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Abstract

Thyroid diseases are amongst the most common endocrine disorders around the globe; however, delays or
inconsistencies in the diagnostic process may result in some health consequences. The modern diagnostic
processes usually include the combination of several biomarkers measured in laboratory tests, which may be
time-consuming and prone to clinician-to-clinician variability.

In this study, an Al-based CDSS is used to improve, but not replace, the existing expert systems in
stratification of thyroid risks. Five widely used biomarkers including Thyroid Stimulating Hormone (TSH),
Triiodothyronine (T3), Total Thyroxine (TT4), Thyroxine Uptake (T4U), and the Free Thyroxine Index (FTI)
were selected from the UCI ANN Thyroid Disease dataset. An XGBoost classifier was applied to predict
Normal, Hypothyroidism, and Hyperthyroidism states based on this data with an accuracy of 97.23%.

The trained classifier was then embedded into the developed prototype app using Streamlit, and allows to
display a predicted classification, a level of confidence, probabilities of every class and summary information
about the relevant laboratory values. As a result, the combination of a gradient-boosted classifier and the
decision support interface seems to be a promising way of improving the existing system. Future work will
focus on validating this approach using larger and more varied clinical datasets.

Keywords: Artificial Intelligence, Clinical Decision Support System, Machine Learning, XGBoost, Thyroid
Risk Assessment.

1. Introduction

Thyroid disorders are considered common endocrine disorders around the world. Problems with hormone
secretion may affect metabolism, the cardiovascular system, and neurology. Hyperthyroidism and
hypothyroidism, which are the main types of thyroid diseases, are associated with significant morbidity if the
disorder is undiagnosed.

The identification of thyroid disease usually requires the joint consideration of several laboratory indicators,
among them TSH, T3, TT4, T4U, and FT. It is rare when the diagnosis is made on the basis of one test result.
Such analysis may be time-consuming in medical practice. Moreover, values near the reference range
boundaries will lead to inter-doctor variability in interpreting the data. Therefore, there is a possibility of using
machine learning techniques for decision-making support. Several supervised learning models like decision
tree, support vector machine, artificial neural networks, random forest, and gradient boosting have been tested
on structured data, showing promising results (Islam et al., 2022; Alshamrani et al., 2023).

One of the prominent methods for structured healthcare data is Extreme Gradient Boosting (XGBoost), due
to the efficiency of nonlinear dependency modeling and overfitting prevention. Nevertheless, the majority of
the current literature is oriented toward improving the accuracy of classifications, while ignoring the actual
development of the trained machine learning algorithm as the decision-making tool to be used by clinicians
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@ (Sutton et al., 2020; Sendak et al., 2021; Rajkomar et al., 2022). Thus, the goal of the current research is to
address this gap.

Specifically, based on the laboratory biomarker data from the UCI ANN Thyroid Disease Dataset, an
XGBoost classifier was created to identify whether a patient has either Normal, Hypothyroidism or
Hyperthyroidism conditions. The trained classifier was embedded into the Streamlit-based prototype that
delivers predictions alongside with confidence scores and probabilities as well as the summary of laboratory
values. It is expected that the prototype can be used as a decision support tool, which is supposed to

8 complement, not replace, the decision-making process of the clinician. The output of the prototype is the
probability, not the explanation of the diagnosis.

The model produced a classification accuracy of 97.23% on the independent test set. The rest of the paper
discusses related works (Section 2), the data set, preprocessing, the model, and the prototype (Section 3), the
results and discussion (Section 4), and limitations and future work (Section 5).

2. Previous Studies

Several machine learning algorithms have been used in diagnosing different conditions, including
cardiovascular diseases, diabetes, cancer, and endocrine disorders. These models are able to find complicated
patterns in structured clinical data which cannot be easily determined. There exists an opportunity to use
machine learning models in diagnosing thyroid disorders since their diagnosis requires the analysis of several
correlated biomarkers.

Guidelines of the American Thyroid Association recommend the diagnosis of thyroid function taking into
account TSH level and thyroid hormone level in correlation with clinical findings and not any particular value
(Ross et al., 2016). Normal reference ranges for TSH values usually lie between 0.4 and 4.0 mIU/L. However,
some variations may occur depending on the laboratory and assay used. A euthyroid condition can be
characterized by TSH in that range with hormone levels lying in the reference ranges of the laboratory.

Primary hypothyroidism will have elevated TSH values with low hormone levels and, conversely, primary
hyperthyroidism will have low TSH and high hormone levels. It should be noted that it is just a general
guideline since reference ranges may vary according to such factors as age, pregnancy, medications used, and
assay itself. Table 1 outlines these common diagnostic patterns. Subclinical thyroid dysfunction, characterized
by an abnormal TSH level while hormone levels remain within the reference range, is also a recognized
condition that is not encompassed by the three-class classification system employed in this study.

Thyroid Status Typical TSH Tl?,l’,go;qril(/n:[n;zl)les Interpretive Pattern
@ Normal (Euthyroid) 0.4—4.0 mIU/L  |Within reference range| Normal thyroid function
Hypothyroidism (primary > 4.0 mIU/L Decreased Reduced thyroid hormone
pattern) ' production
Hyperthyroidism (primary < 0.4 mIU/L Increased Excess thyroid hormone
pattern) ' production

Table (1): Typical Laboratory Patterns Associated with Thyroid Status

Only a few researches have been conducted using machine learning methods in thyroid classification in the
e recent past. To illustrate, in the study by Islam et al. (2022), decision trees, support vector machines, and
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o erandom forests were utilized in the classification of thyroid disease using the UCI Thyroid Disease dataset.
The study indicated that there was ability of these models to classify thyroid disease from the laboratory data.
Another study was carried out by Alshamrani et al. (2023) where different algorithms were used and showed
that ensemble algorithms performed better than classical classifiers. The focus of the study was on the
efficiency of the models rather than their application in the clinical setting.

However, on the contrary, XGBoost algorithms have become popular in application to healthcare data as this
approach involves several decision trees that solve the problems of overfitting and nonlinearity.

Furthermore, another trend that has been observed within the research literature is that accuracy alone does
not seem sufficient for the practical application in the context of healthcare. In particular, Sutton et al. (2020)
stressed that clinical decision support systems should be explainable and usable while maintaining clinical
judgment. Sendak et al. (2021) referred to trustworthiness, usability, and workflow integration as key barriers
to the implementation of the machine learning models, whereas the same opinion was supported by Rajkomar
et al. (2022). According to them, accuracy is a necessity yet not a sufficient condition to make a proper use of
an algorithm. From the point of view of healthcare practice, it is important to mention that Biondi and Cappola
(2021) and Chiovato et al. (2023) stressed that thyroid status could not be diagnosed solely on the basis of a

laboratory test but rather required hormone profile and clinical data.

o Identified
#  |Study Year [Focus Approach Contribution Limitation
ATA Guidelines .
Clinical . A . .
for diaenosis of Clinical guideline Established No computational
Hyperthyroidism| 2016 t}gl roid based on laboratory standardized or predictive
(Ross et al., Y biomarkers diagnostic protocols modelling
2016) disorders
High- . .
Performance Alin Conceptual Framed 1ntegrat19 " No disease-specific
.. 2019 of human expertise | . .
Medicine (Topol, healthcare framework . implementation
with Al
2019)
Uilez/r[ignne Benchmark Structured dataset |Provides benchmark| Limited clinical
. & 2019 for supervised dataset for thyroid |context (Shen et al.,
Repository (Dua dataset learnin classification 2023)
& Graff, 2019) &
CDSS Review Decision- Highlighted No thvroid-specific
(Sutton et al., | 2020 support Literature review | interpretability and ay lica tiIc))n
2020) systems usability needs pp
Thsﬁc?ifilllgli(s:zgse h ;Icl)}l](EOIdand Clarified No computational
yrole = 2021 [PHY®IOT08Y Clinical review interpretation of put
(Biondi & clinical thvroid dvsfunction modelling
Cappola, 2021) evaluation Y Y
Deep Learning in| . Demonstrated Limited
Alin . L
Healthcare Deep learning, strong Al applicability to
2021 | healthcare . . .
(Esteva et al., (imaging) imaging datasets performance in | structured lab data
2021) g disease detection |(Miotto et al., 2021)
ML Challenges Real-world Identified usability | . .
in Healthcare . : . . No disease-specific
2021 ML Analytical review | and integration
(Sendak et al., ; framework
2021) deployment barriers
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Deep Learning Alin Emphasized Interpretabilit
8 | Review (Miotto | 2021 Literature review |integrating multiple Tpretability
healthcare remains limited
etal., 2021) data sources
ML for Thyroid Achieved stron Limited
9 Disease 2002 Thyroid UCI dataset, classification & interpretability
Prediction (Islam classification DT/SVM/RF ACCUTAC (Rajkomar et al.,
etal., 2022) uracy 2022)
Al n Heal‘thcare Al applications . 'nghhghted No disease-specific
10 |Review (Jiang et| 2022 | . Review importance of
in healthcare L . framework
al., 2022) clinical integration
ML. in Medicine ML in clinical . Emphasmed nge;d No implementation
11 |(Rajkomar et al.,| 2022 . Review for interpretability
practice methods offered
2022) and trust
ML Comparative
Analysis for . Multiple ML Demopstrated ML Limited
. Thyroid effectiveness for . -
12 Thyroid 2023 rediction models, structured thvroid interpretability
(Alshamrani et p dataset yroie (Shen et al., 2023)
al., 2023) classification
Advances in
Thyroid Clinical Emphasized No ML or
13 Diagnosis 2023 thyroid Clinical review | combining lab and predictive
iovato et al., iagnosis clinical evaluation component
Chi 1 di i linical evaluati
2023)
ML in Endocrine ML in Identified trends in Limited
14 | Diseases (Shen | 2023 | endocrine | Systematic review ML-based interpretabilit
etal., 2023) disease endocrine prediction P y
Alin Endocrme ML in . Showed potential of] . L1m1t.e'd
Disease . Comparative ML . interpretability and
15 . 2024 | endocrine Al for prediction o
Prediction (Khan Jisease models erformance usability (Sendak et
et al., 2024) P al., 2021)

Table (2): Summary of Previous Studies

Table 2 below highlights the reviewed Al articles in healthcare as well as others relevant to the above-
mentioned studies.

From the overall discussion of the above literature, it becomes evident that there are two main gaps: firstly,
for most of the studies carried out on thyroid prediction, the study stops at reporting the accuracy level and
could have gone beyond just reporting; secondly, almost none of these studies incorporate GUI with a

machine learning algorithm.
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3. Methodology

3.1 Research Framework

Submission ID  trn:oid:::2945:400813235

It has been proposed in this research paper that CDSS assisted by artificial intelligence for three-class risk
stratification in the diagnosis of thyroid diseases is needed. In this research, this process is performed in a
three-step procedure, which includes data preprocessing, modeling, and designing the decision support
interface. These patients will be classified into one of three classes, which are normal, hypothyroidism, and
hyperthyroidism. Altogether, the entire process requires five steps, which include data collection, data
preprocessing, modeling, model evaluation, and deploying the model in Streamlit.

o e Dataset Acquisition
.-65 (UCI ANN Thyroid Disease)

{
e | gﬁol Data Preprocessing
{
<= :—, Feature Selection
b ;" (TSH, T3, TT4, T4U, FTI)
v
Y Model Development
o 4% XGB
XGBoost (XGBoost)
4
o 1 Q Model Evaluation
4
o bR 4 CDSS Integration
Streamlit  (Streamlit)
$

o _T Prediction Reports &
‘l.ll Clinical Recommendations

Acquire the thyroid disease dataset
from the UCI Machine Learning Repaository
(Artificial Neural Network approach).

Handle missing values, encode categorical
variables, remove inconsistencies,
and normalize/standardize the data.

Select the most relevant features:
TSH, T3, TT4, T4U, FTL

Train the XGBoost model using the
selected features and optimized
hyperparameters.

Evaluate model performance using
metrics such as Accuracy, Precision,
Recall, F1-score, ROC-AUC.

Integrate the trained model into a
Clinical Decision Support System (CDSS)
using Streamlit web framework.

Generate prediction results with
probability scores and provide clinical
recommendations to support decision-making.

Figure (1): Overall Research Workflow

3.2 Dataset Description

The dataset used for the analysis is the UCI ANN Thyroid Disease Dataset, which is a benchmark dataset that
is used for classifying thyroid diseases, along with their structured lab data and diagnosis labels. From the
total number of features that are available in the UCI database, only five features representing lab data were
selected for this analysis. These features include TSH, T3, TT4, T4U, and FTI. The diagnosis label was
classified into three categories. These are Normal, Hypothyroid, and Hyperthyroid.

Original UCI Label

Final Class

Action

Negative

Normal

Retained
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Primary Hypothyroid Hypothyroidism Merged

Compensated Hypothyroid | Hypothyroidism Merged

Secondary Hypothyroid Hypothyroidism Merged

Hyperthyroid Hyperthyroidism Retained

T3 Toxic Hyperthyroidism Merged

(other labels if present) | Excluded / Merged | Explain why

3.3 Data Pre-processing

e The chosen predictors from UCI ANN Thyroid Disease dataset include TSH, T3, TT4, T4U, and FTI. All the
irrelevant predictors for reaching the objectives of the study were removed. Firstly, there were three categories
of diagnosis: Normal, Hypothyroidism, and Hyperthyroidism. Those were encoded into numbers in order to
conduct a multi-class classification problem.

For the preprocessed dataset, training and validation sets were generated in an 80/20 ratio using Scikit learn's
train_test_split function with the constant random state = 42. The stratified sampling method was used when
the dataset was being divided into two subsets in order to keep the class ratio equal between both sets.

There was no need for the feature scaling or normalization of the chosen laboratory indicators before modeling
as this step is not necessary when dealing with the tree-based algorithms including XGBoost algorithm in this

@ particular study. There was no class balancing technique such as oversampling, under sampling, and class
weighting used.

3.4 XGBoost Model Development

XGBoost was selected as a classification method due to the proved high predictability, fast performance, and
reliability of this algorithm with the structured data from the medicine area. This algorithm is based on the
decision tree when each following tree tries to correct mistakes of previous trees. In comparison with regular
decision trees and Random Forest algorithms, the application of XGBoost allows us to provide such options
as regularization to avoid overfitting and modeling of complex nonlinear dependencies between the clinical
parameters.

The training of the algorithm was performed with five laboratory parameters: TSH, T3, TT4, T4U, and FTI,
where encoded class diagnosis was a target parameter. Hyperparameter tuning has been performed manually
in order to provide the balance between predictive ability and generalization of the model. Tuned
hyperparameters are listed in Table 3.

The algorithm development and testing have been implemented with the use of Python 3.13.5 programming
language in Anaconda environment and Jupyter Notebook. Such libraries and their versions have been used
@ for the implementation of the algorithm: XGBoost 3.3.0, Scikit-learn 1.6.1, Pandas 2.2.3, NumPy 2.1.3.
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The algorithm has been tested with the help of validation dataset and such multiclassification metrics as

accuracy, precision, recall, F1-score, and confusion

Hyperparameter Value Description
Objective multi:softprob Multi-class classification with probability outputs
Number of Classes (num_class) 3 Normal, Hypothyroidism, Hyperthyroidism
Number of Trees (n estimators) 100 Total boosting iterations
Learning Rate (learning rate) 0.10 Step size used during boosting
Maximum Tree Depth 6 Maximum depth of each decision tree
(max_depth)
Minimum Child Weight 1 Minimum sum of instance weights in a child node
(min_child weight)

Subsample Ratio (subsample) 0.80 Fraction of training samples used per tree
Column Sampling 0.80 Fraction of features sampled per tree
(colsample bytree)

Gamma (gamma) 0 Minimum loss reduction required for a further split

Regularization (reg lambda) 1.0 L2 regularization to reduce overfitting

Evaluation Metric (eval metric) mlogloss Multi-class logarithmic loss

Random State (random _state) 42 Ensures reproducibility of results

Table (3): XGBoost Hyperparameters Used in the Proposed Model

With the use of the multi:softprob criterion, probabilities for each of the three diagnostic classes are obtained
instead of classification only, which allows producing the confidence score in the prototype. Overfitting and
underperforming on unseen data were mitigated by applying regularization and subsampling.

3.5 Clinical Decision Support System Implementation

To validate the applicability of the model in practice, the XGBoost model was incorporated into the interactive
prototype created with the help of Streamlit library. The application takes patients' lab values as input and
provides predictions on the state of their thyroid gland, confidence score, and probabilities for each of the
three classes. In addition, it provides the summary of input lab values along with the messages meant to

support clinicians' understanding of the input lab values.

As opposed to other research, where the metrics results are presented only, this prototype demonstrates that
such classifier can be used in an interactive way.

4. Results and Discussion

4.1 Experimental Setup

Performance of XGBoost Classifier was evaluated using the test data set provided in the UCI ANN Thyroid
Disease dataset, in which cases not used during the training process were employed. The performance of the

model was measured using accuracy, precision, recall, F1-score, and confusion matrix.

4.2 Model Performance Evaluation

Metric Value
Accuracy 97.23%
Precision 97.00%

Recall 97.00%
F1-score 97.00%
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° Table (4): Performance Evaluation of the Proposed XGBoost Model

The model showed an accuracy of 97.23% in the independent test set, which implies that the vast majority of

the samples were correctly classified. This finding corroborates what is known from the literature about the

performance of assembling algorithms on structured thyroid lab data sets (Islam et al., 2022; Alshamrani et

al., 2023); nonetheless, a direct comparison between the results is possible only after verifying the reported
@ values of precision, recall, and F1-score, as well as the size of the data set (see Sections 3.2-3.3).

4.3 Confusion Matrix Analysis

Confusion Matrix of the Proposed XGBoost Classifier
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Figure (2): Confusion Matrix of the Proposed XGBoost Model

The confusion matrix for XGBoost classifier is provided in figure 2. The XGBoost model had 97.23%
accuracy because it correctly classified the samples in all three categories. The recall for the hyperthyroid
category was 100% because all 73 cases were accurately classified. For the hypothyroid category, there were
143 out of 177 samples that were classified correctly, while 34 samples were misclassified as normal. There
were 3,117 out of 3,178 samples in the normal category that were correctly classified, while 61 samples were
misclassified.

The main error that occurred was linked to the classification of the Hypothyroidism and Normal classes, but
there were no errors in the classification of the Hyperthyroidism class. It seems like the classifier performs
good on average, but not good enough concerning each particular diagnostic class. More precisely, the
precision of the classifier for the Hypothyroidism class was lower, meaning that there was a certain percentage
of cases when the Hypothyroidism class turned out to be Normal. Even though it may lead to more wrong
diagnoses of Hypothyroidism, these will probably be easily clarified during the clinical examination.
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Feature Importance of the Proposed XGBoost Classifier

Relative contribution of laboratory biomarkers to thyroid disorder classification

T3

©

@ v X

7.0%

s [ 5
¥ T4aU . 3.2%
g ‘

@

A
]
s
[
@
=
S
[
>
A
o
E
o
£
<]
]
@
-l

20 30 50

Key Insight

TSH is the most influential
biomarker, contributing more
than half of the model’s
decision power, followed by
FTI. The remaining biomarkers
have a smaller, yet meaningful
impact on classification.

(Normal, Hypothyroidism, Hyperthyroidism)
Input Features: 5 laboratory biomarkers

Evaluation: Internal validation (80/20 split)

10 40 60
Relative Importance (%)

Rank Biomarker Importance (Score) Relative Importance (%) Contribution

© Avoutthe Model
& TSH 0.546939 54.69% eccee

ﬁ Algorithm: XGBoost Classifier
] FTI 0.300798 30.08% eoe

@ Task: Multi-class classification
'3 L&) 0.069765 6.98% oo
o TT4 0.050857 5.09% °® S
(5 ] TaU 0.031640 3.16% ® ]

Figure (3): Feature Importance of the Selected Laboratory Biomarkers

Figure (3) demonstrates the weight of the five biomarkers used in the proposed XGBoost classifier. It can be
seen that TSH is the most important biomarker and its importance is 54.69%, whereas the second most
important feature is FTI and the importance of the same is 30.08%. Other biomarkers possess comparatively
lower levels of importance; however, T3 (6.98%), TT4 (5.09%), and T4U (3.16%) made up the list.

It is evident from the above result that TSH and FTI biomarkers are the dominant features in making the
classification decision and they account for over 84% of the importance of total features. Although T3, TT4,

and T4U were comparatively less important than other biomarkers, these additional
helped in making the classification more accurate for the diagnosis of Normal,

pieces of information
Hypothyroidism, and

Hyperthyroidism diseases. The dominance of TSH is due to the reason that it is the most important laboratory

biomarker for diagnosing thyroid dysfunction.
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e 4.5 Clinical Decision Support System Evaluation
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Figure 4. AI-Assisted Clinical Decision Support System Interface Before Prediction
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Figure 5. Sample Prediction Result Generated by the Proposed Al-Assisted Clinical Decision Support System

Figure 4 and Figure 5 illustrate the GUI of the proposed Al-powered CDSS, created using the Streamlit
library. In Figure 4, there is shown the screen where the data about the patient along with five laboratory
markers (TSH, T3, TT4, T4U, and FTI) are inputted. Further, the data is used as an input to the XGBoost
classifier model, and a report is generated.

Figure 5 illustrates the sample of the prediction generated by the proposed approach. The prediction screen
shows the patient's thyroid condition, the probability score, the risk level, the distribution of the class
probability scores, the reference values of the laboratory test, and the clinical recommendation, which is a

e result of the algorithm's prediction. It can be seen that the integration of the machine learning model into the
CDSS has been successfully performed.
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4.6 Discussion

Such results prove that XGBoost is highly discriminative in distinguishing Normal, Hypothyroidism, and
Hyperthyroidism classes using five popular lab indicators for the same benchmarking dataset. The mentioned
fact is in agreement with the already existing literature according to which ensembles give superior results
compared to individual classifiers when dealing with structured medical data. Nevertheless, most of the
previously performed studies limited their investigations only to providing performance metrics, and the
current one proposes a developed Streamlit prototype allowing predicting classes with confidence scores and
summarizing values of lab indicators.

The assessment is conducted on the basis of a single public benchmarking dataset without any involvement
of clinicians or patients' records, let alone any clinical implementation. Therefore, the results presented here
should not be regarded as any evidence of clinical relevance. Further research is required in order to test the
proposed method on more heterogeneous clinical data and explore its generalizability and possible limitations.
Also, it would be useful to utilize some methods of explaining ML-based predictions, for example SHAP and
LIME, in order to provide more detailed information for clinicians about individual predictions (the methods
were not used in this study).

5. Conclusion

The Al-powered Clinical Decision Support System (for classification of the thyroid disease into three classes)
was constructed on the basis of XGBoost classifier with five laboratory markers (TSH, T3, TT4, T4U, and
FTI) of UCI ANN Thyroid Disease dataset. The constructed system demonstrated the accuracy of 97.23% on
the test set and therefore proved the capability of the gradient boosting technique for precise classification of
Normal, Hypothyroidism, and Hyperthyroidism.

Nevertheless, apart from the evaluation of the model performance, the classifier was integrated in the
Streamlit-powered prototype to provide predictions and probabilities together with lab values summary for
the user as an example of the use of such models in decision support system.

There are some limitations of the approach. First of all, it relies on one publicly available benchmark dataset
instead of using several clinical ones, it is not clinically validated, and there are some facts regarding the
experiment which should be checked by the author of the paper (the size of the dataset, its classes distribution,
train/test splitting, and precision/recall/F1-score of each model). Future research would consist of using this
approach to other clinical and larger datasets, usability validation of the prototype by clinicians, and using
explainability methods like SHAP or LIME to interpret individual results. Thus, this feasibility approach
could be clinically assessed.
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