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A condition where the thyroid gland functions normally but the level of hormones is
imbalanced, known as Sick Euthyroid Syndrome. SES is frequently observed in patients suffering
from serious infections or chronic conditions and may mimic hypothyroidism. Machine Learning
(ML) can assist doctors in diagnosing the disease because of the complex nature of SES. This
paper proposed a Stacked RSL model that uses Random Forest, Support Vector Machine, and
Logistic Regression ML classifiers with Sequential Forward and Sequential Backward Feature
Selection mechanisms to select the best features and an Over-sampling technique to balance
the dataset. The proposed model performs better with RandomOver sampling and feature
selection methods, achieving 99.55% accuracy using 3,163 patient data taken from the UCI-ML
repository. By addressing class imbalance and removing irrelevant attributes, the improved
ML model enhances feature quality and model generalization.These technical improvements
enable the algorithm to find the necessary diagnostic patterns more effectively than existing
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approaches, which enhances the overall predictive performance.

Keywords: Data balancing; Euthyroid; Feature selection; Machine learning; Stacking classifier.

The thyroid is a gland that present in
neck, produces hormones in our body which plays
a very important role in regulating metabolism,
growth, and overall development.! Common
states of thyroid including Hyperthyroidism,
Hypothyroidism and Euthyroid state. When
thyroid gland produces excessive amount of
hormones, it is called Hyperthyroidism and when
thyroid gland produces insufficient amount of
hormones, it is called Hypothyroidism. Apart
from hyperthyroidism and hypothyroidism, when
thyroid gland functions normally in context
of hormone level, it is called Euthyroid state.

This ensures the proper functioning of various
physiological processes, including metabolism,
body temperature regulation, energy production,
and cardiovascular health.

In certain cases, where no thyroid
disease presented, but the thyroid hormone level
still be detected abnormal due to the other sever
illnesses. This situation of the patient is known as
Euthyroid Sick Syndrome (ESS), also known as
Sick-Euthyroid Syndrome (SES) or Non-Thyroidal
Illness Syndrome. SES is frequently observed in
patients suffering from severe infections, chronic
conditions like heart, kidney, or liver disease, and
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in those undergoing major surgeries or admitted
to intensive care units. In such situations, the
illness itself affects hormone levels, though the
thyroid gland remains structurally and functionally
intact.? * Diagnosis of SES complicates because
its symptoms might be similar to hypothyroidism
or overlap with other illnesses. This variability
creates diagnostic challenges, as differentiating
SES from primary thyroid dysfunction requires
careful clinical judgment and exclusion of
hypothyroidism.* Also interpreting test results
in acutely ill patients remains complex without
advanced diagnostic tools.’

To make diagnosis of thyroid disease more
accurate, Machine Learning (ML) techniques can
be very useful.® These methods help computers
to learn from medical data and spot important
patterns that might be missed otherwise. One of the
important step in this process is feature selection,
which means picking out the most important piece
of information like specific test results or symptoms
that are closely linked to different thyroid
conditions. When ML is combined with feature
selection, it becomes a powerful tool that can help
doctors to detect thyroid problems at earlier stage.
This early detection can lead to faster treatment
and better health outcomes for patients. Feature
Selection is particularly important as it helps
reduce data dimensionality, prevent overfitting,
and improve model interpretability, leading to
more efficient and reliable predictive models.
The application of ML algorithms, with a feature
selection mechanism, provides a promising method
for the early detection of ESS. By implementing
advanced data analysis methods, these techniques
can identify patterns and relationships within
patient data that may not be noticed through
traditional diagnostic approaches.”®®

The prediction of thyroid disorders in
diabetes patients is presented by using six ML
algorithms, which are RF, DT, Logistic Regression
(LR), K-Nearest Neighbours (KNN), Naive Bayes
(NB), and SVM. RandomUnderSampler and
manual balancing are used to balance the dataset,
which consists of 44,534 diabetic patients dataset.
The highest accuracy of 95% was achieved with RF
and the manual balancing technique, and achieved
84% with RF and the RandomUnderSampler
technique. '

SINGH et al., Biomed. & Pharmacol. J, Vol. 19(2), 1736-1750 (2026)

To identify thyroid sickness, the fine-
tuned LGBM (Light Gradient Booster Machine)
is used", while for data balancing, the nominal
continuous SMOTE technique was used. The
approach was outperformed by the SMOTE-
NC-LGBM approach, achieving high-accuracy
performance scores.

SMOTE oversampling techniques is
used to balance the hypothyroid dataset while
SVM, LR, RF, KNN, and XgBoost algorithms
are implemented to train the model. Among these
techniques RF performs better."

SMOTE oversampling technique is used
to balance the dataset. SVM, DT, RF, Adaptive
Boosting, and KNN were implemented to classify
the chronic kidney disease using Kaggle dataset.
Among these techniques SVM achieved better
accuracy of 99.3% with 6 features."

A CNN based model is proposed"
to classify thyroid nodule by using boundary
detection techniques. Hyperparameters such as
learning rate and dropout factor were fine-tuned.
For Thyroid Ultrasound Image Database (TDID)
dataset model achieved 93.75% accuracy and for
collected datasets from scanning centre it achieved
96.89% accuracy. Proposed model shows [2, 5]%
improvement in comparison of some deep learning
techniques.

The Decision Tree classifier is used to
detect heart disease, and SMOTE oversampling
technique is used to balance the dataset.'* With the
use of SMOTE, they achieved 11% more accuracy
in comparison of without using SMOTE technique.

ML classifiers, including RF, Gradient
Boosting, DT, XGBoost , LR, NB, and SVM, are
used to predict the diabetes disease. With feature
selection techniques, LGBM performed better
with 98.99% accuracy for DMS (Diabetes Mellitus
Dataset) and 92.5% accuracy for Pima Indians
Diabetes Dataset.'®

Various methods were employed to
overcome the issues associated with imbalanced
and limited training datasets. The OhioT1DM
public dataset, which was obtained from BID
Medical Centre, was used to predict type 1 diabetes.
MLP outperformed with 86.08% accuracy, and
LSTM achieved 87.26%."

The ML algorithms were used to predict
the trend of levothyroxine (LT4) treatment in
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hypothyroid patients. The dataset containing
patients’ medical histories was taken from the
AOU-Federico II hospital. Among various
mechanisms, the highest accuracy of 84% obtained
by the Extra-Tree Classifier. The findings aim to
assist endocrinologists in optimizing treatment and
improving patient care.'

The research' focuses on classifying
thyroid disorders using four models: NB, DT,
Multilayer Perceptron (MLP), and Radial Basis
Function Network (RBFN). They used datasets
from a Romanian source and the UCI ML
repository and obtained the highest accuracy of
97.35% with the Decision Tree classifier.

The study develops ML models to
classify seven thyroid disease categories using
a comprehensive multi-feature thyroid dataset.
Ensemble-based algorithms (RF, GB, DT) were
trained with cross-validation and hyperparameter
tuning. Gradient Boosting achieved the best
performance with 0.97 F2 score, 94.7% accuracy,
and strong precision—recall values.?

Table 1 represents the summary of related
work of newly published research papers, presented
in tabular form.

Although various approaches have been
discussed, each comes with certain limitations.
We found that there is a need of hybrid technique
which combine the most suitable feature selection
methods with the best data balancing strategies.
As research in this field continues to advance, the
integration of feature elimination techniques and
ML algorithms has great potential for improving
the early detection and management of euthyroid
sick syndrome, leading to better outcomes and
more efficient healthcare delivery. This paper
explores the application of feature selection
and ML techniques for the early detection of
sick euthyroid disease, focusing on improving
diagnostic accuracy, reducing healthcare costs,
and enhancing patient outcomes through timely
interventions.

MATERIALS AND METHODS

This paper proposed a Stacked RSL (R:
Random Forest, S: Support Vector Machine, L:
Logistic Regression) Machine Learning model (as
shown in Figure 1) that used three ML classifiers in
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such a way, that the predictions of two classifiers
work as input for the third classifier. The system
incorporates two feature selection mechanisms
1) Sequential Forward Feature Selection (SFFS)
technique and ii) Sequential Backward Feature
Selection (SBFS) technique. Since the dataset is
highly imbalanced, we used the over-sampling
techniques to balance the dataset. Figure 5
represents the proposed Stacked RSL ML model
with feature selection and the oversampling
technique. The very first step is preprocessing,
where feature selection mechanisms are applied
to determine the most pertinent features, reducing
noise in dataset. After that, two oversampling
techniques, RandomOverSampler and SMOTE,
are applied to solve class imbalance issue and
improve the model performance. Following this,
two base models (or base classifier) SVM and RF
are trained with the help of stacking technique.
These models work independently and generating
predictions using refined input. After obtaining the
prediction of base models, a meta model or meta
classifier LR is introduced. Instead of working
directly with the input data, the LR (meta model)
works on the predictions obtained from the base
models to produce more accurate results.
Preprocessing

In this step, our main objective is to clean
the dataset by handling any missing or unnecessary
data. More precisely, we detect and exclude
attributes (or columns) that have a significant
proportion of null or missing values, as they might
distort the outcomes and reduce the accuracy of
the model. In addition, we remove features that
are considered non-essential or irrelevant to the
analysis, such as those that do not provide valuable
information to the model for prediction.
Feature Selection

Selecting the most ideal features from the
dataset is known as Feature Selection. It helps to
eliminate redundant, irrelevant, or noisy features
to enhance the model performance.
Sequential-Forward Feature Selection (SFFS)

SFFS is a feature selection technique that
begins with no features and progressively adds
them one by one. At each step, it adds a feature that
enhance the model performance most. Repeat this
process until there is no improvement after adding
the new feature. One of the main advantages of
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SFFS is that it reduces computational complexity

by incrementally selecting relevant features from

the dataset instead of working on all possible

subsets.

Algorithm 1 SFFS

Require: Data set of all features

Ensure: Select best feature set

Step 1: Initialize the set of selected features:

S=d

Step 2: Repeat until the required number of features

is selected:

a. For each feature f not in S:

1. Create a temporary subset S'=S U {f}.

ii. Train the model using S'.

iii. Evaluate the model performance.

b. Identify the feature f* that provides the best

performance.

c. Update the selected set S =S U {f*}.

Step 3: Return the final selected feature subset S.

Sequential Backward Feature Selection (SBFS)
SBFS is a type of Sequential Feature

Selection technique. It takes all available features

and removes the least important one by one at each

step based on the model performance. This process

continues until the removal of feature(s) impacts
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negatively on the performance of the model. One
of the important advantages of SBFS is its ability to
identify the minimum number of subset of features
that provides the best performance, this ensure that
only the most relevant variables are retained.
Algorithm 2 SBFS

Input: Complete feature set

Output: Reduced optimal feature subset

Step 1: Initialize the selected feature set:

S = {all features}

Step 2: Repeat while the number of features in S
is greater than the desired count:

a. For each feature fin S:

i. Create a temporary subset by removing the
feature: S'=S - {f}.

ii. Train the model using S'.

iii. Evaluate the model’s performance.

b. Identify the feature whose removal results in the
least performance drop or the greatest performance
gain.

c. Update the selected set: S =S - {f*}.

Step 3: If further removal significantly degrades
model performance:

a. Stop the elimination process early.

Step 4: Return the final selected feature subset S.
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(Logistic Regression)

Fig. 1. Architecture of a Stacked RSL model
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Dataset Balancing
RandomOver Sampler

RandomOver Sampler is a simple
oversampling technique. In this, instances of the
minority class are randomly duplicated until a
balanced class distribution is achieved.
Procedure
1. Identify the minority class (R ) and majority
class (R ) in the taken dataset.

2. Randomly select instances from R__ with
replacements and add them to the dataset.

3. Continue sampling until the number of instances
inR_. matches or approaches R .

Figure 2 shows the unbalanced and Figure
3. shows the balanced data by using RandomOver
Sampler.

SMOTE (Synthetic Minority Over-sampling
Technique)

It is a data balancing technique that
generates synthetic data points between existing
data samples, instead of duplicating minority class
samples.

Procedure
1. Select a Minority Class Instance: Randomly
choose a data point X from the minority class.
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2. Find KNN: Identify the k-nearest neighbours
of X within the minority class using Euclidean
distance.
3. Randomly Select One Neighbour: Randomly
choose one of the k-nearest neighbours X .
4. Generate a Synthetic Sample: Create a new
synthetic sample using the formula:
X = X+ A X (X - X)
where, A € [0,1]
5. Repeat the Process: Continue generating
synthetic samples until the desired class balance
is achieved.

Figure 2 shows the unbalanced and Figure
4. shows the balanced data by using SMOTE.
Algorithm 3 Proposed Model
Input: Training data (Xr™ yrat
X5 Base classifiers B,, B,,...,B,
Output: Final predicted class labels
Step 1: Select the base classifiers B, B,,...,B .
Step 2: For each base classifier B:

tramm

a. Train on (X4

in), Test data

t‘r‘alﬂ)
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Fig. 2. Unbalanced Dataset
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Balanced Data by using RandomOver Sampler
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Fig. 3. Balanced dataset with ROS technique

Balanced Dataset by using SMOTE
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Fig. 4. Balanced dataset of sick-euthyroid and negative patients with the SMOTE technique
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Step 3: Generate prediction outputs from all base
classifiers on the training set:

tram _ tramn ptraimn tram
P'rsl - {Prsll 1P’r’sl2 sl reln }

Step 4: Construct a new training dataset using these
predictions as features.

Step 5: Train the meta-classifier using the new
dataset.

Step 6: Use each trained base classifier to generate
predictions on X_'“*:

test _ test test test
P‘rs! - {PT'S”. ! PTS!Z prrey Prsln .

Step 7: Provide these test predictions as input to
the trained meta-classifier to obtain final outputs.
Step 8: Return the final predicted class labels.

RESULTS

With the use of RandomOver Sampler
technique, Table 2 and Figure 6 describe the
comparison of the performance of the proposed
Stacked RSL (S-RSL) model with SVM, LR, and
RF. Our proposed model outperformed with these
classifiers. Furthermore, two feature selection
techniques are used to select the minimum features
with the best accuracy.

Euthyrold
Dataset Selection
Cleanse f—%
Dataset >
[ SFS | | SBs |
ROS SMOTE

r v

Stacking Classifier

Random Support Vector
Forest Machine

Logistic
Regression

l

Validation Technigues

l

Result

Fig. 5. Proposed Stacked RSL ML model with feature selection and the oversampling technique
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Table 2. Performance of different classifiers, including Proposed model

S. Over-Sampling Method Technique Cross-Validation Accuracy
No. Used Technique (%)

1. Random Over Sampler SVM 5-fold 63.53
2. Random Over Sampler SVM 10-fold 70.92
3. Random Over Sampler LR 5-fold 89.52
4. Random Over Sampler LR 10-fold 90.83
S. Random Over Sampler RF 5-fold 99.26
6. Random Over Sampler RF 10-fold 99.25
7. Random Over Sampler (RF+SVM+LR) 5-fold 99.35
8. Random Over Sampler (RF+SVM+LR) 10-fold 99.49

Table 3. Performance of Proposed model by using SFFS and RandomOver Selection techniques

(6 features)

Over-Sampling Technique Cross-Validation No. of Accuracy
Method Used Technique features (%)
Random Over Sampler (RF+SVM+LR) 5-fold 6 99.3379
Random Over Sampler (RF+SVM+LR) 10-fold 6 99.5470
Random Over Sampler (RF+SVM+LR) Stratified 5-fold 6 99.5296
Random Over Sampler (RF+SVM+LR) Stratified 10-fold 6 99.5470

Table 4. Performance of the Proposed model Using SBFS and RandomOver Selection techniques
(8 features)

Over-Sampling Technique Cross-Validation No. of Accuracy
Method Used Technique features (%)
Random Over Sampler (RF+SVM+LR) 5-fold 8 99.42
Random Over Sampler (RF+SVM+LR) 10-fold 8 99.46
Random Over Sampler (RF+SVM+LR) Stratified 5-fold 8 99.49
Random Over Sampler (RF+SVM+LR) Stratified 10-fold 8 99.55

(RF+SVM+LR)

PERFORMANCE OF DIFFERENT CLASSIFIERS USING RANDOM
OVER SAMPLER

LR

RF

SVM

o

20

40

m10-fold CV

60

m5-fold Cv

80

Fig. 6. Performance of different classifiers using Random Over Sampler

120
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Sequential Forward Feature Selection
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Fig. 7. Cross-validation score graph using SFFS

Sequential Backward Feature Selection
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Table 5. Performance of Proposed model by using Union of SFFS AND SBFS with RandomOver Selection
techniques (11 features)

Over-Sampling Technique Cross-Validation No. of Accuracy
Method Used Technique features (%)
Random Over Sampler Stacking Classifier(RF+SVM+LR) 5-fold 11 99.37
Random Over Sampler Stacking Classifier(RF+SVM+LR) 10-fold 11 99.55
Random Over Sampler Stacking Classifier(RF+SVM+LR) Stratified 5-fold 11 99.55
Random Over Sampler Stacking Classifier(RF+SVM+LR) Stratified 10-fold 11 99.55

99.6

(%3]

w

Performance Comparison

BSFFS) W(SBFS)

b Features 8 Features

(SFFS Union SBFS)
11 Features

99.55
99.
99.45

99.4
99.35
99.
99.25

99.2

5-fold CV 10-fold CV Stratified 5-fold CV  Stratified 10-fold Cv

Fig. 9. Performance comparison of the proposed model using the ROS technique

0.997 4
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—$- Fl-score

0.996

0.995 -+

Score

0.994 -

0.993

0.992 -

0.991

1 2 3 4
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Fig. 10. Performance metrics graph using the proposed model and RandomOver Sampler
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Performance Comparison
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Fig. 11. Performance comparison of the proposed model using the SMOTE technique

Table 6. Performance of proposed model by using Sequential Forward Selection and
SMOTE Techniques (6 Features)

Over-Sampling Technique Used Cross-Validation No. of Accuracy
Method Technique features (%)
SMOTE Stacking Classifier(RF+SVM+LR) 5-fold 6 96.5679
SMOTE Stacking Classifier(RF+SVM+LR) 10-fold 6 97.0557
SMOTE Stacking Classifier(RF+SVM+LR) Stratified 5-fold 6 97.2996
SMOTE Stacking Classifier(RF+SVM+LR) Stratified 10-fold 6 97.2299

Table 7. Performance of stacking classifier by using SBFS and smote techniques (8 features)

Over-Sampling Technique Used Cross-Validation No. of Accuracy
Method Technique features (%)

Smote Stacking Classifier (RF+SVM+LR) 5-fold 8 98.2055
Smote Stacking Classifier (RF+SVM+LR) 10-fold 8 98.2404
Smote Stacking Classifier (RF+SVM+LR) Stratified 5-fold 8 98.6759
Smote Stacking Classifier (RF+SVM+LR) Stratified 10-fold 8 98.6236

Table 8. Performance of the Proposed Model By Using Union of SFFS and SBFS
with Smote Techniques (11 Features)

Over-Sampling Technique Used Cross-Validation No. of Accuracy
Method Technique features (%)
Smote Stacking Classifier (RF+SVM+LR) 5-fold 11 98.1881
Smote Stacking Classifier (RF+SVM+LR) 10-fold 11 98.3275
Smote Stacking Classifier (RF+SVM+LR) Stratified 5-fold 11 98.4843

Smote Stacking Classifier (RF+SVM+LR) Stratified 10-fold 11 98.6062
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Precision, Recall, and F1-score across K-Folds
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Fig. 12. Performance metrics graph using proposed model and SMOTE
Table 3 shows the S-RSL techniques, the S-RSL model shows 98.60%

model’s performance using the SFFS and
RandomOverSampler techniques. With 5-fold
cross-validation (CV) and stratified 5-fold CV,
the S-RSL model achieved 99.34% and 99.53%
accuracy, respectively. With 10-fold CV and
stratified 10-fold CV, it achieved 99.55% accuracy.
Table 4 shows the S-RSL model’s performance
using SBFS and ROS. With 5-fold CV and
stratified 5-fold CV, the S-RSL model achieved
99.42% and 99.46% accuracy, respectively. With
10-fold CV and stratified 10-fold CV, it achieved
99.49% and 99.55% accuracy, respectively.
Table 5 shows the S-RSL model’s performance
using the combined feature of SFFS and SBFS
techniques along with the RandomOverSampler
(ROS) technique. With 5-fold CV and stratified
5-fold CV, the model achieved 99.37 % and
99.55% accuracy, respectively. With 10-fold CV
and stratified 10-fold CV, it achieved 99.55% and
99.55% accuracy, respectively. Figure 9 show the
performance comparison of the S-RSL model using
ROS techique and Figure 10 show the performance
metrics across k-folds.

With the use of SMOTE and SFFS
technique Table 6 shows the S-RSL model’s
performance with accuracy of 99.30% and with
SBFS technique Table 7 shows the S-RSL model’s
performance with accuracy of 98.67% and when
we take the union of features of SFFS and SBFS

accuracy, which is mentioned in Table 8.
DISCUSSION

The dataset sick-euthyroid consists of
3,163 patient data, which was taken from the UCI-
ML repository and has 26 features. Initially, seven
features were discarded, six due to irrelevance and
one because of a high percentage of missing values.
Table 2 and Figure 6 describe the performance
comparison of the Stacked RSL (S-RSL) model
with SVM, LR, and RF. The proposed model
performed best with these classifiers.

After that, SFFS and SBFS techniques
were applied to select the minimal number of
features that show the highest accuracy. SFFS
selects six features, and SBFS selects eight
features. Figure 7 shows the performance of
the SFFS method, with the model achieving
optimal accuracy with six features. After this, the
performance remains relatively stable with slight
fluctuations. Figure 8 shows the performance of
the SBFS method, with the best accuracy observed
with eight features selected. Table 3 shows the
S-RSL model’s performance using the SFFS and
RandomOverSampler techniques. After SFFS, we
implement the SBFS and ROS techniques with our
proposed model. Table 4 shows the performance
of the S-RSL model using SBFS and ROS. The
proposed model is now implemented using 11
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features obtained by the union of SFFS and SBFS.
Table 5 shows the performance of the S-RSL
model using these combined features along with
the RandomOverSampler (ROS) technique. Figure
9 shows the performance comparison of proposed
S-RSL model using the ROS technique, and Figure
10 shows the performance metrics across k-folds.

Instead of using RandomOverSampler,
SMOTE was implemented to handle class
imbalance. All previously applied techniques,
including SFFS, SBFS, and the union of selected
features, were re-implemented using SMOTE.
The performance of the S-RSL model under these
configurations is presented in Tables 6, 7, and 8.
Among these, the highest accuracy of 98.67%
was achieved using SBFS in combination with
Stratified 5-Fold Cross-Validation, demonstrating
the model’s effectiveness under SMOTE-based
oversampling. Figure 11 shows the performance
comparison of the Stacked RSL model using
SMOTE technique, and Figure 12 shows the
performance metrics across k-folds.

CONCLUSION

Various research works in the field of
thyroid classification based on different ML
techniques are mentioned in the literature. To build
a robust classifier, there is a need for an ensemble
technique which combines the most suitable feature
selection methods with the best data balancing
strategies. In this work, a Stacked RSL Machine
Learning model is proposed using RF, SVM, and
LR techniques, followed by Sequential Feature
Selection and Oversampling techniques. This
research paper highlights the impact of integrating
feature selection and ML techniques. The SFFS
and SBFS techniques helped in selecting the most
relevant features, while the combination of RF,
SVM, and LR provided the strengths of multiple
models. Multiple cross-validation techniques are
implemented to validate the model. Random Over
Sampler (ROS) achieved the highest accuracy
of 99.55% among various balancing techniques.
Also, applying multiple cross-validation techniques
shows our proposed model is more stable with
11 features. Future research can investigate deep
learning architectures, including neural networks
and transformer-based models, to enhance feature
extraction and improve prediction accuracy.
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