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ABSTRACT
Precise diagnoses are essential for the effective management of hypothyroidism. How-
ever, the subjective nature inherent in the interpretation of diagnostic tests poses a significant chal-
lenge. In this paper, we examined and evaluated the utility of the machine learning algorithms SHA-
PASH and LIME, with explainable Al, in addressing that challenge. The objective was to forecast
hypothyroidism, a thyroid gland dysfunction, utilizing attributes derived from blood biomarkers and
explain the model’s resulting predictions. These attributes include thyroxine, thyroid-stimulating
hormone, free thyroxine index, total thyroxine, and triiodothyronine. The results demonstrate the
efficacy of employing these algorithms in accurately classifying hypothyroidism and providing di-
agnostic support, achieving an accuracy rate of 99.16%.
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1. Introduction

Hypothyroidism occurs when the thyroid gland fails to produce adequate thyroid hor-
mones. It poses significant health issues if not addressed. Untreated cases may reveal conditions,
including hypertension, dyslipidemia, infertility, cognitive impairment, as well as neuromuscular
dysfunction [Gaitonde et al., 2012]. The diagnosis of hypothyroidism entails a multifaceted ap-
proach encompassing clinical assessment, laboratory analyses, and the evaluation of some symp-
toms and medical history [Matei et al., 2023]. Typically, primary blood tests employed for diagnosis
comprise measurements of TSH, Free T4, T3, and Thyroid Peroxidase Antibody (TPOADb) levels
[Gaitonde et al., 2012].

Integration of machine learning (ML) models holds potential in the detection of hypothy-
roidism, facilitating rapid analysis of medical data to identify patterns and critical details [Nacem
et al., 2023; Cavalcante and Rego, 2024]. For conditions like hypothyroidism, doctors must un-
derstand why an Al model reaches a particular diagnosis. Explainable Al (XAI) techniques offer
interpretability by revealing the features and patterns that contribute to a model’s decision [Mishra,
2023; Sannala et al., 2023]. Several ML approaches in the scientific literature aim to detect thy-
roid disorders early [Shahid et al., 2019; Guleria et al., 2022]. However, many previous studies
suffer from a lack of models that humans can interpret, as they do not provide feature importance
scores, textual or visual explanations, or transparent internal workings for review. In this work, we
implemented some ML algorithms to predict hypothyroidism, offering transparency in the decision-
making process of the models with explainable Al algorithms, such as SHAPASH [MAIF, 2024]
and LIME (Local Interpretable Model-agnostic Explanations) [Ribeiro et al., 2016].

2. Methodology

The Hypothyroid subset of the Thyroid Disease dataset from the UCI machine learning
repository [Quinlan, 1987] was used with 3017 instances. It contains 29 patient attributes, including
age, sex, medication history, pregnancy, surgeries, and thyroid function test results. Grid search with
5-fold cross-validation was applied to reduce overfitting. Features were selected based on frequency
across Recursive Feature Elimination (RFE), Pearson Correlation, and K-means clustering. The
selected features were TT4, TT4m, T4Um, T3m, FTI, T3, TSH, T4U, Pregnant, and 1131. TT4
indicates total T4, T4U represents free thyroxine levels, and 1131 refers to lodo-131 usage. The
dataset was split into 80% training and 20% testing.

A stacking model was implemented using Gradient Boosting (GB), Extra Trees (ET),
Decision Tree (DT), and Random Forest (RF). GB, ET, and DT served as base classifiers, while
RF performed the final classification. Explanations were provided using SHAPASH and LIME.
Model performance was assessed using accuracy, recall, precision, and Fl-score. The stacking
model achieved 0.9916 accuracy and 0.9973 AUC, with a recall of 0.9863, precision of 0.9969,
and F1-score of 0.9915, indicating excellent predictive performance and a strong balance between
sensitivity and precision.

3. Discussions and Results
3.1. SHAPASH

SHAPASH offers an interface for generating and visualizing explanations, making to un-
derstand the behavior of the model prediction. Fig. 1 (a) depicts the importance of features on
SHAPASH method results; for instance, TSH values are highlighted as having a stronger positive
impact on the model’s predictions. Additionally, features such as FTI, TT4, T3, T3 measure, and
T4U emerge as crucial for predicting hypothyroidism. The visualization of points presents an un-
derstanding of how each selected feature influences the model’s predictions across the entire dataset.
Furthermore, SHAPASH provides local interpretability, which is the understanding of the decision-
making process for a single sample, enabling the display of contributions from each most important
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feature for this sample. Fig. 1 (b), (c), (d) and (e) present the contribution of TSH, FTI, T3, and
total T4 to the prediction of hypothyroidism. A zero or negative contribution of TSH indicates a
higher likelihood of hypothyroidism (predicted probability 0). A TSH contribution greater than zero
suggests a lower likelihood of hypothyroidism (predicted probability 1).
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Figure 1: Feature importance and individual feature contributions for hypothyroidism prediction. (a)
Overall feature importance ranking, highlighting TSH as the most influential predictor. (b)-(e) SHAP-based
contribution plots for TSH, FT1, T3, and TT4, showing their impact on the predicted probability, where 1
corresponds to a normal patient and 0 to hypothyroidism.

3.1.1. LIME

LIME is used for its ability to provide intuitive and easily understandable explanations
for individual predictions. Fig. 2 demonstrates the application of the LIME method in making

predictions.

Prediction probabilities Hypothyroidism Normal

-0.24 < TSH ==-0.14
Hypotyraidsm
Normal FD'LI =0.54

egnant <= -0.09]
Feature Value b oo
1131 treatment <= -0.09)
TSH pye
T3 <=-0.52]
! 0.01]

pregnant ;&01 <TT4<=033

T4U <=-0.63

I131 treatment
.00

TT4 measured <= 0.16|
0.0

T4U measured <= 0.31]
0.0

T3 measured <= 0.54
.00

Normalize Data

Figure 2: Features that impacted in the predicted value and their respective meanings.

In Fig. 2, the model predicted a 63% probability of hypothyroidism. Key features influ-
encing this prediction include TSH, T3, and pregnancy status. These methods permit the explain-
ability of the ML model. The XAI plays a crucial role in ensuring transparency and trustworthiness

in Al systems.

https://proceedings.science/p/212555?lang=pt-br


https://proceedings.science/p/212555?lang=pt-br

SIMPOSIO BRASILEIRO DE
PESQUISA OPERACIONAL

57°SBPO

*RS

DE 5 A 9 DE OUTUBRO DE 2025

4. Conclusions
ML algorithms offer significant promise in identifying hypothyroidism by uncovering pat-

terns and trends within clinical data. These insights play a key role in advancing the diagnosis and
treatment of hypothyroidism, eventually enhancing patient care and outcomes. This research high-
lights the potential of combining medical data with ML algorithms to refine diagnostic processes.
Additionally, it emphasizes the importance of employing transparent, interpretable, and understand-
able models for doctors, facilitated by explainable Al methods like SHAPASH and LIME.
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