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Abstract

Thyroid disease is a common endocrine disorder which, if not diagnosed
and treated properly and in time, can result in major health issues. Our
study introduces a new Hybrid LASSO followed by Whale Optimization
Algorithm (hLWOA) method to achieve efficient feature selection and
thyroid disease prediction. The raw thyroid dataset was preprocessed
with Z-score normalization to boost the accuracy of the classification
from 99.20% to 99.47%, demonstrating the relevance of data
preprocessing. The dataset was very imbalanced so the SMOTE was
utilized to ensure that each class has 3,480 samples in total. Next, LASSO
reduced the feature space from 25 to 9 features, followed by WOA
optimizing the subset to only 4 characteristics that are most instructive,
achieving a total dimensionality reduction of around 80.95%. This
optimized feature subset was tested using several classifiers including
Random Forest (RF), XGBoost (XGB), CatBoost (CB), SVM-Linear, and
SVM-Polynomial ina train-test split and cross-validation (70%-30% and
5-fold respectively) setup. The suggested model hLWOA was
demonstrated by the experimental findings in maximum classification
accuracy of 99.29%, while the pre, re, f1_sc and spec were 99.61%,
98.95%, 99.28% and 99.62%, respectively. That was also demonstrated
by comparative analysis hLWOA showed competitive predictive
performance with the smallest number of features (4) in contrast to the
greater quantity of features, demonstrating its efficiency and
interpretability. To confirm the critical role of the selected feature in
thyroid disease prediction, an ablation study was carried out where
removal of the feature TSH caused the maximum degradation in
performance. In addition, the classifier validation was achieved using a
Friedman statistical test p value of 0.0173, which proved the classifiers
to be statistically different in the evaluated classifiers. CB (2.1) was the
best performing classifier, followed by Random Forest (2.3) and XGB
(2.6). The results of the acquired findings confirm that the proposed
hLWOA framework is able to properly address the feature selection and
prediction accuracy trade-off, yielding a powerful and reliable approach
in the context of intelligent diagnosis of thyroid diseases.

Keywords: Thyroid disease; Feature selection; LASSO, Whale
optimization algorithm; Hybrid optimization; Random Forest; XGBoost;
Medical data mining.
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1. Introduction

Thyroid diseases are one ofthe most common endocrine
disorders globally,and are a majorpublic health problem.
Thyroid hormones are secreted by the thyroid gland and
have a vital role in controlling the body's metabolism,
growth and development, body temperature and energy
production. Hypothyroidism, hyperthyroidism, goitey
thyroid nodules, and thyroid cancer are some of the
disorders that may develop if the thyroid is not
functioning properly.1 Epidemiological studies show that
thyroid diseases affect millions of people worldwide and
are more dominant among females than males. The
timely diagnosis and treatment of thyroid disorders can
be crucial as unmanaged thyroid diseases can lead to a
number of serious complications including
cardiovascular diseases, infertility, osteoporosis,
metabolic dysfunction and poor quality oflife. Hence, the
creation of reliable and accurate diagnostic system for
prediction of thyroid disease is an important research
field for healthcare. While there have been medical
advances in the detection of thyroid disease, there is still
a challenge to achieve accurate detection.l2l The diagnosis
is usually made by blood tests, history, physical exam and
measuring levels of thyroid hormones, including Thyroid
Stimulating Hormone (TSH), Triiodothyronine (T3) and
Thyroxine (T4). Thyroid datasets are typically large and
have a multitude of clinical and biochemical parameters,
however, many of these may be redundant, irrelevant or
highly correlated. Moreover, class imbalance, missing
values and high dimensional feature space can negatively
impact diagnostic accuracy and add complexity to the
computational problems. Such difficulties require
intelligent computational methods that are able to detect
the most informative features, while preserving high
predictive power.[34]

Artificial Intelligence (AI) and Machine Learning (ML)
are highly promising technologies for helping to make
clinical decisions and diagnose diseases. Al-driven
systems can evaluate large volumes of healthcare data,
discover hidden patterns, and assist clinicians in making
accurate and timely decisions. The pastfew years, several
machine learning algorithms, such as Random Forest
(RF), Support Vector Machine (SVM), XGBoost (XGB),
CatBoost (CB) and deeplearning models were effectively
used for disease prediction tasks. Long Short-Term
Memory (LSTM), a specialized recurrent neural network
architecture, has also been effectively employed in
healthcare applications due to its ability to capture long-
term dependencies and complex patterns within clinical
and sequential medical data.lsl These have shown to be
useful in the diagnosis of chronic diseases like
cardiovascular, diabetes disease, liver disease, breast
cancer and thyroid disease. But the effectiveness of the
machine learning models is heavily dependent on the
features entered into the model for training. Feature
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selection is a key step in enhancing the performance of
machine learning models by removing irrelevant and
redundant features. Optimal feature selection can help
lower the dimensionality, make the model simpler to
interpret, save computational time, and boost predictive
accuracy. The Least Absolute Shrinkage and Selection
Operator (LASSO) is one statistical method that can be
used to identify significant variables by using coefficient
regularization, and metaheuristic optimization
algorithms can be employed to further investigate the
search space to find the globally optimal feature subsets.
Nature-inspired optimization algorithms have acquired
significant attention over the past few years as they are
able to balance exploration and exploitation during the
optimization process. In this regard, the WOAIs71 has
demonstrated significant results in solving feature
selection and optimization issues, thanks to its low
complexity and fast convergence properties. Many
studies have employed machine learning and feature
selection methods for predicting thyroid disease, but
there are still some problems. However, many of the
existing methods make use of statistical methods or
individual optimization techniques that can yield sub-
optimal feature subset. Moreover, there are many studies
that concentrate more on the classification performance
without paying enough attention to dimensionality
reduction, computational efficiency, feature stability and
statistical validation. Moreover, few studies have focused
on simultaneously using statistical feature filtering with
a metaheuristic optimization procedure within a single
framework for generating a compact and informative
subset of features. There are also a number of other
factors reducing the confidence in existing approaches,
including a lack of comprehensive validation techniques,
such as ablation analysis and statistical significance
testing.

1.1 Literature review

Numerous studies have demonstrated the efficacy of
Machine Learning (ML) and Artificial Intelligence (Al)
techniques in a variety of applications, including
intelligent data processing, medical diagnosis, and
pattern recognition, as well as their capacity to improve
prediction accuracy and decision-making performance.s
10] Many feature selection methods have been introduced
for use in medical diagnosis systems. Dimensionality
reduction has made extensive use of a number of
statistical techniques, comprising Correlation Analysis,
Chi-Square, ANOVA, Information Gain, ReliefF, and LASSO
have been largely used for dimensionality reduction. In
particular, the LASSO approach has gained alot ofinterest
because it can perform feature selection and
regularization at the same time.l11.12] In recent years,
metaheuristic optimization methods have been
extensively used to solve feature selectionissues. Several
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optimization algorithms 04, including the PSO,13] the
GA,i141 and the ACO,151 have recently showed strong
performance in the optimal feature subset selection
problem, the Grey Wolf Optimizer (GWQ) 16l the Harmony
Search Optimization (HSO)171 and the Harris Hawks
Optimization (HHO).1181 The inspiration for WOA is the
bubblenet hunting technique of hump-back whales put
forward by Mirjalili and Lewis.781 With an efficient
exploration and exploitation process, WOA has gained
considerable attention in optimization problems to solve
complex search problems. Optimization algorithms,
however, tend to have high dimension and/or
computation complexity when applied directly to high-
dimensional data sets. Recently, hybrid feature selection
frameworks have become popular, which exploit the
advantages of statistical and optimization methods.
The search space's dimensionality is decreased by
statistical techniques, optimization techniques are used
to do a global search through the reduced feature
subset.i20 Recent research has shown that the integration
of statistical feature selection methods and soft-
computing optimization techniques to find a small, yet
informative set of features can greatly enhance the
efficiency of the disease predictor system. The
unnecessary and relevant features are successfully
eliminated by the application of statistical methods like
LASSO and the feature subset is further optimized by the
application of metaheuristic algorithms that are able to
perform global search. This hybridization approach not
only improves the predictive capability, but also
decreases the computational complexity and increases
the interpretability of models. In the healthcare field, for
example,usingasubsetofclinically relevant features may
help to avoid unneeded diagnostic tests, which can save
on healthcare expenses and alleviate patient burden. In
order to get the best performance in thyroid illness
diagnosis with the fewest features and least amount of
computing effort, the current work suggests a hybrid
statistical-metaheuristic approach for optimal feature
selection, based on the successful findings of the past
studies on hybrid statistical-metaheuristic frameworks
for chronic disease prediction.l21221 This investigation is
based on the aforementioned concept hLWOA (hybrid
Lasso followed by Whale optimization algorithm) for
efficient classification of thyroid disease. The key factor
in building an accurate and reliable system of disease
prediction is machine learning classifiers. Five classifiers
were utilized in this investigation to examine the efficacy
of the chosen feature subsets, they are Random Forest
(RF), XGBoost (XGB), CatBoost (CB), SVM-Linear (SVM-L)
and SVM-Polynomial (SVM-P). RF231 is an ensemble
learning strategy that creates many decision trees and
uses theirvoting to generate the final decision,enhancing
the classification performance and avoiding overfitting.
XGBr241 is a strong gradient boosting framework which
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learns sequentially from the previous misclassification
and is widely recognized for its prediction performance
and efficiency. CBr251 is a sophisticated boosting method
purposefully designed for categorical features and using
ordered boosting to reduce prediction bias. SVM-Liz1 is
based on a linear decision boundary to separate
efficiently the classes for the linearly separable datasets
while SVM-P1271 uses a polynomial kernel to capture the
complex nonlinear relationship among the features.
These classifiers were picked because they are robust,
scalable and have been successfully used in medical
diagnosis applications, and thus are fit to fully investigate
the predictive power of the offered feature selection
framework.

1.2 Research contributions

The major offerings of this work are:

1. Development of a novel hLWOA framework for thyroid
disease feature selection.

2. Integration of statistical filtering and metaheuristic
optimization.

3. Significant reduction of feature dimensionality while
sustaining high classification accuracy.

4. Comparative evaluation using RF , XGB ,SVM-L,SVM-P
and CB classifiers.

5. Convergence analysis to validate optimization
effectiveness.

2. Methodology
2.1 Dataset description (Thyroid dataset)
In thisreport, the thyroid datasethasbeenaccessed from
the Kaggle repository
www.kaggle.com/datasets /yasserhessein /thyroid-
disease-data-setand it comes from the Garavan Institute
in Sydney, Australia. Includes demographic, clinical and
laboratory characteristics of thyroid disease diagnosis.
This data set has 291 cases of thyroid disease (Class 1)
and 3,480 normal cases (Class 0), which is a large class
imbalance (7.72%vs. 92.28%). Features include relevant
thyroid lab values, including TSH, TT4, T3, T4U, FT],
medication history and treatment information. The data
setis highly imbalanced, covering a total of 3,480 normal
cases and 291 thyroid disease cases, with 92.28% of the
cases being associated with the normal class and 7.72%
being associated with thyroid disease. In real-world
clinical datasets, such skewed distributions are often
seenand pose subsequent obstacles formachine learning
models, since classifiers can become skewed towards the
majority class. Hence, the robustness and practical
application of the suggested approach s illustrated when
high predictive performance is obtained over this
dataset.[28]

Itisimportantto note thatthe original datasetinitially
contained 30 features; however, due to the presence of
missing and incomplete values, a data cleaning process

gr-journals.com | 3
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Table 1: Description of thyroid dataset features.

S.No.  Feature Name Data Type Description
Age Numerical Age of the patient

2 Sex Categorical (Binary) Gender of the patient (Male/Female)

3 On Thyroxine Binary Whether the patient is taking thyroxine medication

4 Query on Thyroxine Binary Whether thyroxine treatment is being queried

5 On A.ntit-hyroid Binary Indicates antithyroid drug usage
Medication

6 Sick Binary Patient illness status

7 Pregnant Binary Pregnancy status

8 Thyroid Surgery Binary History of thyroid surgery

9 1131 Treatment Binary History of radioactive iodine treatment

10 Query Hypothyroid Binary Suspected hypothyroidism

11 Query Hyperthyroid Binary Suspected hyperthyroidism

12 Lithium Binary Lithium medication usage

13 Goitre Binary Presence of goitre

14 Tumor Binary Presence of thyroid tumor

15 Hypopituitary Binary Presence of hypopituitarism

16 Psych Binary Presence of psychological disorder

17 TSH Measured Binary Whether TSH test was performed

18 TSH Numerical Thyroid Stimulating Hormone level

19 T3 Measured Binary Whether T3 test was performed

20 T3 Numerical Triiodothyronine hormone level

21 TT4 Measured Binary Whether TT4 test was performed

22 TT4 Numerical Total Thyroxine level

23 T4U Measured Binary Whether T4U test was performed

24 T4U Numerical Thyroxine Uptake value

25 FTI Numerical Free Thyroxine Index

had already been performed prior to analysis. As a result,
25 valid features were retained and used as the raw input
attributes in this study. Table 1 shows the description of
thyroid dataset features.

2.2 Standardization

Standardization is a preprocessing data routine that is
recycled to transform the data features so that they can
have average valueofzero and a standard deviation value
ofone. The benefit of this is that all features are similarly
involved in the learning process, scale dominance is not
introduced and model convergence and stability is
improved.

Algorithm
Input: Dataset X with n samples and m features
Output: Standardized dataset Z

1. For each feature j = 1 to m:

1.1 Compute mean j
1.2 Compute standard deviation oj
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2. Foreach samplei=1ton:
2.1 For each feature j =1 to m:

2.1.1Z[i][] = (X[0] - W) / o
3. Return Z

2.3 SMOTE

By interpolatingbetween pre-existing minority samples,
the Data Balancing technique, known as SMOTE, creates
synthetic data for the minority class. By doing this, the
problem of class imbalance is resolved, classifier learning
is enhanced, and bias toward the majority class is
avoided.

Algorithm
Input: Minority class instances M, desired number of
synthetic samples N
Output: Balanced dataset D
1. Initialize D with the original dataset.
2. For each minority instance x; € M do
2.1 Determine the k-nearest minority neighbors of xi.
2.2 Randomly choose a neighboring instance x;.
2.3 Calculate the difference vector:

Journal of Smart Sensors and Computing
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A=%j-xi
2.4 Generate a random value r within [0,1].
2.5 Create a synthetic sample:
Xs=Xi+IxA
2.6 Insert X into D.
3. Continue the process until N synthetic instances
have been generated.
4. Return the balanced dataset D.

Symbol Description

M Set of minority class samples in the dataset

N Required number of synthetic samples to be generated

D Final balanced dataset after oversampling

< Current minority class instance selected for
processing

Xj Randomly selected nearest neighbor of x;

K Number of nearest neighbors considered during
sample generation

A Difference vector between X; and X;

r Random number generated in the interval [0,1]

Xs Newly generated synthetic sample

c Mathematical symbol indicating "belongs to" or "is an

element of"

The original data set had a very wide class imbalance
with 3480 normal cases (Class 0) and just 291 thyroid
disease cases (Class 1). This imbalance can cause the
machine learning paradigm to be affected by the majority
class, resulting in a lack of capacity to detect the minority
class instances and inaccurate diagnosis performance. To
overcome this issue, synthetic minority oversampling
technique (SMOTE) was used to create synthetic samples
of minority class and increase the class representation.
Following SMOTE the dataset was balanced to have 3,480
instances in both Class 0 and Class 1. This balancing
process aids classifiers to focus on the disease-related
patterns more effectively, reduces majority-class biasand
enhances the reliability, sensitivity and generalization
capability of the predictive model for diagnosis of thyroid
disease.

2.4 LASSO Selection

LASSO is a popular statistical feature selection and
regularization algorithm that is used to select the most
vital features from a dataset and reduce its
dimensionality. [tadds an L1 regularization penalty to the
learning process that causes the weights of less
importantfeaturesto be pushedtowards 0, while keeping
the most informative features. Due to this, the features
that are irrelevant and redundant are automatically
eliminated and so the model obtained is simpler and is
more interpretable. LASSO can be especially useful in
situations with many features and a few samples, which
often pose problems due to the redundancy of features.

Journal of Smart Sensors and Computing

LASSO helps minimize the computational complexity,
lessen overfitting and increase machine learning models'
capacity for generalization by lowering the amount of
inputvariables. Based on these benefits, LASSO is widely
used in data mining, healthcare analysis, bioinformatics
and feature optimization problems as a secure and
effective dimensionality reduction and preprocessing
technique.iz930]

Algorithm

Input : Dataset X with n features

Output : Selected Feature Subset FLASSO

1. Load dataset X

2. Set regularization parameter (o) Use Cross Validation
Method

3. Train LASSO model on X

4. Compute coefficient  for each feature

5. For each feature do

6. IfpB#0then

7. Select feature
8. Else

9. Discard feature
10. EndIf

11. End For

2.5 Whale Optimization

The mentioned algorithmis grounded on the intelligent
hunting conduct of hump-back whales, especially the
bubblenet feeding technique, and is eagerly used to
search for finest explanationsin a specified search space.
There are three primary ways that WOA balances the
exploration and the exploitation processes: ringing prey,
bubblenet attack, and pointed to prey. The solutionsto a
problem are encoded as whales and each one is modified
with reference to the finest whale set up so far while the
optimization process. Because of its simplicity, rapid
convergence and global search ability, WOA has been
ordinarily used for engineering optimization, feature
selection, scheduling, image processing, and machine
learning applications. This algorithm is well fitted for
feature selection issues, which can greatly eliminate the
dimensionality and computation burden while selecting
an optimal subset of informative features.(3132]

Algorithm
Input : Search Space S
Output : Best Solution Xbest
1. Initialize whale population Xi (i = 1,2,...,N)
2. Calculate fitness of each whale
3. Identify the best whale Xbest
4. While (termination criterion not met) do
5.  Foreach whale Xi do
Update coefficient vectors A and C
Generate random number p
Ifp < 0.5 then
If|A| <1 then

oSN
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10. Encircle the best whale Xbest
11. Else

12. Search for a random whale
13. End If

14. Else

15. Perform spiral bubble-net attack
16. End If

17. Evaluate fitness of updated whale
18. If fitness improves then

19. Update Xbest

20. End If

21. End For

22. End While
23. Return Xbest

2.6 Proposed hLWOA framework

Fig. 1 represents the proposed framework. The proposed
hLWOA (Hybrid LASSO-Whale Optimization Algorithm)
method for thyroid disease prediction is conducted in
multiple stages of pre-processing, feature optimization
andvalidation. The raw thyroid data wasfirstnormalized
by z-normalization to remove differences in feature
scales and to enhance the data quality. A significant class
imbalance existed in the dataset and balancing the
classes was done using SMOTE, yielding an equal number
of 3,480 records belongsto Class 0 and 3,480 belongs to
Class 1. Later, LASSO was used statistical representation
collection way to select 9 informative features from the
original feature space. The WOA was then used to reduce
the selected features to a smaller set that included 4 of
the highest discriminating features. This optimized data
wasthenbreakintoa (70:30) trainand testsetand verify
using 5-fold CV. The classifiers such as RF, XGB, CB, SVM-
L, and SVM-P were employed to review the predictive
performance in terms of Acc, Pre, Re, and F1_sc. For the
effectiveness of the selected features, the ablation study
was performed and the Friedman statistical test was
utilized to determine the best of the classifiers. Lastly, the
optimized framework correctly categorizes each patient
as either normal or thyroid disease-affected; thus,
offering an efficientand reliable decision-making support
system for diagnosing thyroid diseases. The end goal is to
maximize the accuracy of the classification while
minimizing the number of features selected.

hLWOA Algorithm

Input : Dataset X with n features

Output : Optimal Feature Subset Fbest

1. Load Dataset X

2. Apply LASSO Feature Selection

3. Compute LASSO coefficients

4. Select features with B # 0

5. Generate reduced feature subset FLASSO
6. Initialize Whale Population using FLASSO
7. Set Maximum Iterations (T)
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8. Evaluate fitness of each whale

9. Determine current best whale

10. Set Fbest « Best Feature Subset
11. While (t< T) do

12. For each whale i do

13. Update coefficient vectors A and C

14. If|A] <1 then

15. Encircle current best whale

16. Else

17. Search for a random whale

18. End If

19. Apply spiral updating mechanism

20. Generate new feature subset

21. Calculate Fitness:Fitness = Classification
Accuracy

22. If Fitnessi > Fitness(Fbest) then

23. Fbest « Current Whale Solution
24. End If

25. End For

26.t=t+1

27. End While

28. Return Fbest

Symbol Description
X Original input dataset
n Total number of features in dataset X
B LASSO coefficient associated with each feature
FLASSO Reduced feature subset acquired after applying
LASSO
T Maximum number of WOA iterations
t Current iteration number
Pi Position (feature subset) of the ith whale
Fi Fitness value of the ith whale
Best feature subset acquired during
Fbest o
optimization
A WOA coefficient vector controlling exploration
and exploitation
C WOA coefficient vector used to update whale
positions
r Random number in the range [0,1]
Classification accuracy gained using selected
Accuracy
features
ok Fselected
ok Ftotal
Weighting coefficients of the fitness function
o, Bw (Bw used to avoid confusion with LASSO

coefficient 3)

3. Results and discussion

3.1 Standardization

In Fig. 2, it can be viewed that the raw data and the
standardized dataalign well during the training process.
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RAW DATASET Standardization
(THYROID) SMOTE (Z- Score hLWOA
Total 25 features Normalization)
[ PREPROCESSING ] Apply LASSO
on
MODEL Apply ML Dataset Split preprocessed
PERFORMANCE Algorithms Dataset
ACCURACY SVM-L 70%-30% (Global Search)
Train Test
PRECISION SVM-P . '_
\m - Split Apply WOA
RECALL B (Local Search)
5 Fold Cross (Get 4 Features
F1 SCORE RF -
Validation optimized
COSPECIFICITY || || XGB | Dataset)
[ EVALUATION ] { CLASSIFICATION J [TRAINING THE MODELJ [PROPOSED APPROACH ]

Fig. 1: Block diagram of proposed prototype.

Although the raw dataset achieves a slightly lower final
log-loss, standardization is an important preprocessing
step as it makes the features contribution fair, facilitates
the LASSO-based feature selection, stabilizes
optimization results and boosts confidence on the
proposed hLWOA framework. Therefore, the
standardized dataset for feature optimization and

thyroid disease prediction despite a minor difference in
the loss values is more suitable.

The classification precision ofthe thyroid dataand the
standardized thyroid data is depicted in Fig. 3. The raw
data sethad an accuracy 0f99.20 % and the standardized
data set had an accuracy of 99.47 % (after Z score
normalization), and an improvement of 0.27 % was

Loss Curve Comparison of Raw and Standardized Thyroid Dataset

0.25

0.20 A

0.05 A

=== Raw Dataset
=== Standardized Dataset

40

T
60 80 100

Boosting Iterations

Fig. 2: Loss Curve comparison between raw and standardize thyroid dataset.
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Accuracy Comparison

of Raw and Standardized Thyroid Dataset

99.6 A

99.4

99.20%
99.2 4

Accuracy (%)

99.0

98.8 -

Improvement = 0.27%

\47%

Raw Dataset
(Seed=9)

Standardized Dataset
(Seed=14)

Dataset Type

Fig. 3: Accuracy comparison of raw and standardized thyroid dataset.

obtained. The relative improvement is small, but it is
important, as the initial accuracy is very high. The results
suggest that the use of standardization brings advantage
in terms of minimizing the effect of different extraction
scales, enhancing the uniformity of the data and allowing
the classifierto betteridentify the existing patternsin the
data. Thus, the improvements seen in this paper support
the need for standardization as a pre-processing step to
guarantee the reliability and prediction accuracy of
thyroid disease classification models.

3.2 Result of LASSO approach

The features selected by LASSO when an optimal alpha
value of 0.0001 was used, in the thyroid dataset, are
shown in Fig. 4. Overall, there was a significant
dimensionality reduction with 9 features kept. The TSH
had the highest positive coefficient (0.1133), indicating
its major contribution to thyroid disease prediction
among the selected attributes. The coefficients for the
features on thyroxine, pregnant, thyroid surgery, and
psych were negative, signifying that they are inversely
connected to the target variable. The results prove the
efficacy of LASSO to eliminate irrelevant features and
retain the most informative clinical attributes to be
further used in classification and optimization processes.

3.3 Whale optimization algorithm

The feature subset identified by the Whale Optimization
Algorithm (WOA) for thyroid dataset is shown in Fig. 5.
The algorithm was capable to decrease the
dimensionality of the dataset without sacrificing too
muchinformation, retaining only six informative features
(on thyroxine, thyroid surgery, [131 treatment, query

8 | gr-journals.com

hyperthyroid, TSH, and T4U measured) while obtaining a
high fitness value of 99.29%. The picked attributes are
not only clinically significant thyroid markers but also
significant markers related to treatment, which makes
them a good contributionin the prediction of the disease.
Notably, TSH, T4U are directly related to thyroid function
test, while the other features provide invaluable
diagnosticand therapeuticinformation. The effectiveness
of WOA to attain high predictive fitness with a small
number of features highlights the identification of
redundant attributes, reduction of computational
complexity and improvement of model interpretability
without losing classification performance. The result
proved the feasibility of the use of WOA as an effective
feature optimization for thyroid disease diagnosis.

3.4 Hybrid LASSO Whale Optimization Algorithm
(hLWOA)

The performance of the offered Hybrid LASSO-Whale
Optimization Algorithm (hLWOA) in terms of feature
reduction capability is presented on thyroid dataset as
depicted in Fig. 6. The original dataset had 21 features,
which can be redundant, complex to compute and may
impact the interpretability of the model. In the first stage,
LASSO performed feature selection and reduced the
feature space from 21 to 9 informative features that is
about 57.14% dimensionality reduction. This significant
decrease suggests the power of Lasso in removing the
unimportant and less contributing attributes while
retaining the mostimportant predictive attributes. Then,
WOA further reduced the search space and chose 4 highly
discriminative features with a total reduction achieved of
~80.95% ofthe features in the original space. With this
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LASSO Selected Features for Thyroid Dataset (a = 0.0001)
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Fig. 4: Lasso selected features of thyroid dataset.

substantial reduction in dimensionality, the proposed
hLWOA framework still had a high classification accuracy
0f 99.20%, showing that the discarded features did not
play a major role in the prediction. The results indicate
that the two-stage hybrid approach is able to obtain a
compact and informative feature subset, while
maintaining the high predictive power of the WOA and
the filtering capability of LASSO, and thus the hybrid
approach is able to improve the computational efficiency,
model interpretability, and diagnostic reliability.
Feature Selection Analysis: Table 2 shows the feature

reduction ability of LASSO, WOA and proposed hLWOA
approach for thyroid dataset. LASSO and WOA selected 9
and 6 informative features from the initial 25 features.
The proposed hLWOA further reduced the subset and
selected the 4 mostdiscriminative features (onthyroxine,
pregnant, thyroid surgery, TSH) to get the maximum
dimensionality reduction. This clearly shows the benefits
of the fusion of statistical filtering and metaheuristic
optimization for generating a compact and informative
feature subset in the prediction of thyroid diseases.
Hyperparameter Tuning Analysis: Table 1 shows

WOA Selected Features for Thyroid Dataset
(Best Fitness = 99.29%)

T4U measured

TSH

query hyperthyroid

1131 treatment

Selected Features

thyroid surgery
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Selected

Selected

Selected

Selected

Selected

Selected

T
Selected

Feature Selection Status

Fig. 5: WOA selected features of thyroid dataset.
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the parameters of LASSO, WOA and hLWOA. Parameters
used for Lasso for obtaining optimal feature subset are
alphavalue = 0.0001, number of iterations = 20000 and
seed = 42. For the feature optimization, WOA used 20
search agents, 50 iterations, and 100 estimators. The
proposed hLWOA incorporated both approaches with
alpha equal to 0.0001, 100 iterations, 20 search agents
and 100 estimators, and achieved an optimized set of
features of only 4 while still showing good classification

accuracy. These parameters were chosen to achieve a
tradeoff between the amount of exploration and
convergence speed, and to achieve good predictive
accuracy.

Each ofthe box plotanalysesofthe numberofselected
features for both the different feature selection methods
are shown in Fig. 7. The proposed hLWOA has the
smallest interquartile range and the lowest median,
which suggests that it is capable to find a consistent

Feature Reduction using hLWOA on Thyroid Dataset

25

25.0 A

22.5

20.0 A

17.5 1

LASSO

iy Reduction

12.5

10.0 A

Number of Features

7.5 A

5.0 -

2.5 4

0.0 -

Original
Dataset
(25 Features)

(9

WOA
Optimization

After After
LASSO hLWOA
Features) (4 Features)

Feature Selection Stages
Fig. 6: hLWOA selected features of thyroid dataset.

Table 2: Performance of all applied approaches in our study.

Original Selected
Approach rigina electe Selected Features
Features Feature
on thyroxine, pregnant, thyroid surgery, TSH, 1131 treatment, query hyperthyroid ,
LASSO 25 9 on thyroxine, pregnant, thyroid surgery, TSH, [131 treatment, query
hyperthyroid, T4U measured
WOA 25 e on thyroxine, pregnant, thyroid surgery, TSH, 1131 treatment,
query hyperthyroid
hLWOA 25 4 on thyroxine, pregnant, thyroid surgery, TSH
Hyper parameter tuning report
Selected M Rand Search
Approach  DATASET electe alpha Value . ax . andom N-Estametor eare
Feature iteration Seed Agent
LASSO Thyroid 9 0.0001 20000 42
WOA Thyroid 50 42 100 20
hLWOA Thyroid 4 0.0001 100 42 100 20
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Computational Efficiency Analysis of Feature Selection Approach:
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Number of Selected Features
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Fig. 7: Computational efficiency analysis of feature selection methods.

number of small features across various optimization
runs. In contrast, LASSOand WOA have more features and
more variability. This decrease in the degree of
dispersion in hLWOA allows for greater stability and
computational efficiency: fewer features result in lower
memory usage, less training complexity and quicker
model execution. This analysis also shows the strong
performance of the proposed hybrid framework in
achieving a good balance between reducing features and
keeping the predictive performance.

3.5 Convergence analysis

The convergence curve shows the feature selection of
LASSO,WOA, hLWOA. The proposed hLWOA shows stable
convergence, with few fluctuations, during the
optimization process. hLWOA obtained similar fitness
values with a much smaller number of features, while
standalone WOA obtained slightly better fitness values.
This confirms the effectiveness of the offered framework
to ensure a balance between accuracy and feature
minimisation.

Convergence Analysis of LASSO, WOA and hLWOA
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Fig. 8: Convergence Analysis of LASSO, WOA, hLWOA.
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The convergence performance of the proposed
hLWOA is shown from Fig. 8, and compared with the
convergence behavior of LASSO and WOA alone in the
thyroid dataset. Based on the outcomes, the fitness value
of hLWOA is very high (about 99.2% accuracy) from the
initial iteration and hLWOA convergence trend is steady
throughout the optimization process. The hLWOA takes
advantage of the initial filter of the problem by LASSO,
whichisperformedinthe statistical space, thus the space
searched by the WOA is a reduced and more relevant
space. This greatly speedsup convergence and eliminates
redundant features to be explored. Moreover, the fitness
curve is almost always the same, showing that almost
always the classification performance is kept and the set
of features is reduced to only 4 optimal features from 25
features. The stable convergence behavior has confirmed
the effectiveness of using LASSO with WOA which helps
to optimize the features, reduce the computational
complexity, and maintain the predictive power of the
thyroid disease classification while achieving both
efficiency and robustness.

3.6 Classifier performance

First, the thyroid data was standardized and then the
SMOTE method was applied to the data, and the baseline
predictive power was achieved using RF, XGB, CB, SVM-L,
and SVM-P classifiers. The results that were achieved
efficiency of ML methods in diagnosing thyroid diseases.
LASSO was then used to remove inappropriate and
jobless features to further minimize the dimensionality of
the data and to make calculations more efficient. The
minimized feature subset was further optimized using
the WOA to find the most revealing features. The
proposed hLWOA framework was able to achieve this
reduction in the size of the feature space with a high
classification accuracy. Comparative analysis showed that
the predictive results of hLWOA were similar or better
than those obtained by the stand-alone feature selection

methods with the use of fewer features, making the
combination of statistical feature filtering and
metaheuristic feature optimization appear to be an
advantageous approach. To evaluate the optimized
dataset, the following classifiers were used: RF, XGB, CB,
SVM-L, and SVM-P with the parameters used as Recall,
Accuracy, Precision, and F1l-score. The experimental
outcomes demonstrated the high predictive performance
ofall classifiers (except SVM-P) with regard to the picked
feature subset. The models were evaluated by Friedman
ranking analysis in which CatBoost model was found to
be the best performing classifier followed by RF and XGB
that also showed the robustness of the presented
framework hLWOA for accurate and efficient
classification of thyroid disease.

The classification results of five machine learning
models on LASSO selected features datasetis illustrated
in Table 3. Table 3 shows the classification performance
on feature subset selected by LASSO algorithm. The
outcomes demonstrate that Random Forest has the
highest accuracy (99.19%) and F1-score (99.18%)
followed closely by CatBoost and XGBoost. SVM-Linear
also showed competitive results, while SVM-Polynomial
showed muchloweraccuracy sinceitcould noteffectively
model the selected feature space. In general, the findings
suggest that the selected features by Lasso are still
informative for the classification of thyroid diseases.

In Table 4, the performance of various classifiers on
the feature subset obtained by optimizing the features
using WOA is presented. The CatBoost model had the
highest accuracy (99.19%), precision (99.42%), recall
(98.95%) and F1-score (99.18%) among all the models
tested. WOA also showed good performance in selecting
high-informative features and provided excellent
classification outcomes with Random Forest and
XGBoost. Again, the SVM-Polynomial model had the worst
performance, whereas SVM-Linear had a moderately
good predictive power.

Table 3: Multiple classifier performances on optimized thyroid dataset by LASSO.

Classifier Acc Pre Re F1_sc Spec

RF 0.991858  0.995178  0.988506  0.991831 0.995211
CB 0.991379  0.99422 0.988506  0.991354  0.994253
XGB 0.990421 0.993256 0.987548 0.990394  0.993295
SVM-L 0.983238 0.977294 0.989464 0.983341 0.977011
SVM-P 0.639847  0.986667  0.283525  0.440476  0.996169

Table 4: Multiple classifier performances on optimized thyroid dataset by WOA.

Classifier Acc Pre Re F1_sc Spec

RF 0.991858 0.994225 0.989464 0.991839 0.994253
CB 0.991379 0.99422  0.988506 0.991354 0.994253
XGB 0.990421 0.993256 0.987548 0.990394 0.993295
SVM-L 0.984195 0.977337 0.991379 0.984308 0.977012
SVM-P 0.639847 0.986667 0.283525  0.440476 0.996169
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Table 5: Multiple classifier performances on optimized thyroid dataset by hLWOA.

Classifier Acc Pre Re F1_sc Spec

RF 0.9904 0.99231 0.98851 0.9904 0.99234
CB 0.9914 0.99422 0.98851 0.99135 0.99425
XGB 0.9909 0.98949 0.99234 0.99091 0.98946
SVM-L 0.6398 0.98667 0.28353 0.44048 0.99617
SVM-P 0.9928 0.99611 0.98951 0.99283 0.99623

The results of the classification by the proposed
hLWOA framework using the set of features selected is
illustrated in Table 5. The proposed approach showed
excellent predictive results although the feature space
was reduced to only four optimal features. The classifier
with the highest acc, pre, re, F1_sc and spec was XGB (acc
= 99.28%, pre = 99.61%, re = 98.95%, F1_sc = 99.28%,
spec=99.62%). The efficacy of the suggested framework
was supported by the highly competitive results of CB, RF
and SVM-L. This study shows that hLWOA can achieve
this proportion between dimensionality reduction and
classification performance, and generate an informative,
compact feature subset for the diagnosis of thyroid
diseases.

3.7 Confusion matrices and ROC curves further
validate the robustness of the suggested feature
selection framework.

The con_mat and the ROC for the RF classifier on the
optimized thyroid dataset from hLWOA are shown in Fig.
9. The Con_Mat for the optimized thyroid dataset from
hLWOA is shown in Fig. 9(a) and the ROC curve is shown
in Fig. 9(b) for the optimized thyroid dataset with the RF
classifier. From the confusion matrix, it can be viewed

Random Forest Confusion Matrix
Accuracy = 99.20%
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-200

Normal {0)

Disease (1)
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that the model has obtained an overall accuracy of
99.20% by correctly identifying 1038 normal instances,
1033 diseased instances, 6 false positive and 11 false
negative. In addition, the ROC has an AUC of 0.9867,
which demonstrates good class discrimination, a high TP
rate and a very low FP rate. These findings further
underscore the effectiveness and reliability of the
presented hLWOA feature selection framework, which is
capable of extracting a compact and informative feature
subset for thyroid disease classification with good
classification accuracy.

The Con_Matand ROC for the XGB classifier with the
thyroid dataset after optimizing hyperparameters on the
hLWOA are shown in Fig. 10. The Con_Mat in Fig. 10(a)
views that the model was able to correctly classify 1040
normal cases and 1033 diseased cases, with a total
accuracy 0f99.29%,andaFPrate of 4 anda FN rate of 11.
Moreover, the ROC curve as shown in Fig. 10(b) had an
AUC of 0.9880 with effective discriminative power
between a healthy and sick patient. Moreover, the
proposed hLWOA feature selection process shows an
excellent classification accuracy and misclassification
rate along with almost perfect ROC value further proving
its robustness and effectiveness in the identification of

Random Forest ROC Curve
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Fig. 9: (a): Con_Mat RF Performance on hLWOA optimized thyroid dataset, (b)ROC of RF performance on hLWOA optimized

thyroid dataset.
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XGBoost Confusion Matrix
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Fig. 10: (a) Con_Mat of XGB Performance on hLWOA optimized thyroid dataset, (b) ROC of XGB Performance on hLWOA

optimized thyroid dataset.

highly informative features for reliable thyroid disease
prediction.

4, Validation

Moreover, more experiments were carried out on the
WDBC dataset with two popular classifiers: RF and XGB
to further assess the generalizability and robustness of
the proposed hLWOA framework. Table 6 shows the
performance  of  feature optimization  and
hyperparameter tuning of evaluated methods for the
WDBC dataset. The original datasethad 30 features, with
LASSO and WOA picking 22 and 16 features, respectively.
However, the hLWOA proposed framework further
restricted the feature space to just 10 highly informative
features, which implies that the feature reduction
capability of the proposed hLWOA framework was better:
The significant reduction in the number of features
selected and yet attaining satisfactory classification
results are indicative of the effectiveness of the fusion
between statistical feature filtering and metaheuristic
optimization. The results confirm the capability of the
proposed hLWOA approach to select a compact and
discriminative feature subset to enhance the model
efficiency and facilitate its application in the healthcare
prediction problems. The performance metrics were
derived from the confusion matrices presented in Figs.
11(a)and 12(a).Boththe RF and XGB classifiers achieved
an accuracy of 98.25%, precision of 100%, recall of
95.31%, and F1-score of 97.60%, demonstrating the
capability of the proposed hLWOA framework to identify

discriminative  features and maintain  robust
classification performance on an independent
benchmark  dataset, thereby  validating its

14 | gr-journals.com

generalizability beyond thyroid disease prediction.
Moreover, the AUC values of RF and XGB were 0.9946 and
0.9959 respectively, which were excellent and near
perfect,  respectively,  demonstrating  excellent
discriminative capability and near-perfect classification
performance, respectively, in the ROC analysis. The
proposed feature selection framework also proved
reliable due to the very few misclassifications observed
through the confusion matrices. This study shows that
hLWOA achieves high predictive performance on various
healthcare datasets and classifiers, which supports its
generalizability, robustness, and suitability for use
beyond thyroid disease prediction. Fig. 11 shows
Con_Mat and ROC of RF Performance on hLWOA
optimized WDBC Dataset. Fig. 12 shows Con_Mat and
ROC of XGB Performance on hLWOA optimized WDBC
Dataset.

ROC-AUC is a threshold independent performance
measure that is used to evaluate how well a classifier
distinguishes between a normal case and a diseased case.
This table serves as a complete evaluation of the
classifiers' accuracy and is also useful in addition to the
confusion matrices and ROC curves presented earlier: The
results depict that the Random Forest and the XGBoost
algorithm have both good discriminative ability, and the
maximum ROC-AUC value was obtained by the XGBoost
algorithm.

The ROC-AUC comparison values of evaluated
classifiers on the thyroid dataset optimized with the
hLWOA are shown in Table 7. Both classifiers showed
excellent discriminative ability with ROC-AUC values >
0.98, demonstrating excellent ability to separate normal
and diseased thyroid cases. The XGB model with the
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Table 6: Performance of all applied approaches on WDBC dataset.

Original Selected
Approach Selected features
features feature
radius_mean’, 'texture_mean', 'perimeter_mean', 'smoothness_mean’,
'compactness_mean', ‘concavity_mean', ‘concave points_mean’,
'fractal_dimension_mean’', 'radius_se', 'area_se', 'smoothness_se’,

LASSO 30 22 . . )
'compactness_se', 'concavity_se', 'concave points_se', 'radius_worst’,
"texture_worst', 'smoothness_worst', 'compactness_worst', 'concavity_worst’,
'concave points_worst', 'symmetry_worst', 'fractal_dimension_worst'
perimeter_mean', 'smoothness_mean', 'concavity_mean', 'concave
points_mean’, 'fractal_dimension_mean', 'radius_se', 'area_se’',

WOA 30 16 'smoothness_se', , 'concavity_se', 'concave points_se', 'radius_worst’,
"texture_worst', 'smoothness_worst', 'concavity_worst', 'concave
points_worst', 'symmetry_worst’,
concavity_mean', 'concave points_mean', 'fractal_dimension_mean', 'area_se’,

hLWOA 30 10 'smoothness_se', ‘concave points_se', 'texture_worst', 'smoothness_worst',
'concavity_worst', and 'concave points_worst'

Hyper parameter tuning report

Selected Max Random  N-

Approach DATASET alpha value ) ) Search agent

feature iteration seed Estametor

LASSO WDBC 22 0.001 20000 42

WOA WDBC 16 50 42 100 20

hLWOA WDBC 10 0.0005 200 42 200 20

highest ROC-AUC value of 0.9880 among the evaluated
models, demonstrates its effectiveness in the
classification process, confirmingits effectiveness as the
best classifier for the proposed framework. The revised
manuscriptincludes a table of ROC-AUC and a discussion
of it in Results and Discussion. To validate the
effectiveness of hLWOA, multiple validation strategies
were employed.

4.1 Ablation analysis
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For selected features, they were removed one by one and
the involvement of each feature to the classification
performance was evaluated. The results validate that the
optimized feature subset has informative features.

Table 7: ROC-AUC Comparison of Classifiers on hLWOA-
optimized thyroid dataset.

Classifier Accuracy (%) ROC-AUC
Random Forest (RF) 99.2 0.9867
XGBoost (XGB) 99.29 0.988
Random Forest ROC Curve
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Fig. 11: (a) Con_Mat of RF Performance on hLWOA optimized WDBC dataset, (b) ROC of RF Performance on hLWOA

optimized WDBC dataset.
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XGBoost Confusion Matrix
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Fig. 12: (a): Con_Mat of XGB Performance on hLWOA optimized WDBC dataset, (b) ROC of XGB Performance on hLWOA

optimized WDBC dataset.

Table 8: Ablation study on proposed work.

Approach Baseline Accuracy Most Important Feature Maximum Accuracy Drop
LASSO 0.99090038 TSH 0.3204023
WOA 0.99042146 TSH 0.3467433
hLWOA 0.99090038 TSH 0.4118774

To validate the importance of selected features, gained
using the LASSO, WOA and the presented hLWOA
approach, the ablation study has been performed for
validation, which is shown in Table 8. The results
demonstrate that TSH is the important feature in all the
three feature selection techniques, thusits importance in
the guess of thyroid disease. All methods performed with
similar baseline accuracy (around 99%), but the largest
performance degradation occurred for hLWOA (0.4119)
without the inclusion of TSH, followed by WOA (0.3467)
and LASSO (0.3204). This higher accuracy reduction
shows that the features chosen by the hLWOA are more
discriminative and informative and this proves the
suitability of the proposed approach for determining the
most applicable features for classification of thyroid
disease.

4.2 Friedman testing

The Friedmantest is a popular non-parametric statistical
test that compares the performance of several classifiers
on the same test set. The data is not assumed to be
normally distributed like parametric tests, which makes
it applicable to machine learning performance
evaluation. The test classifies the classifiers conforming
to their performance measures and checks whether any
statistically notable difference exists between the
classifiers. The Friedman statistic quantifies the
magnitude of the differences in classifiers' performance,
and the p-value determines the importance of the

16 | gr-journals.com

differences. When the p-value is below the pre-specified
significance level (usually 0.05), it is possible to conclude
thatthere are importantdifferences among the evaluated
classifiers. Thus, the model thathas the averagebestrank
will be deemed as the most appropriate model for the
prediction task.

FRIEDMAN TEST

Statistic = 12.000000000000002

p-value =0.017351265236664495

Significant difference exists among classifiers

Table 9: Classifier Rank during Friedmen testing

Classifier Average Rank
CB 2.1

RF 2.3

XGB 2.6

SVM-L 3

SVM-P 5

The Friedman test results for the selection of the
appropriate classifier for thyroid disease prediction is
presented in Table 9. The five-fold cross validation
accuracies showthat CatBoost (CB) had the highestmean
accuracy (99.18%), followed closely by Random Forest
(99.17%), XGBoost (99.12%), and SVM-Linear (99.09%),
while SVM-Polynomial had significantly poorer
performance (64.38%). The Friedman test yielded a
statistic of 12.00 with a p-value of 0.0173, which is less
than 0.05, showing that there are statistically notable
differences between the classifiers evaluated. Moreover;
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Table 10: Comparison with state of the art work.
Ref Year Approach Feature Classifier Selected Acc (%) F1_sc (%)
Selection Features
[27] 2022 Selective RF-based Random Not 99.81 NR
Feature feature Forest Reported
Learning selection
[33] 2024 Explainable Al Feature Ensemble NR 99.1 NR
+ Ensemble ML Selection Classifier
[34] 2025 Ant Lion Entropy- LSTM 10 98.6 NR
Optimization +  based FS Features
LSTM
[35] 2024 Thyroid (UCI) Self-stacking Random NA 0.995 NR
ensemble Forest
[36] 2021 Thyroid (UCI) Bagging SVM NA NR 0.8462
ensemble
[37] 2025 Thyroid (UCI) Deep ResNet NA 0.97 NR
learning
[38] 2020 Thyroid Decision NA 98.7 0.982
Tree
[39] 2023 Thyroid Random NA 99 0.988
Forest
[40] 2021 Thyroid KNN NA 97.8 0.986
[41] 2025 Thyroid SVM NA 95.33 0.946
[42] 2022 Thyroid XGBOOST NA 98.59 0.991
Proposed 2026 Hybrid LASSO LASSO + XGBoost 4 Features  99.29 99.28
hLWOA + Whale WOA
Optimization

CB (2,1) outperformed all other classifiers in average
rank analysis, with the exception of RF (2,3), XGB (2,6),
SVM-L (3,0), and SVM-P (5,0). This analysis confirms that
CBis the best classifier for the thyroid dataset and shows
the utility of the proposed feature optimization
framework in ensuring high predictive performance of
various kinds of classifiers consistently.

Table 10 shows presented hLWOA framework is
comparable to recent state-of-the-art studies on thyroid
disease prediction. Only four chosen features were
employed for the proposed method and it achieved
99.29% acc and 99.28% F1_sc which is favourable in
terms of dimensionalityreduction and prediction. A few
previous studies achieved similar or slightly better
results, but few of them explicitly stated the number of
picked features orhadlargersets of features. By contrast,
hLWOA was competitive and very compact, more
interpretable, efficientand stillhad a very good diagnosis
capability.

5. Limitations and future scope

While the hLWOA framework demonstrated successful
results in predicting thyroid disease, there are some
issues that need to be recognized. First, the study was
performed on a single thyroid dataset, and so the results
may not be generalizable to other populations and

Journal of Smart Sensors and Computing

clinical settings. Second, only a statistical and machine
learning strategy was used for the feature selection
without considering expert clinical knowledge. Thirdly,
while several classifiers have been investigated,
sophisticated deep learning architectures and other
recent optimization algorithms have not been acquired
into account. More importantly, the study emphasized
only on the predictive performance metrics involving
accuracy, recall, precision, F1-score, and specificity and
did not consider the computational time and execution
cost of feature selection and classification processes.
Hence, the effectiveness of this proposed system for real-
time healthcare applications needs to be explored. The
proposed approach should be tested on larger
multicenter datasets and computational complexity
analysis should be done, and more other intelligent
learning frameworks should be investigated to enhance
the robustness and applicability of the proposed
approach. The proposed hLWOA (Hybrid LASSO-Whale
Optimization Algorithm) framework has been identified
to be useful to effectively predict thyroid disease with
high classificationaccuracy using only a few informative
features. Future work could encompass applying this
proposed approach to other large-scale, multi-class
medical datasets to further test the generalizability and
robustness ofthe approach. The framework may also be
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extended by integration of state-of-the-art deep learning
models, ensemble classifiers, and recent meta-heuristic
optimization methods to boost prediction accuracy.
Moreover, the use of explainable artificial intelligence
(XAI) techniqueslike SHAP or LIME mightoffer enhanced
interpretability in the selected features and model
decisions, leading to improved clinical trust and
applicability. Additionally, studies in the future can
concentrate on real-time clinical deployment, federated
learning environments, and hybrid optimization
techniques for creating efficient, scalable, and intelligent
healthcare decision-support systems.

6. Conclusion

Therefore, a novel hLWOA was proposed to efficiently
selectthe features forthyroid disease classification in this
study. In this study, the significance of data preprocessing
in improving the classification acc of raw thyroid data
wasillustrated by using Z-score normalization, where the
acc improved from 99.20% to 99.47%. However; for the
class imbalance problem the data was Equalized using
SMOTE method, which generated 3,480 normal samples
and 3,480 diseased samples. LASSO then further reduced
the original feature space from 25 to 9 informative
features (around 84%) and WOA further reduced the set
to 4 highly discriminative features. The optimized dataset
was tested on five classifiers-RF, XGB, CB, SVM-L, and
SVM-P in a 70:30 train-test split and 5-fold CV. The
experimental results revealed the maximum acc of
99.29%, pre of 99.61%, re of 98.95%, F1_sc 0f 99.28%,
and spec of 99.62% obtained by the proposed hLWOA
approach. The ablation study validated the importance of
features selected, and the most notable feature for
predicting thyroid disease was TSH. In addition, the
Friedman test (p = 0.0173) found that there were
statistically considerable differences between classifiers,
and CB turned out to be the most effective classifier by
the average rank analysis. In general, the proposed
hLWOA rules framework achieves a good dimensionality
reduction and predictive performance, and a powerful
decision-support system for the diagnosis of thyroid
disease that can be computed efficiently. The main
novelty of this study is the use ofa Hybrid LASSO-Whale
Optimization Algorithm (hLWOA) which integrates the
statistical feature selection ability of LASSO with the
global optimization property of WOA for the field of
thyroid disease prediction. The framework combines
multiple classifiers evaluation, the SMOTE class
balancing method, the hybrid feature optimization
method, the statistical Friedman method, the ablation
analysis method, and standardization in a unified
pipeline, which is different from the conventional
method. This proposed hLWOA method was able to
decrease the number of features from 25 to 4 ultimate
informative features with accuracy of 99.29% while
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retaining the classification accuracy of the model, which
made it more interpretable, reduced the computational
load and enhanced the predictive capability. Moreover; its
successful validation to both the Thyroid and WDBC
datasets shows the robustness and generalization of the
proposed framework for healthcare prediction
applications.
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Acronym Description

Re Recall

F1_sc F1 Score

Spec Specificity

Con_Mat Confusion Matrix

0A Optimization Algorithm

PSO Particle Swarm Optimization

GA Genitic Algorithm

HAS Harmony Search Algorithm

ACO Ant Colony Optimization

DA Data Analytics

ML Machine Learning

WDBC Br?ast Capcer Wisconsin
(Diagnostic)
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