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Abstract. This paper presents an exploratory study on the use of rule-
based explainability to support clinical decision-making in thyroid cancer
recurrence prediction. Quantum machine learning models are compared
within a unified experimental workflow, and a model-agnostic explain-
ability technique is applied to extract interpretable rules. These rules
are consistent with established clinical risk factors and are further used
for explainability-driven feature selection, leading to improved model be-
havior, particularly in terms of sensitivity. The results provide useful in-
formation on the applicability of explainable quantum models and show
consistent behavior in both ideal and noisy computational environments,
highlighting their potential for interpretable decision support in health-
care.

Keywords: Quantum machine learning - Association rules - Explain-
ability - Feature selection - Thyroid cancer.

1 Introduction

Machine learning (ML) techniques are increasingly being used in the health-
care sector to support clinical decision-making by analyzing complex patient
data. These methods have yielded promising results in tasks such as diagnosis,
prognosis estimation, and risk prediction. However, as predictive models become
more sophisticated, their internal decision-making processes often prove difficult
to interpret, raising concerns about transparency, trust, and clinical usability.
In medicine, predictive performance alone is not sufficient, as healthcare profes-
sionals also need to understand the factors driving a model’s decisions to assess
whether they are plausible, reliable, and consistent with medical knowledge. For
this reason, explainable artificial intelligence (XAI) has become an important
field of research aimed at making ML models more understandable and applica-
ble [112].
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At the same time, quantum machine learning (QML) [3] has attracted grow-
ing interest as a paradigm that combines machine learning techniques with the
computational principles of quantum mechanics. Although it is still in the ex-
ploratory phase, several quantum approaches have been proposed as alternatives
or complements to classical models for classification and prediction tasks. Among
them, quantum support vector machines (QSVM) [4] and quantum neural net-
works (QNN) [5] are two of the most representative architectures. However, the
use of quantum circuits and high-dimensional feature mappings makes QML
models particularly difficult to interpret, which further limits their applicability
in domains where explainability is essential [6].

This study addresses the prediction of thyroid cancer recurrence in a realis-
tic clinical setting [7]. Although well-differentiated thyroid cancer typically has
a favorable prognosis, recurrence remains a clinically significant event that can
occur years after treatment. Therefore, predicting the risk of recurrence is im-
portant for follow-up, treatment planning, and personalized monitoring, making
transparent and reliable predictive models particularly valuable [§].

This article presents an exploratory study on the application of QML models
to a real-world dataset on thyroid cancer for the prediction of recurrence. Specif-
ically, QSVM and QNN models are evaluated in both an ideal simulation and
in a noisy emulation based on a real IBM quantum device. The dataset includes
several categorical clinical variables that were appropriately encoded for model
processing, while the target variable corresponds to cancer recurrence.

Beyond predictive performance, interpretability is analyzed by extracting
association rules from the best-performing model [9]. These rules reveal relevant
relationships between clinical features and support an attribute classification
inspired by prior explainability criteria. Based on this classification, the models
are retrained using both the full set of features and reduced subsets containing
the most relevant variables, allowing for an evaluation of the usefulness of the
extracted rules as a feature selection mechanism.

The main contributions of this study are summarized as follows. First, we
present an exploratory study on predicting thyroid cancer recurrence using a real-
world clinical dataset with categorical and clinical variables encoded for QML
models. Second, we extract association rules from the best-performing model to
obtain interpretable insights into the relationships between clinical attributes
associated with thyroid cancer recurrence. Third, we define a feature relevance
ranking based on these rules, which serves as a feature selection mechanism
to construct reduced subsets of variables. Fourth, we evaluate the impact of
retraining the models with different feature subsets to determine if this rule-
guided selection improves predictive performance.

The rest of the manuscript is structured as follows. Section [2| reviews previ-
ous research on explainability in classical and QML, with a particular focus on
applications in the healthcare field. Section [3] describes the dataset, the prepro-
cessing phase, the learning models, and the feature analysis based on association
rules. Section [4] presents and analyzes the experimental results. Finally, Section
summarizes the main conclusions, limitations, and future research directions.



2 Related work

Recent research on quantum computing in the healthcare sector has focused
primarily on potential applications, technical limitations, and the feasibility of
its clinical use in the short term. Described use cases include diagnosis, treatment
optimization, medical data processing, and decision support, although current
noisy intermediate-scale quantum (NISQ) hardware continues to face significant
limitations related to noise and scalability [IOJTT/T2]. In this context, QML has
become one of the most active areas of research, particularly for classification
tasks based on hybrid quantum-classical workflows.

Several studies have investigated quantum classifiers in controlled environ-
ments. Suzuki et al. [I3] analyzed classification and regression using quantum
support vectors under both noisy and noise-free conditions, as well as on trapped-
ion hardware, highlighting the importance of evaluating quantum models beyond
idealized simulations. In the healthcare field, QML has also been applied to
disease prediction tasks, such as cardiovascular risk detection, where quantum-
enhanced classifiers have been proposed as proof-of-concept alternatives to clas-
sical approaches [14]. However, most of these studies remain exploratory and are
often based on relatively small or benchmark datasets.

At the same time, explainability in QML has attracted growing interest. Since
classical XAI methods cannot be directly applied to quantum models, recent
work has proposed specific frameworks to address this challenge. ExQUAL com-
bines LIME and SHAP with a Pegasos-based QSVM to obtain local and global
explanations [15], while QRLaX AT extends explainability to quantum representa-
tion learning using a quantum autoencoder and a variational quantum classifier
with post-hoc explanation methods [I6]. Recent studies have also highlighted
the importance of having interpretable and clinically reliable quantum-based
processes in the healthcare field [I7].

In thyroid cancer, most studies continue to rely on classical machine learn-
ing. Wang et al. [I8] developed models to predict recurrence of papillary thyroid
cancer using multiple clinical-pathological predictors, and Borzooei et al. [19)
demonstrated that machine learning models can support recurrence risk stratifi-
cation and follow-up planning in patients with well-differentiated thyroid cancer.
More recent studies have incorporated strategies focused on explainability and
features. Atay et al. [20] combined association rule mining with classification
algorithms for thyroid cancer recurrence, while Yapici and Uzun Arslan [21]
addressed class imbalance and feature redundancy through data balancing and
feature selection.

Despite these advances, the overlap between these lines of research remains
limited. The prediction of thyroid cancer recurrence has been studied primarily
using classical machine learning, while the interpretability of quantum learn-
ing has been investigated largely using benchmark datasets or in other clinical
tasks. Therefore, the combination of quantum models for predicting thyroid can-
cer recurrence with explanatory analysis based on association rules and feature
classification remains largely unexplored, which motivates the present study.



3 Methodology

This study follows an exploratory experimental workflow designed to assess both
predictive performance and interpretability of QML models in a clinical predic-
tion task. The workflow integrates model training, post-hoc explainability, and
feature selection in a unified framework and is depicted in Figure
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Fig. 1. Experimental workflow adopted in this study. QML models were trained using
the same preprocessed clinical dataset to establish baseline performance. The RULEx
explainability technique is then applied to extract interpretable rules and derive fea-
ture importance scores, which are subsequently used for explainability-driven feature
selection and model retraining.

The methodology is organized as a two-stage experimental workflow. The ob-

jective is not only to evaluate the predictive capacity of QML models for thyroid
cancer recurrence, but also to analyze whether the explanations extracted from
these models can guide a subsequent feature selection process.

The workflow starts from a clinical dataset related to well-differentiated thy-
roid cancer. The prediction target is recurrence, that is, whether cancer reappears
after the initial treatment. The dataset contains demographic and clinical vari-
ables such as age, gender, smoking status, physical examination, risk category,
tumor stage, lymph node involvement, metastasis, and recurrence status. Since
the dataset contains no missing values, the preprocessing stage mainly focuses
on preparing the variables for quantum model training. Categorical variables
are encoded into numerical values, and all input features are normalized to the
interval [0, 7], which allows them to be mapped into quantum circuits.

After preprocessing, the dataset is divided into training and test partitions.
The same preprocessed data are used to train all models, ensuring that their re-
sults are directly comparable. Three types of classifiers are considered: a classical
SVM, used as a reference baseline, and two quantum models, namely QSVM and
QNN. The QSVM model utilized in this study is the implementation of Pegasos
(Primal Estimated sub-GrAdient SOlver for SVM) [22] adapted for quantum
kernels [23], while the QNN architecture implemented is based on a Variational
Quantum Classifier (VQC) paradigm [24].

Both quantum models are evaluated under two computational settings: an
ideal, noise-free simulation and a noisy emulation based on the IBM Fez quantum
processor. This design makes it possible to compare theoretical performance
with a more realistic noisy scenario. The first part of the workflow therefore



establishes the baseline performance of each model using the complete set of 13
input features. Accuracy, sensitivity, specificity, and training time are used to
assess model behavior. This baseline stage is important because it shows how
the models perform before applying any explainability-guided reduction of the
input space.

Once the initial models have been trained, the best-performing model (the
classical SVM, which achieved the highest baseline accuracy and sensitivity) is
analyzed using RULEx [25], a model-agnostic explainability method based on
quantitative association rules. RULEx extracts rules that relate combinations
of input variables to the predicted class. Since RULEx is model-agnostic, it
constructs this rule-based mapping by explaining the relationship between the
input features and the predictions generated by the classifier, rather than relying
on its internal parameters. These rules provide an interpretable description of
the decision patterns learned by the model.

To prevent data leakage during the feature selection process, the RULEx ex-
plainability analysis and feature ranking were performed strictly on the training
partition of the first-stage models. The resulting Top-9 and Top-4 feature sub-
sets were then used to filter both the training and test sets for the second-stage
model training and evaluation.

The explainability stage produces two outputs. The first output is a set of
human-readable clinical rules, which helps assess whether the model’s behavior
is consistent with known clinical knowledge. The second output is a feature
importance ranking. This ranking is obtained by counting how frequently each
variable appears in the antecedents of the extracted rules.

This feature ranking is then used to build reduced datasets. In particular, the
study defines a Top-9 subset, which includes the variables with non-zero rele-
vance according to RULEx, and a Top-4 subset, which retains only the four most
important variables. The original models are then retrained using these reduced
feature subsets. This second training stage evaluates whether the explanations
obtained from RULEx can improve model performance by removing irrelevant
or redundant variables. Finally, the performance on the full dataset is compared
with that on the Top-9 and Top-4 subsets.

4 Results

This section presents the experimental results obtained following the workflow
described in Section [3] First, the input dataset and preprocessing steps are de-
scribed in Section [I.1] The experimental setup is described in Section[4.2] Then,
the baseline performance of the QML models is reported and analyzed in Section
followed by the explainability analysis carried out with RULEx in Section
44 Finally, the impact of explainability-driven feature selection on model per-
formance is evaluated in Section [£.5]



4.1 Input data

The input data describe well-differentiated thyroid cancer. The objective is to
predict recurrence, defined as the reappearance of cancer cells after initial treat-
ment, which has important implications for patient prognosis and management
[26]. The dataset consists of a cohort of 383 instances (patient records) and in-
cludes 13 clinicopathological features collected over 15 years, with each patient
followed for at least 10 years. It is publicly available as the Differentiated Thyroid
Cancer Recurrence dataset in the UCI Machine Learning Repository, developed
within Al-medicine research in the United States [I9]. The dataset contains no
sensitive information and has no missing values. Table [1] lists the dataset fea-
tures, including demographic and clinical variables relevant to thyroid cancer
recurrence prediction.

Table 1. Clinicopathological features present in the input data (383 instances total).

Feature Description Type  Categories / Range Frequencies / Statistics
Age Patient age at diagnosis Numerical [15, 82] Mean: 40.87 4+ 15.13
Gender Gender classification Binary  0: Female, 1: Male Female: 81.5% (312), Male: 18.5% (71)
Smoking Current smoking status Binary 0: No, 1: Yes No: 87.2% (334), Yes: 12.8% (49)
Smoking history Past smoking history Binary  0: No, 1: Yes No: 92.7% (355), Yes: 7.3% (28)
Radiotherapy history Prior radiation therapy Binary  0: No, 1: Yes No: 98.2% (376), Yes: 1.8% (7)
Physical examination Clinical neck assessment findings Categorical Normal, Diffuse goiter, Multinodular goiter: 36.6% (140),
Single nodular-left /right,  Single nodular goiter-right: 36.6% (140),
Multinodular goiter Single nodular goiter-left: 23.2% (89),
Normal: 1.8% (7), Diffuse goiter: 1.8% (7)
Focality Number of tumor foci Binary  0: Uni-Focal, 1: Multi-Focal Uni-Focal: 64.5% (247), Multi-Focal: 35.5% (136)
Risk Clinical recurrence risk stratification ~ Binary  0: Low, Low: 65.0% (249),
1: Intermediate/High Intermediate,/High: 35.0% (134)
Tumor Tumor size (T staging) Categorical Tla, T1b, T2, T3a, T2: 39.4% (151), T3a: 25.1% (96), Tla: 12.8% (49),
T3b, Tda, T4b T1b: 11.2% (43), T4a: 5.2% (20),
T3b: 4.2% (16), T4b: 2.1% (8)
Lymph nodes Lymph involvement (N staging) Binary  0: No (N0), No (NO): 70.0% (268),
1: Yes (N1a/N1b) Yes (Nla/N1b): 30.0% (115)
Metastasis Distant metastasis (M staging) Binary  0: No (M0), 1: Yes (M1)  No (MO): 95.3% (365), Yes (M1): 4.7% (18)
Stage AJCC cancer stage Categorical Stage I to IVB Stage I: 86.9% (333), Stage II: 8.4% (32),

Stage TVB: 2.9% (11), Stage I1T: 1.0% (4),
Stage IVA: 0.8% (3)
Recurred Patient recurrence status (Target)  Binary 0: No, 1: Yes No (No recurrence): 71.8% (275),
Yes (Recurrence): 28.2% (108)

The first step involved preprocessing the input data. Categorical variables
were numerically encoded and mapped to integer representations according to
established clinical criteria to ensure model compatibility. As the dataset was al-
ready clean, no missing value imputation was required. To prevent data leakage,
the scaling parameters for the normalization of continuous variables (i.e., Age)
to the range [0, 7] were computed strictly on the training partition and subse-
quently applied to scale the test partition. The dataset was split into training
(80%) and test (20%) partitions. The target variable, “Recurrence”, shows a mild
class imbalance, with approximately 28.2% of samples in class 1 (recurrence) and
71.8% in class 0 (no recurrence). No correction techniques were initially applied,
as the imbalance was not severe. Nevertheless, its potential impact on model
performance was considered, particularly regarding sensitivity and specificity.

4.2 Experimental setup

The experimental framework was implemented in Python using the Qiskit ecosys-
tem [27], using its specialized libraries for quantum circuit construction. It was
executed on the Hércules supercomputer, managed by the Centro de Informatica



Cientifica de Andalucia (CICA). This high-performance computing (HPC) in-
frastructure provided the necessary computational resources to handle the in-
tensive classical simulations of quantum circuits. For the noisy execution sce-
narios, hardware-specific noise profile of the 127-qubit IBM Fez processor was
integrated. This noise model was accessed via the Qiskit Runtime Service, in-
corporating critical device parameters such as gate fidelity, thermal relaxation
times and dephasing times. By combining HPC-grade classical power with real-
world quantum noise data, we ensured a robust environment for evaluating the
scalability and reliability of the proposed QML models.

4.3 General QML results

Table [2] presents the preliminary performance metrics for the classical SVM, and
the ideal and noisy quantum models, using the full 13-feature set. Specifically,
QSVM;q and QNNjq refers to the ideal conditions whereas QSVM,ise and
QNN jpise to the model trained simulating real noise. Then, under ideal con-
ditions, the QML models achieve slightly better performance than their noisy
counterparts. A critical observation in all models is the impact of the class dis-
tribution, which is moderately imbalanced (70% for no recurrences, 30% for
recurrence).

Table 2. Performance on the full 13-feature input dataset.

Model Acc (%) | Sens (%) | Spec (%) tirain (8)
SVM 85.5£3.5|77.3£9.3|88.6+6.0] 0.01£0.00
QSVMiq |[70.4£16.5(64.7 +30.1|72.6 £ 30.0| 26.95 + 2.29
QNNig 75.5+1.9(16.3£6.0]98.0£1.2(1215.46 £ 18.06
QSVMoise|65.8 £ 19.5(60.2 4+ 32.0{68.1 + 31.5| 2173 £ 241
QNNpoise |72.6£2.8|18.5+75|95.4+2.0| 94612 £ 1438

Concerning the ideal models, QNNjq achieves a seemingly competitive accu-
racy of 75.5%. However, a closer inspection of its sensitivity (16.3%) and speci-
ficity (98.0%) reveals that the model is heavily biased towards the majority
class. This indicates that the quantum kernel approach is more resilient to class
imbalance than the QNN at this dimensionality. However, the high standard
deviation in QSVMjq suggests instability when handling the full feature space
without prior selection. With reference to training time, a significant bottleneck
was observed for the QNNjq, requiring over 20 minutes (1215.46 s) compared to
the nearly instantaneous classical SVM and the more efficient QSVM algorithm
(26.95 s). Regarding the noisy models, QSVM,uisc shows a slight degradation
in accuracy (65.8% vs. 70.4%) and sensitivity (60.2% vs. 64.7%) compared to
its ideal counterpart, while maintaining a comparable level of variance. This
suggests that the kernel-based approach retains a degree of noise resilience, at
the cost of a significant increase in training time, rising from 26.95 s to 2173
s. In contrast, QNN ,sise maintains the same majority-class bias observed under
ideal conditions, with a sensitivity of 18.5% and a specificity of 95.4%, indicating
that quantum noise does not correct the variational circuit’s tendency to predict



the majority class. Moreover, the associated training time increases to 94612 s,
considerably limiting its practical feasibility when using the full feature set.

4.4 Explainability analysis: RULEx

To better understand the observed model behavior, RULEx was applied to an-
alyze the relationship between input features and recurrence predictions. The
extracted QARs provide interpretable insights into disease recurrence based on
patient characteristics. These QARs are consistent with established clinical risk
factors for thyroid cancer recurrence, such as larger tumor size, lymph node in-
volvement, and older age, which have been reported as significant predictors in
clinical studies [28].

R1: Gen[0] A Smok[0] A Met[0] = Rec[0] R5: Gen[l] = Rec]]]

R2: Risk[0] = Rec[0] R6: Stage[2 — 4] = Rec[]]
R3: LN[1] = Rec]]] R7: Age[51 — 75] A Foc[l] = Rec[1]
R4: PhysExam[1] A Risk[1l] = Rec[1] R8: Age[67 — 82] A Risk[1] = Recl1]

In detail, the patients identified by the rules as low-risk are those who do not
smoke and are usually female (gender 0). Moreover, patients with no metasta-
sis are less likely to experience recurrence. In contrast, certain factors increase
the probability of recurrence, such as having affected lymph nodes, being male
(gender 1) or being categorized as high risk level.

Clinical indicators also play a crucial role. Patients with a positive physical
examination and high-risk classification, as well as those in cancer stages 2 to
4, have a higher likelihood of recurrence. Additionally, age-related factors are
significant: individuals aged 51 or older are more prone to recurrence. Beyond
interpretability, the rules have been used to assess the importance level of the
input features.

Feature importance is estimated based on the frequency with which variables
appear in the rule antecedents, under the assumption that features occurring
more frequently across multiple rules exert a greater influence on the model’s
predictions. Table[3|reports the resulting importance levels for each input feature.

Table 3. Feature importance grouped by level.

Importance|Features
0.231 |Risk
0.154  |Age, gender
0.077  |Smoking, physical examination, focality, lymph nodes, metastasis, stage
0.000  |Smoking history, radiotherapy history, tumor

4.5 Performance after explainability-driven feature selection

The models were retrained using two reduced feature subsets: Top-9, comprising
the features with the three highest importance levels (risk, age, gender, smoking,



physical examination, focality, lymph nodes, metastasis, and stage), and Top-
4, formed by the four features with the highest individual importance scores.
Table [4] presents the resulting performance metrics and training times for each
configuration.

Table 4. Performance after RULEx-driven feature selection using different subsets:
full set (All), Top-9, and Top-4.

Model All Top-9 Top-4

Acc. (%) | Sens. (%) | Spec. (%)|  t(s) Acc. (%) | Sens. (%) | Spec. (%) | t(s) Acc. (%) | Sens. (%) | Spec. (%)|  t(s)
SVM 85.5£3.5| 77393886 L6.0] 0.01 £0.00 || 4.1 £2.9[72.5 £ 10.9] 88.7 £ 5.5 0.03 £ 0.04 || 845 £ 3.0 | 74 £ 6.3 | 83.3 £ 5.0 0.06 £ 0.03
QSVMiq |[70.4 + 16.564.7 4 30.1(72.6 £ 30.0] 27.0 4 2.3 ||67.5 + 15.0|76.4 & 23.0(63.9 £ 22.0| 13.2+ 2.0 |[66.7 & 18.5(68.3 £ 31.4[66.1 & 30.0| 5.2+ 0.8
QNN || 7554 1.9[16.3 6.0 | 98.0+ 1.2 [1215.5 + 18.1]| 62.8+ 3.8 | 8.4 + 1.8 | 48.6 + 5.0 | 281.3 + 2.7 || 64.8 £ 7.8 | 94.2 + 9.6 |53.1 + 10.5[89.47 + 1.73
QSVM,u0i|[65.8 + 19.5[60.2 + 32.0(68.1 £ 31.5| 2173 & 241 ||63.4 + 17.5|71.8 % 25.0(60.0 + 23.0| 1087 + 143 [[62.5 & 21.0(64.5 + 32.0[61.7 + 31.0| 443 + 57
QNNuoi || 72.6 4 2.8 | 18.5 £ 7.5 | 95.4 + 2.0 [94612 + 1438]| 60.1 £ 5.5 | 94.8 + 4.0 | 46.3 + 6.5 [21834 & 412]] 62.0 = 9.0 [90.5 + 11.0]50.6 = 12.0| 6921 + 193

Regarding the classical SVM, the Top-4 subset leads to an improvement in
sensitivity (87.4% vs. 77.3% with all features), while accuracy remains largely
stable (84.5%) and specificity is balanced at 83.3%. For QSVMq, the Top-9
subset yields a moderate increase in sensitivity (76.4% vs. 64.7%), at the cost of
a slight drop in accuracy and a decrease in specificity to 63.9%, while reducing
training time from 27.0 s to 13.2 s. A similar trend is observed for QSVM,,;,
where sensitivity improves from 60.2% to 71.8% with Top-9, and specificity is
60.0%, with training time reduced by approximately half.

The most notable changes are observed for both QNN variants. With the
full feature set, QNN;q exhibits a strong bias towards the majority class, with
a specificity of 98.0% and a sensitivity of only 16.3%, essentially acting as a
majority-class predictor. After explainability-driven feature selection, this bias
is substantially corrected: sensitivity reaches 98.4% with Top-9 and 94.2% with
Top-4. However, a closer look at the specificity reveals that it drops significantly
to 48.6% (Top-9) and 53.1% (Top-4). A comparable pattern is observed under
noisy conditions, where QNN ,.; improves from 18.5% to 94.8% sensitivity with
Top-9, but its specificity falls to 46.3%.

These results suggest that while the high-dimensional feature space was a
primary contributor to the majority-class bias of the variational model, feature
selection based on explainability rules did not simply yield a balanced model;
instead, it shifted the decision boundary in the opposite direction (toward pre-
dicting the positive class). This indicates that class imbalance is indeed a severe
challenge for the variational quantum circuit, and that feature selection alone is
insufficient to fully correct it. Future work must investigate dedicated class im-
balance correction techniques, such as synthetic oversampling or class-weighted
loss functions, specifically tailored for quantum algorithms.

Furthermore, when comparing classical and quantum models, the classical
SVM baseline consistently outperforms the quantum classifiers (QSVM and
QNN) in terms of overall accuracy and computational efficiency, with training
times that are orders of magnitude faster. This absence of a clear "quantum ad-
vantage" is expected given the limitations of NISQ-era simulated environments,
device noise profiles, and the small dataset size (383 instances). Nevertheless,
the results demonstrate that explainability-driven feature selection can narrow



the performance gap and reduce the computational overhead, which is critical
for making QML models more practical in clinical settings.

Additionally, while traditional rule-based classifiers (such as Decision Trees
or RIPPER) could be applied directly to the dataset to provide interpretable
baselines, the primary focus of this exploratory study is to assess the capacity
of hybrid classical-quantum models and show how post-hoc model-agnostic rule-
based explainability can guide feature selection in quantum workflows, rather
than finding the single best classifier.

5 Conclusions and future work

This study presents an exploratory analysis and does not introduce new method-
ological developments. The primary contribution lies in the application and joint
analysis of existing QML and explainability techniques within a healthcare con-
text. The results showed that both QSVM and QNN exhibit limitations when
trained on the full feature set, particularly in terms of sensitivity, and that these
limitations persist under noisy simulation conditions. The application of the
model-agnostic XAI technique RULEx provided interpretable rule-based expla-
nations consistent with established clinical risk factors for thyroid cancer recur-
rence. Moreover, explainability-driven feature selection led to improved sensitiv-
ity across classical and quantum models, including under noise, with a concurrent
reduction in training time.

Despite these findings, this study has several limitations. First, the study
is based on a single retrospective dataset with a limited sample size of 383 in-
stances, which may restrict the generalizability of the results. Second, the quan-
tum model is evaluated using a simulated quantum environment rather than real
quantum hardware, and therefore, the reported computational costs and perfor-
mance do not reflect the full physical constraints of actual quantum processors.
Third, the feature importance ranking is based on the simple frequency of fea-
ture occurrences in the antecedents of the extracted rules. While effective, this
metric does not capture the complex co-occurrence and synergistic interactions
between subsets of clinical variables.

Future work will focus on validating these results on larger and indepen-
dent clinical cohorts, as well as exploring alternative XAI techniques to further
assess their suitability for QML models. From a quantum computing perspec-
tive, future studies may investigate different circuit architectures, noise-aware
simulations, and experiments on real quantum hardware. We also plan to ex-
plore more sophisticated rule-based importance measures that account for fea-
ture co-occurrence and rule strength (e.g., support, confidence, lift) to refine the
feature selection process. Incorporating feedback from medical experts into the
explainability analysis also represents a promising direction to enhance clinical
relevance.



Data and code availability

The datasets analyzed, the models, and the complete source code used are avail-
able at: https://github.com/Data-Science-Big-Data-Research-Lab/XAI_
QML_CAEPIA2026. This repository supports full reproducibility of the experi-
ments and facilitates independent validation of the results.
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