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Abstract

Thyroid disorders are among the most common endocrine conditions worldwide, and delayed or inconsistent
diagnosis can contribute to significant health complications. Conventional assessment relies on interpreting
several laboratory biomarkers together, a process that can be time-consuming and subject to variation between
clinicians.

This study presents an Al-assisted Clinical Decision Support System (CDSS) that supports, rather than
replaces, clinical judgment in thyroid risk assessment. Five routinely measured biomarkers, Thyroid
Stimulating Hormone (TSH), Triiodothyronine (T3), Total Thyroxine (TT4), Thyroxine Uptake (T4U), and
the Free Thyroxine Index (FTI) were drawn from the UCI ANN Thyroid Disease dataset and used to train an
Extreme Gradient Boosting (XGBoost) classifier for three-class prediction of Normal, Hypothyroidism, and
Hyperthyroidism status. On an independent test set, the model reached an overall accuracy of 97.23%.

The trained classifier was then integrated into a Streamlit-based prototype that returns a predicted class, a
confidence score, class probabilities, and supporting laboratory value summaries to the user. These results
suggest that combining a gradient-boosted classifier with a decision-support interface is a feasible approach
to assisting not automating, thyroid risk assessment, and the study outlines directions for validating the
approach on larger, more diverse clinical data.

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

1. Introduction

Thyroid disorders are among the most common endocrine conditions worldwide and can affect metabolism,
cardiovascular function, and neurological activity when hormone production is disrupted. Hyperthyroidism
and hypothyroidism, the two principal patterns of dysfunction, are associated with substantial morbidity when
diagnosis is delayed.

Diagnosis of thyroid disorders is based on interpreting several laboratory biomarkers together — principally
TSH, T3, TT4, T4U, and FT, rather than on any single measurement. In practice, this combined interpretation
can be time-consuming, and results that fall near a reference boundary can be read differently by different
clinicians. These challenges have motivated interest in machine learning as a decision-support tool: several
supervised methods, including decision trees, support vector machines, artificial neural networks, random
forests, and gradient boosting, have been applied to structured clinical data with encouraging results (Islam et
al., 2022; Alshamrani et al., 2023).

Extreme Gradient Boosting (XGBoost) has drawn particular attention for structured healthcare data because
it models nonlinear relationships efficiently while resisting overfitting. However, most published work in this
area reports classification accuracy without addressing how a trained model would actually reach a clinician
few studies package a predictive model as an interactive, interpretable decision-support tool that a healthcare
professional could use directly (Sutton et al., 2020; Sendak et al., 2021; Rajkomar et al., 2022).
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This study addresses that gap. Using five laboratory biomarkers from the UCI ANN Thyroid Disease dataset,
an XGBoost classifier was trained to distinguish Normal, Hypothyroidism, and Hyperthyroidism status, and
the trained model was then embedded in a Streamlit-based prototype that returns a prediction alongside a
confidence score, class probabilities, and a laboratory-value summary. The system is designed as a decision-
support aid: it is intended to inform, not replace, clinical judgment, and its outputs are prediction probabilities
rather than causal or mechanistic explanations of a diagnosis.

The model achieved an overall classification accuracy of 97.23% on an independent test set. The remainder
of the paper reviews related work (Section 2), describes the dataset, preprocessing, model, and prototype
(Section 3), reports and discusses the results (Section 4), and concludes with limitations and directions for
future work (Section 5).

2. Previous Studies

Machine learning has been applied across a range of diagnostic tasks, including cardiovascular disease,
diabetes, cancer, and endocrine disorders, by identifying patterns in structured clinical data that are difficult
to specify manually. Thyroid disorders are a natural candidate for this approach because their diagnosis
already depends on interpreting several correlated biomarkers together.

According to the American Thyroid Association guidelines, thyroid status should be assessed by evaluating
TSH alongside thyroid hormone measurements and the patient's clinical presentation, rather than any single
value in isolation (Ross et al., 2016). Reference intervals vary somewhat between laboratories and assays, but
a normal (euthyroid) pattern is generally associated with TSH in the range of 0.4—4.0 mIU/L together with
hormone levels within the laboratory's reference range; a primary hypothyroid pattern is generally associated
with elevated TSH and reduced hormone levels; and a primary hyperthyroid pattern is generally associated
with suppressed TSH and elevated hormone levels. These are typical interpretive patterns rather than fixed
universal thresholds, since reference intervals can shift with age, pregnancy, medication use, and the specific
assay used. Table 1 summarizes these patterns; a subclinical pattern an abnormal TSH with hormone levels
still within range can also occur and is not captured by the three-class framing used in this study.

Thyroid Status Typical TSH Tl?l:go;qriltl)l:rn;;r)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 Excess thyroid hormone
pattern) < 0.4 mIU/L Increased production

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

Several recent studies have applied machine learning specifically to thyroid classification. Islam et al. (2022)
compared decision trees, support vector machines, and random forests on the UCI Thyroid Disease dataset
and reported that these models could classify thyroid disorders accurately from laboratory measurements.
Alshamrani et al. (2023) compared several algorithms and found that ensemble methods generally
outperformed conventional classifiers. Both studies focused primarily on predictive accuracy rather than on
how a trained model would be deployed for clinical use.
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XGBoost in particular has become a common choice for structured healthcare data because it combines many
decision trees while controlling overfitting and handling nonlinear relationships efficiently, which has made
it a frequent choice for disease-prediction tasks on tabular clinical data.

A separate line of work has argued that predictive accuracy alone is not sufficient for clinical adoption. Sutton
et al. (2020) argued that clinical decision support systems should be transparent and usable without displacing
clinical judgment. Sendak et al. (2021) identified trust, usability, and workflow integration as recurring
barriers to adopting machine learning models in practice, and Rajkomar et al. (2022) made a related point:
that accuracy is necessary but not sufficient unless clinicians can understand and act on a model's output with
confidence. From a clinical standpoint, Biondi and Cappola (2021) and Chiovato et al. (2023) both
emphasized that thyroid status should never be read from a single laboratory value, but through the combined
evaluation of hormone profiles and clinical findings, a point that has direct implications for how any decision-

support tool's output should be framed.
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Table (2): Summary of Previous Studies

Table 2 summarizes the studies referenced above alongside the broader Al-in-healthcare literature that
motivates this work.

Taken together, this literature points to two consistent gaps: most thyroid-prediction studies stop at reporting
classification accuracy rather than at deployment, and few integrate a trained model with an interactive
interface that surfaces confidence scores, probability distributions, and laboratory-value interpretation for the
end user. The present study addresses both gaps by pairing an XGBoost classifier with a Streamlit-based
decision-support prototype.

3. Methodology

3.1 Research Framework

This study develops an Al-assisted Clinical Decision Support System (CDSS) for three-class thyroid risk
assessment. The workflow combines data preprocessing, model development, and an interactive decision-
support interface, and classifies patients into one of three categories Normal, Hypothyroidism, or
Hyperthyroidism based on routinely collected laboratory biomarkers. The overall process has five stages:
dataset acquisition, preprocessing and feature selection, model development, model evaluation, and
deployment of the trained model within the Streamlit prototype.
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Figure (1): Overall Research Workflow

3.2 Dataset Description

Submission ID  trn:oid:::2945:400569127

The study uses the UCI ANN Thyroid Disease dataset, a widely used benchmark for thyroid classification
that provides structured laboratory measurements alongside diagnostic labels. From the full set of variables
in the original dataset, this study uses five laboratory biomarkers that are routinely available and clinically
relevant to thyroid function assessment: TSH, T3, TT4, T4U, and FTI. The diagnostic label was collapsed
into three classes: Normal, Hypothyroidism, and Hyperthyroidism.

Original UCI Label Final Class Action
Negative Normal Retained

Primary Hypothyroid Hypothyroidism Merged
Compensated Hypothyroid | Hypothyroidism Merged
Secondary Hypothyroid Hypothyroidism Merged
Hyperthyroid Hyperthyroidism Retained

T3 Toxic Hyperthyroidism Merged
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(other labels if present) | Excluded / Merged | Explain why

3.3 Data Pre-processing

TSH, T3, TT4, T4U, and FTI were among five laboratory biomarkers chosen from the UCI ANN Thyroid
Disease data. Other variables, considered unimportant for reaching the study goals, were removed. Initially,
diagnostic classes had three possible labels: Normal, Hypothyroidism, and Hyperthyroidism. Categorical
classes were transformed into numeric values to perform multi-class classification.

The preprocessed data was split into training and validation datasets using an 80/20 ratio and Scikit learn's
train test split method with a fixed value of random state = 42. Stratified sampling technique was used in the
data splitting to ensure the proportionate representation of the three classes in both subsets.

Feature scaling or normalization was not performed on the chosen laboratory biomarkers before the modeling
because it is not required for tree-based models, which include XGBoost algorithm used in the present study.
Class balancing methods, such as oversampling, under sampling, or class weighting, were not implemented
either. The original distribution of the classes was maintained, and stratified sampling was used to preserve
the class proportions in both training and validation subsets.

3.4 XGBoost Model Development

Extreme Gradient Boosting (XGBoost) was selected for classification based on the established high level of
predictability, computational speed, and reliability with structured medical data. It is an algorithm based on
a series of decision trees, wherein each next tree tries to compensate for the mistakes of the previous ones.
Contrary to conventional decision trees and Random Forest, the use of XGBoost provides for such features
as regularization to reduce the risk of overfitting and modeling of complex nonlinear relationships between
clinical parameters.

The algorithm training was based on the five laboratory parameters TSH, T3, TT4, T4U, and FTI, wherein
the encoded class diagnosis was considered the target parameter. The hyperparameters were manually tuned
to balance the predictive ability and generalizability of the model. Selected hyperparameters are given in
Table 3.

The model development and evaluation were performed in the Python 3.13.5 programming language, using
Anaconda distribution and a Jupyter Notebook workspace. The following libraries and their versions were
used for implementation: XGBoost 3.3.0, Scikit-learn 1.6.1, Pandas 2.2.3, NumPy 2.1.3.

Evaluation of the model performance was conducted via validation dataset using such multi-classification
metrics as accuracy, precision, recall, F1-score, and confusion matrix.

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)
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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

The multi:softprob objective produces class probabilities for the three diagnostic categories rather than a
single hard label alone, which is what allows the prototype to display a confidence score. Regularization and
subsampling were included to limit overfitting while maintaining performance on unseen data.

3.5 Clinical Decision Support System Implementation

To assess practical feasibility, the trained XGBoost model was embedded in an interactive prototype built
with Streamlit. The application accepts a patient's laboratory values through a form-based interface and returns
a predicted thyroid status, a confidence score, and the probability associated with each of the three classes. It
also displays a summary of the entered laboratory values and accompanying interpretive messages intended
to support not substitute for the clinician's own interpretation.

Unlike a study that stops at reporting model metrics, this prototype demonstrates that a trained classifier of
this kind can be operated through a usable interface, which is a necessary (though not sufficient) step toward
clinical evaluation.

4. Results and Discussion

4.1 Experimental Setup

The XGBoost classifier was evaluated on an independent test set drawn from the UCI ANN Thyroid Disease
dataset, using records not seen during training. Performance was assessed with accuracy, precision, recall, F1-
score, and the confusion matrix, covering the model's ability to distinguish Normal, Hypothyroidism, and
Hyperthyroidism.

4.2 Model Performance Evaluation

Metric Value
Accuracy 97.23%
Precision 97.00%

Recall 97.00%
F1-score 97.00%

Table (4): Performance Evaluation of the Proposed XGBoost Model
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The classifier reached an overall accuracy of 97.23% on the independent test set, indicating that the large
majority of records were correctly classified. This is consistent with other reports of ensemble methods
performing well on structured thyroid laboratory data (Islam et al., 2022; Alshamrani et al., 2023), though a
direct numerical comparison is not appropriate until the precision, recall, and Fl-score figures above are
confirmed and until dataset size and class balance are reported (see Section 3.2-3.3).

4.3 Confusion Matrix Analysis

Confusion Matrix of the Proposed XGBoost Classifier

3000
@ Hyperthyroidism 13 0 0
(n=73) (100.0%) (0.0%) (0.0%) 2500
= 2000 E
é :
O ® Hypothyroidism | 0 143 34 3
= (n=177) (0.0%) (80.8%) (19.2%) - 1500 5
g 3
3] Q
< g
1000 >
@ Normal 9 52 3117
(n=3,178) (0.3%) (1.6%) (98.1%) - 500
@ Hyperthyroidism ® Hypothyroidism @ Normal — 0
(n=82) (n=195) (n=3,151)

Predicted Class

Each cell displays the number of samples with the corresponding row-wise percentage in parentheses.

n: total actual samples per class (row) | n: total predicted samples per class (column)

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

Figure 2 presents the confusion matrix for the XGBoost classifier. The model achieved an overall accuracy
of 97.23%, correctly classifying the majority of samples across the three diagnostic categories. Recall for
Hyperthyroidism was 100%, with all 73 test cases correctly identified. For Hypothyroidism, 143 of 177 cases
were correctly classified, while 34 were misclassified as Normal. Of the 3,178 Normal cases, 3,117 were
correctly identified; the remaining 61 were misclassified, with 52 predicted as Hypothyroidism and 9 as
Hyperthyroidism.

The most frequent confusion occurred between the Hypothyroidism and Normal classes, and no
Hyperthyroidism cases were misclassified. These findings indicate that the classifier performs strongly
overall, though its performance is not uniform across diagnostic categories. In particular, Hypothyroidism
showed lower precision than the other two classes, meaning that a meaningful share of cases predicted as
Hypothyroidism were, in fact, Normal. While this could increase the number of false-positive Hypothyroidism
predictions, such cases can reasonably be resolved through routine clinical assessment and confirmatory
laboratory testing. This underscores the intended role of the proposed system as a decision-support aid rather
than a replacement for clinical judgment.

4.4 Feature Importance Analysis
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Feature Importance of the Proposed XGBoost Classifier

Relative contribution of laboratory biomarkers to thyroid disorder classification
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Figure (3): Feature Importance of the Selected Laboratory Biomarkers

Figure (3) illustrates the relative importance of the five laboratory biomarkers used by the proposed XGBoost
classifier. TSH was identified as the most influential predictor, contributing 54.69% of the overall feature
importance, followed by FTI (30.08%). The remaining biomarkers contributed smaller but meaningful
amounts, with T3 (6.98%), TT4 (5.09%), and T4U (3.16%) completing the ranking.

These results indicate that TSH and FTI were the primary contributors to the model's classification decisions,
together accounting for more than 84% of the total feature importance. Although T3, TT4, and T4U exhibited
lower relative importance, they provided complementary diagnostic information that enhanced the model's
ability to distinguish between Normal, Hypothyroidism, and Hyperthyroidism. The prominence of TSH as the
most influential biomarker is consistent with its established clinical role as the primary laboratory indicator
for assessing thyroid dysfunction.

4.5 Clinical Decision Support System Evaluation
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Al-5asea INyroid KIsK Assessment
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[ Patient Information

[ Laboratory Values

Figure 4. AI-Assisted Clinical Decision Support System Interface Before Prediction

............................

Figure 5. Sample Prediction Result Generated by the Proposed AI-Assisted Clinical Decision Support System

Figures 4 and 5 illustrate the graphical user interface of the proposed Al-assisted Clinical Decision Support
System (CDSS), developed using the Streamlit framework. Figure 4 presents the data-entry interface, where
users provide patient information together with the five laboratory biomarkers (TSH, T3, TT4, T4U, and FTTI).
After the values are submitted, the trained XGBoost classifier processes the inputs and generates an
assessment report.

Figure S presents a sample prediction generated by the proposed system. The interface displays the predicted
thyroid condition, confidence score, risk level, class probability distribution, laboratory reference ranges, and
a clinical recommendation based on the model's prediction. These results demonstrate the successful
integration of the trained machine learning model into an interactive decision-support application intended to
assist healthcare professionals during thyroid disorder assessment.

4.6 Discussion

These results indicate that XGBoost can distinguish Normal, Hypothyroidism, and Hyperthyroidism status
from five routine laboratory biomarkers with high accuracy on this benchmark dataset, consistent with prior
reports that ensemble methods tend to outperform simpler classifiers on structured healthcare data. Most prior
studies in this area, however, stop at reporting classification metrics; this study additionally packages the
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trained classifier as an interactive Streamlit prototype that returns predictions, confidence scores, and
laboratory-value summaries to a user.

The evaluation is limited to a single public benchmark dataset, and the study did not involve clinicians, real
patient records, or any clinical deployment; results should not be read as evidence of clinical validity. Future
work should test the approach on larger, multi-site clinical data to assess generalizability across different
patient populations and laboratory assays, and could explore explainability methods such as SHAP or LIME
to give clinicians insight into individual predictions noting that neither method was implemented in the present
study, and the confidence scores and class probabilities reported here describe the model's certainty, not the
reasoning behind a given prediction.

5. Conclusion

This study developed an Al-assisted Clinical Decision Support System for three-class thyroid risk assessment
using an XGBoost classifier trained on five routine laboratory biomarkers (TSH, T3, TT4, T4U, and FTI)
from the UCI ANN Thyroid Disease dataset. On an independent test set, the model reached a classification
accuracy of 97.23%, indicating that gradient boosting can distinguish Normal, Hypothyroidism, and
Hyperthyroidism status accurately on this benchmark data.

Beyond model performance, the trained classifier was integrated into a Streamlit-based prototype that returns
predictions, confidence scores, and laboratory-value summaries through a user-facing interface, illustrating
one way a model of this kind could be operationalized as a decision-support tool rather than left as a standalone
classifier.

The work has clear limitations. It relies on a single public benchmark dataset rather than multi-site clinical
data, it has not been evaluated by clinicians or tested in a clinical workflow, and several reproducibility details
(dataset size, class distribution, train/test split, and full precision/recall/F1 figures) remain to be confirmed by
the author, as flagged throughout this document. Future work should validate the approach on larger and more
diverse clinical datasets, evaluate the prototype's usability with clinician users, and consider explainability
methods such as SHAP or LIME to make individual predictions more interpretable. With these steps, the
approach outlined here could move from a feasibility demonstration toward a tool suitable for further clinical
evaluation.
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