12 models applied on the dataset for checking the 

accuracy, the best four models which produced the best accuracy are RF, XGB, ETC and LGBM with 10 Fold Cross 

Validation outperformed with an accuracy of 98.11%, 98.39%, 100% and 98.68% respectively.  

 

Time Taken to Execute Each Algorithm 

Execution time for each algorithm for without dimensionality reduction and with dimensionality reduction is shown in Fig 

6 and Fig 7 respectively. 
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Time Taken in Without Dimensionality Reduction 

Fig 10 illustrates the time complexities among the different models. KNN consumed less execution time and Voting 

Classifier consumed more execution time with 0.0023 seconds and 0.6459 seconds respectively compared to all other 

models by using Train test split. Similarly, KNN consumed less execution time and Random Forest consumed more 

execution time with 0.0143 seconds and 1.6457 seconds respectively compared to all other models by using K-Fold CV. 

Likewise, KNN consumed less execution time and Voting Classifier consumed more execution time with 0.0067 seconds 

and 1.3523 seconds respectively compared to all other models by using Stratified K-Fold CV. Similarly, KNN consumed 

less execution time and Voting Classifier consumed more execution time with 0.0052 seconds and 1.2029 seconds 

respectively compared to all other models by using Stratified K-Fold CV with dimensionality reduction. 

 

Time Taken in with Dimensionality Reduction 

Fig 11 illustrates the time complexities among the different models. The Ada Boost consumed less execution time and 

Voting Classifier consumed more execution time with 0.0110 seconds and 0.71 seconds respectively, compared to all other 

models. Similarly, DT consumed less execution time and Random Forest consumed more execution time with 0.0037 

seconds and 1.6415 seconds respectively compared to all other models by using K-Fold CV. Likewise, DT consumed less 

execution time and Voting Classifier consumed more execution time with 0.0015 seconds and 1.4366 seconds respectively 

compared to all other models by using Stratified K-Fold CV. Similarly, the KNN consumed less execution time and Voting 

Classifier consumed more execution time with 0.0038 seconds and 1.5482 seconds respectively compared to all other 

models by using Stratified K-Fold CV with dimensionality reduction. 

 

 
Fig 10. Time Complexity Graph for 17 Features. 

 

 
Fig 11. Time Complexity Graph for 9 Features. 
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Evaluation Metrics 

All of the research findings are evaluated using several metrics, each one having its own relevance. A true positive (TP) 

occurs when an algorithm for prediction produces an outcome that proves out to be accurate. The result of a predictive 

system that is truly incorrect is called True Negative (TN). The result of model used for prediction that seems true but is 

actually false is called false positive (FP). False negative (FN) seems an outcome of model for prediction which is false 

however actually accurate. 

Table 3. Results Table for Without Dimensionality Reduction 

Model 

Without dimensionality reduction 

Precision Recall 
F1 

Score 

Train test 

split 

Accuracy 

10 Fold CV 

Accuracy 

Stratified 

10 Fold 

CV 

Accuracy 

Stratified 10 

Fold CV with 

hyper 

parameter 

tuning 

Support Vector 

Machine 
0.28 1 0.44 92.70% 94.73% 62.15% 93.30% 

K- Nearest Neighbour 0.72 0.76 0.73 89.58% 94.74% 80.50% 80.50% 

Decision Tree 

Classifier 
0.96 0.96 0.96 98% 84.21% 94.74% 96.05% 

Random Forest 

Classifier 
0.93 0.93 0.93 97.92% 100% 94.59% 94.74% 

AdaBoost with 

decision tree classifier 
0.94 0.96 0.95 97.92% 100% 94.47% 94.74% 

Gradient Boosting 

Classifier 
0.9 0.93 0.92 96.35% 94.74% 94.47% 94.74% 

Stochastic Gradient 

Boosting classifier 
0.92 0.97 0.94 97.39% 96.02% 92.11% 94.74% 

Extended Gradient 

Boosting Classifier 
0.9 0.95 0.92 96.87 100% 92.11% 92.11% 

Extended Gradient 

Boosting Classifier 

with hyper parameter 

tuning 

0.94 0.96 0.97 97.92% 99.02% 92.11% 92.11% 

Extra Tree Classifier 0.95 0.95 0.95 97.91% 98.69% 94.74% 97.37% 

Light GBM Classifier 0.91 0.96 0.93 96.87% 98.68% 93.42% 93.42% 

Voting Classifier 0.63 0.96 0.68 96% 96% 94.74% 94.74% 

  

Accuracy 

It shows the percentage within the input data that produced predictions that were correct. 

 

 𝐴ccuracy =
Number of Correct Prediction

Total Number of Predictions
 (2) 

 

Precision 

What percentage that favorable predictions are valid depends upon the precision. It is computed as the ratio of correctly 

predicted positive results compared to outcomes that the classifier expected to be positive. 

 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
  (3) 

 

Table 4. Results Table for Without Dimensionality Reduction 

Model 

With dimensionality reduction 

Precision Recall 
F1 

Score 

Train test 

split 

Accuracy 

10 Fold 

CV 

Accuracy 

Stratified 

10 Fold CV 

Accuracy 

Stratified 10 

Fold CV 

with hyper 

parameter 

tuning 

Support Vector 

Machine 
0.92 0.78 0.82 62.66% 96.22% 63.61% 90.23% 

K- Nearest Neigh 

bour 
0.68 0.72 0.97 66.99% 45.52% 77.08% 77% 
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Decision Tree 

Classifier 
0.77 0.83 0.77 91.14% 92.11% 96.05% 89.47% 

Random Forest 

Classifier 
0.87 0.9 0.88 94.62% 98.11% 94.59% 94.74% 

AdaBoost with 

decision tree 

classifier 

0.85 0.83 0.84 91.14% 90.79% 89.47% 93.42% 

Gradient Boosting 

Classifier 
0.84 0.88 0.85 94.79% 94.59% 93.28% 93.28% 

Stochastic Gradient 

Boosting classifier 
0.84 0.88 0.85 93.57% 97.22% 93.28% 93.28% 

Extended Gradient 

Boosting Classifier 
0.84 0.88 0.85 91.32% 98.39% 93.13% 93.13% 

Extended Gradient 

Boosting Classifier 

with hyper parameter 

tuning 

0.77 0.83 0.77 91.14% 92.11% 96.05% 89.47% 

Extra Tree Classifier 0.88 0.88 0.88 94.27% 100% 94.74% 94.74% 

Light GBM Classifier 0.84 0.88 0.85 94.27% 98.68% 93.42% 93.42% 

Voting Classifier 0.87 0.9 0.88 94.79% 94.59% 93.27% 94.74% 

Recall 

It usually calculates the percentage of True Positive which has been incorrectly classified. The proportion of True Positive 

towards the sum of True Positive followed by False Negative. 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  (4) 

 

F1-Score 

It comprises assessing a model that uses binary classification by looking at its favorable class predictions. Recall as well 

as precision is used to calculate it. The F1-score is in the range of 0 and 1. 

 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
    (5) 

 

V. CONCLUSION 

A prediction of thyroid cancer has become a significant medical issue with an alarming rise in recent years, necessitating 

automated prediction algorithms. Various existing models have been proposed for prediction of thyroid cancer. But still, 

those models will take more time. To overcome, the drawbacks in existing models. We applied machine learning techniques 

using dimensionality reduction and dimensionality complete. The models of machine learning techniques using 

dimensionality reduction such as KNN, DT, RF, AB, GB, SGB, XGB, XGB with hyper parameter tuning, ETC, LGBM 

and VC. Further, these models trained using four different techniques such as train test split, 10-fold cross validation, 

stratified 10-fold cross validation and 10-fold cross validation with hyper parameter tuning. The model ETC produced best 

accuracy of 100% using 10 Fold cross validation with 0.2030 seconds. Likewise, the KNN produced the lowest accuracy 

of 45.52% using 10 fold cross validation with 0.0039 seconds. Also, these models applied on dimensionality complete 

trained with four different techniques. The Models RF, AB and XGB generated the best accuracy of 100% using 10 fold 

cross validation with 1.6457, 0.0128 and 1.1142 seconds respectively. In the same way the KNN generated the least 

accuracy of 80.50% with 0.0143 seconds. 

Although, the proposed model produced satisfactory results. There are several areas where future work could be 

focused. The dataset used in this study is structured. We have planned for unstructured datasets using deep learning models 

for the same in future. 
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