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Abstract

Accurate classification of thyroid nodules is essential for early intervention and
improved clinical outcomes; however, its diagnostic performance remains limited by
inter-observer variability, limited data availability, and class imbalance in ultrasound
imaging. Although existing deep learning models have demonstrated strong
performance, they often struggle to capture both global semantic context and fine-
grained structural details under limited data. This study introduces a hybrid quantum-
classical deep learning framework that leverages quantum variational filtering in
tandem with transfer learning via ViT-B16 and EfficientNet-B3 to enhance feature
representation. A multi-stage preprocessing pipeline was designed to improve input
diversity and class balance. The model jointly performs binary tumor classification
andThyroid Imaging Reporting and Data System (TI-RADS) level prediction, achieving
94.2% accuracy for benign-versus-malignant tumor classification and 91.8% macro-
accuracy for TI-RADS prediction. The proposed approach demonstrates promising
robustness and generalization in limited-data environments, highlighting the
potential of integrating quantum encoding with classical deep learning architectures
for medical image diagnostics.

Keywords: Thyroid nodule classification; TI-RADS prediction; Quantum variational
filtering; Feature fusion; Patch-wise feature learning

1. Introduction

The accurate classification of thyroid nodules has emerged as a crucial component in
contemporary medical diagnostics, owing to the thyroid gland’s central role in regulating
numerous physiological processes through the secretion of essential hormones. Located
in the anterior neck, just below the larynx and anterior to the trachea, the thyroid gland
significantly influences metabolic rate, thermoregulation, cardiovascular function,
neural activity, and cognitive processes. It also contributes to the overall development
and functional integrity of various organ systems." Structural anomalies, such as nodular
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growths, can impair these regulatory functions, and the
incidence of thyroid nodules continues to rise, particularly
among women and older adults. While the majority of
nodules are benign and asymptomatic, a subset poses
a risk of malignancy, necessitating timely and accurate
diagnostic interventions to inform clinical management
and reduce the risk of progression.

To standardize and enhance the objectivity of thyroid
nodule evaluation, the Thyroid Imaging Reporting and
Data System (TI-RADS) was introduced. This framework
provides a stratified risk assessment based on sonographic
features, including nodule composition, echogenicity,
margin definition, calcification patterns, and shape.
By quantifying these visual markers, TI-RADS helps
clinicians make evidence-based decisions regarding biopsy
or monitoring. Despite its clinical value, the interpretation
of ultrasound images remains somewhat subjective,
with inter- and intra-observer variability that can affect
diagnostic outcomes.??

In response to these challenges, a variety of
computational methods have been explored. Classical
machine learning algorithms—such as support vector
machines, naive Bayes, logistic regression, and decision
trees—have been applied to thyroid ultrasound image
analysis. While these models offer simplicity and
interpretability, they heavily rely on handcrafted features
and often fail to capture the high-dimensional, non-linear
patterns embedded in complex medical images. Their
limited ability to generalize across imaging conditions and
patient populations further restricts their clinical utility.*

The development of deep learning has greatly advanced
medical image classification. Convolutional neural
networks (CNNs), including prominent architectures such
as VGG16, GoogLeNet, and ResNet, have demonstrated
remarkable capabilities for learning hierarchical feature
representations directly from raw image data, thereby
improving classification accuracy.® These models have
shown promise in various diagnostic tasks, including tumor
detection, lesion segmentation, and anomaly classification.
Nevertheless, they are not without limitations. Deep
networks often require extensive training data to avoid
overfitting and to generalize effectively. In medical imaging,
where data can be scarce, imbalanced, or heterogeneous,
this becomes a critical bottleneck. Moreover, most existing
CNN architectures are computationally demanding, which
can hinder their deployment in real-time clinical settings,
particularly in resource-limited environments.

To address these concerns, recent studies have
increasingly explored hybrid deep learning approaches
that combine complementary model architectures,

leveraging the strengths of multiple models to potentially
achieve high effectiveness and performance. These
methods aim to integrate the complementary benefits of
different CNN architectures—such as the feature reuse
of densely connected convolutional network (DenseNet)
and the residual connections of ResNet—to capture
both fine-grained local structures and global contextual
information. When paired with robust preprocessing
pipelines, data augmentation strategies, and techniques
to address class imbalance (e.g., synthetic minority
oversampling technique [SMOTE]), such hybrid models
hold significant potential to deliver clinically reliable
and generalizable diagnostic tools. In this study, we
developed a hybrid quantum-classical deep learning
framework for thyroid nodule classification and TI-RADS
level prediction using ultrasound images. The proposed
model combines handcrafted quantum-filtered features
with semantic embeddings extracted from pretrained
vision transformer-based, 16 x 16 patch size (ViT-
B16) and eflicient network-B3 variant (EfficientNet-B3)
backbones. This approach addresses the challenges posed
by high-dimensional ultrasound image data by extracting
both handcrafted quantum-enhanced features and deep
semantic representations through transfer learning. By
integrating a quantum variational circuit®” with pretrained
ViT-B16 and EfficientNet-B3 models, and employing
adaptive data augmentation along with SMOTE-
based oversampling, the framework improves model
generalization and classification accuracy—particularly in
class-imbalanced and data-constrained scenarios.

1.1. Motivation

Limited data and complex patterns often challenge medical
image analysis.

(i) Limited data and class imbalance: Thyroid ultrasound
datasets often suffer from small sample sizes and
uneven class distributions, making it difficult for
traditional deep learning models to generalize well.

(i) High-dimensional and noisy image data: Ultrasound
images contain complex textures and noise artifacts,
requiring advanced feature extraction techniques to
capture meaningful diagnostic patterns.

(i) Lack of interpretability and robustness: Existing
methods often fail to integrate both local structural
details and global semantic context, leading to reduced
reliability in clinical decision support.

(iv) Emerging potential of quantum machine learning:
Quantum computing offers new opportunities for
encoding high-dimensional data with entangled
representations, potentially enhancing classification
performance in data-constrained environments.
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1.2. Contributions

A hybrid quantum-classical framework enables robust,
multi-task thyroid ultrasound classification.

() Hybrid quantum-classical framework: A novel
architecture is proposed that integrates quantum
variational filtering. It combines this with deep
transfer-learning  backbones (ViT- B16 and
EfficientNet-B3) to ensure robust thyroid nodule and
TI-RADS classification.

(i) Multi-stage preprocessing pipeline: A comprehensive
preprocessing pipeline was developed, including
grayscale normalization, adaptive data augmentation,
handcrafted multi-channel feature extraction, and
SMOTE-based oversampling to enhance feature
diversity and balance class distribution.

(i) Quantum feature encoding: Patch-wise quantum
filtering was implemented using 4-qubit variational
circuits to capture localized structural information
through entangled quantum representations.

(iv) Dual-task prediction: A unified model was developed
to simultaneously perform binary tumor classification
(benign versus malignant) and multi-class TI-RADS
level prediction with improved generalization in data-
limited settings.

2. Literature review

Thyroid tumor classification has been widely studied using
various machine learning and deep learning approaches.
Traditional methods relied on expert interpretation of
fine needle aspiration cytology and ultrasound images,
introducing subjectivity and variability in diagnosis.
The advancement of artificial intelligence has enabled
the automation of medical image analysis, significantly
improving diagnostic accuracy and efficiency. In this
section, we review existing deep learning models for
thyroid tumor classification and explore emerging
quantum computing approaches in medical imaging.

Accurate and early detection of thyroid nodules is
clinically important and has attracted significant research
interest. Various machine learning methods were initially
investigated to solve this problem.® Previous studies on
thyroid disease diagnosis can be categorized into machine
learning, deep learning, and quantum machine learning
approaches. In machine learning, Khan et al’® used a
neural network with mutual information-based feature
selection and SMOTE to handle class imbalance. Deep
learning approaches have been widely explored, including
CNN architectures by Srivastava et al.'% transformer- and
attention-based models by Sun et al.'!, Wang et al."?, and
Zhang et al.; and hybrid and advanced models proposed
in various studies.'*?* Reviews by Jiang et al.® and Shen et

al#*summarize these developments. In addition, quantum
machine learning approaches have emerged, where
Maheshwari et al.*® and Sajeev et al.*® proposed hybrid
quantum-classical models for classification tasks.

Table 1 summarizes key studies in thyroid
nodule classification, highlighting the datasets used,
methodological ~approaches, major findings, and
limitations of existing methods. Several deep learning and
hybrid models have been proposed for thyroid nodule
classification. However, most approaches rely solely on
classical architectures.

To further highlight the differences between existing
approaches and the proposed hybrid framework, a
comparative analysis is provided in Table 2. Classic
models in medical imaging are often constrained by
limited labeled data and the intensive computational cost
of training. This is especially difficult in detecting subtle
features, such as fine-texture changes in thyroid nodules,
which are very important for proper classification. To solve
such problems, our research proposes a quantum-classical
hybrid framework that uses quantum filter transformations
to obtain more sophisticated, fine-grained features. This
novel method aims to overcome the intrinsic limitations
of traditional methods and offers a promising direction for
improving thyroid nodule characterization in ultrasound
imaging.

Despite the progress in deep learning and quantum
computing for medical imaging, several challenges remain.
Conventional deep learning networks typically require
substantial computational resources and a vast amount of
labeled data to achieve optimal performance. On the other
hand, fully quantum-based models are still in their early
stages, with current quantum hardware being limited in
scale and performance.

Hybrid quantum-classical models offer a practical
solution by combining the advantages of quantum
computing with the efficiency of classical deep learning
frameworks. However, integrating quantum circuits
into deep learning pipelines requires careful design and
optimization to ensure compatibility and stability. This
study addresses these challenges by developing a quantum-
enhanced deep learning model that leverages quantum
feature transformations to improve thyroid tumor
classification.

3. Proposed methodology

3.1. Dataset

The dataset preparation process followed a structured
pipeline to ensure data quality and fair evaluation. Initially,
the Digital Database Thyroid Image (DDTI) dataset
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Table 1. Summary of related work in thyroid nodule classification

Author Year Dataset used Methodology Findings Limitations
. Vision transformer with Demonstrated strong feature . .
" Thyroid ultrasound . . . s . Requires large training
Sun et al. 2023 dataset contrastive learning for learning capability using datasets
TI-RADS classification transformer architecture
Bilinear convolutional Achieved a higher - .
. 5 447 ultrasound . Vot levec g Limited dataset size and
Aboudi et al.”® 2023 images neural network classification accuracy than computational complexit
8 architecture conventional CNN models P prextly
. Hybrid quantum machine =~ Demonstrated potential Limited by current
Maheshwari et . . .
Al 2023 Healthcare datasets  learning models, including  benefits of quantum-enhanced quantum hardware
’ quantum SVM and MLP learning constraints
Morphological and
. orphorogical an Improved classification Reliance on handcrafted
. Thyroid ultrasound  geometric features .
Gomes et al. 2020 . . . accuracy and enabled features and limited
dataset combined with traditional automated decision support eneralization
ML classifiers PP 8
. Hybrid feature extraction ~ Demonstrated improved High computational
. 2 Thyroid ultrasound g . o .
Liu et al. 2017 . using CNN features with classification performance complexity and small
images . . . . .
SIFT and HOG descriptors  using hybrid representations ~ dataset size
Deep CNN model based . . .
. . P . Improved diagnostic Requires large labeled
2 Clinical thyroid onVGG16 with data . L
Kwon et al. 2020 . consistency compared to datasets and significant
ultrasound dataset ~ augmentation and cross- . .
Y manual evaluation computational resources
validation
Region-of-interest I d classificati
» Thyroid ultrasound eglon-ol-interes riproved cassiication Performance dependent on
Zhu et al.? 2017 extraction with transfer accuracy using pretrained . .
dataset . . ROI extraction quality
learning using ResNet deep networks
. Fusion of conventional Enhanced feature GAN training in stability
" Thyroid ultrasound . . . . . .
Hang et al. 2021 . image features with deep representation and improved  and high computational
images . -
features using Res-GAN classification accuracy cost
Hybrid quantum-
DDTI dataset (358 Flassical. architecture Achi.eves %mproved tumor Requires va~li.dati'on 'on
Proposed work 2026 integrating quantum classification and TI-RADS larger multi-institutional

cleaned images)

filtering with ViT-B16 and
EfficientNet-B3

prediction accuracy

datasets

Abbreviations: CNN: Convolutional neural network; DDTTI: Digital Database Thyroid Image; EfficientNet-B3: Efficient network-B3 variant; GAN:
Generative adversarial network; HOG: Histogram of oriented gradients; ML: Machine learning; MLP: Multilayer perceptron; Res-GAN: Residual
generative adversarial network; ResNet: Residual network; ROI: Region of interest; SIFT: Scale-invariant feature transform; SVM: Support vector
machine; TI-RADS: Thyroid Imaging Reporting and Data System; ViT-B16: Vision transformer-based, 16 x 16 patch size; VGG16: Visual geometry

group 16-layer network.

contained 480 ultrasound images.”> During the cleaning
stage, 122 images were excluded due to incomplete or
missing Extensible Markup Language (XML) metadata,
including missing TI-RADS annotations or inconsistent
labeling fields. After this cleaning step, 358 images remained
and were used for subsequent analysis. The cleaned dataset
was then divided into training (70%), validation (15%),
and test (15%) sets using stratified sampling to preserve the
class distribution across splits. To address class imbalance,
data augmentation and SMOTE-based oversampling were
applied exclusively to the training set during preprocessing.
The validation and test sets were kept unchanged to ensure
unbiased model evaluation. Table 3 summarizes the dataset

preparation process and the distribution of images across
the training, validation, and test sets.

These 358 thyroid ultrasound images were categorized
into benign and malignant classes as shown in Figure 1.

Moreover, all 358 thyroid ultrasound images in the
dataset have been independently assessed by specialists
in medical imaging using the standardized TI-RADS.
TI-RADS is a point-based stratification system that
evaluates five key sonographic characteristics of thyroid
nodules: composition, echogenicity, shape, margin, and
echogenic foci. Suspicious features are assigned higher
scores, and the cumulative sum determines the final
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Task
Nodule classification
Nodule classification
Malignancy detection
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Nodule classification

Ultrasound

ResNet transfer learning

2017

Zhu et al.>®

Nodule classification

Ultrasound

Res-GAN + CNN

2021

Hang et al.*!

Nodule classification

Ultrasound

Bilinear CNN

2023

Aboudi et al.’®

TI-RADS prediction

X

Ultrasound

Vision transformer

2023

Sun et al."!

Healthcare

Maheshwari

etal®

Medical classification

Quantum ML models

datasets

2023

Tumor classification and
TI-RADS prediction

DDTI

Hybrid quantum deep model

2026

Proposed work

Notes: v/: present; X: absent.

Abbreviations: CNN: Convolutional neural network; DDTI: Digital Database Thyroid Image; HOG: Histogram of oriented gradients; ML: Machine learning; Res-GAN: Residual generative

adversarial network; ResNet: Residual network; SIFT: Scale-invariant feature transform; TI-RADS: Thyroid Imaging Reporting and Data System; VGG16: Visual geometry group 16-layer network.

TI-RADS classification. The scoring spectrum ranges
from TI-RADS 2 (benign) to TI-RADS 5 (high suspicion
of malignancy). As illustrated in Figure 2, these categories
help to assess and manage clinical risk. The distribution of
the statistical dataset is illustrated in Figure 3.

3.2. Preprocessing

To ensure compatibility with the proposed quantum-
enhanced hybrid architecture and to improve the model’s
robustness and generalization capacity, a structured multi-
stage preprocessing framework was implemented. This
pipeline included data cleaning, grayscale normalization,
data augmentation, handcrafted multi-channel feature
extraction, quantum filtering, transferlearning preparation,
and synthetic oversampling using SMOTE.

Malignant
Figure 1. Representative ultrasound images of benign and malignant

thyroid nodules

Figure 2. Representative thyroid ultrasound images across the Thyroid
Imaging Reporting and Data System (TI-RADS) categories. (A) TI-RADS
2: Benign nodules with no suspicious features. (B) TI-RADS 3: Probably
benign nodules with low malignancy risk. (C) TI-RADS 4a: Low
suspicion for malignancy. (D) TI-RADS 4b: Intermediate suspicion for
malignancy. (E) TI-RADS 4c: Moderate-to-high suspicion of malignancy.
(F) TI-RADS 5: Highly suspicious nodules with a high risk of malignancy.
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Table 3. Dataset preparation summary

Stage Number of images Description

Original DDTI dataset 480 Ultrasound images with corresponding XML metadata collected from 399 patients

Removed during cleaning 122 Images excluded dug .to missing T?-RADS lal?els or inct.)mplf:te XML annotations
(composition, echogenicity, margin, or classification fields)

Final usable dataset 358 Images retained after the data cleaning process

Training set (70%) 249 Used for model training, augmentation, and SMOTE-based oversampling

Validation set (15%) 49 Used for hyperparameter tuning and model selection

Test set (15%) 60 Used for final performance evaluation

Abbreviations: DDTT: Digital Database Thyroid Image; SMOTE: Synthetic minority over-sampling technique; TI-RADS: Thyroid Imaging Reporting and

Data System; XML: Extensible Markup Language.

Figure 3. Class distribution in the dataset: (A) Benign versus malignant based on expert-confirmed tumor types, and (B) Thyroid Imaging Reporting and

Data System (TI-RADS) score breakdown from radiologist annotations

3.2.1. Data cleaning

The original ultrasound dataset included a few image
cases that were missing some crucial XML metadata, such
as TI-RADS scores, nodule composition, echogenicity,
margin characteristics, and calcification information. All
such missing cases, along with their corresponding images,
were excluded from the dataset to ensure completeness and
reliability. The cleaned dataset was divided into training
(70%), validation (15%), and test (15%) sets using stratified
sampling based on tumor labels. Class balancing was
achieved only in the training dataset through augmentation

and SMOTE, while the validation and test sets retained the
original distribution to avoid evaluation bias.

3.2.2. Normalization

The ultrasound images in the training dataset were also
resized to a consistent resolution of 128 x 128 pixels to
preserve spatial uniformity throughout the processing
pipeline. Grayscale normalization was achieved using
z-score standardization, in which each image was
normalized by subtracting its mean intensity and dividing
by its standard deviation.*® Subsequently, min-max
normalization scaled the pixel values to the (0, 1) range
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to improve numerical stability and convergence during
training of the quantum and deep learning models.

3.2.3. Data augmentation

To improve generalization and prevent overfitting due to
the small dataset size, a set of augmentation procedures was
applied only to the training data. Augmentations included:
(i) random rotation, (ii) horizontal flipping, (iii) brightness
adjustment in the range (0.8, 1.2), (iv) elastic deformation,
(v) additive Gaussian noise, and (vi) random zoom.

These augmentations were applied adaptively, with
greater intensity for underrepresented classes (e.g.,
TI-RADS 2 and 3), to improve class balance and increase
the effective training sample size.

3.2.4. Four-channel feature extraction

Each augmented grayscale image was transformed into a
4-channel tensor to enrich structural and textural features:

(i) Channel 1: Z-score normalized intensity map**

(ii) Channel 2: Vertical edge map (Sobel-X)

(iii) Channel 3: Horizontal edge map (Sobel-Y)

(iv) Channel 4: Texture descriptor using local binary
patterns (LBP)

All channels were independently normalized to the (0,
1) range and smoothed with a Gaussian filter (o = 0.5) to
reduce noise artifacts before further processing.

3.2.5. Quantum filtering

To capture localized structural patterns from the
ultrasound images, a quantum feature extraction module
was introduced. This module operates on the four-channel
feature representation produced during preprocessing,
transforming spatial image patches into quantum feature
embeddings using a parameterized quantum circuit.

(a) Patch formation across channels: After preprocessing,
each ultrasound image is represented as a four-channel
tensor. The input ultrasound image is converted into a
multi-channel representation consisting of grayscale
intensity, Sobel-X, Sobel-Y, and LBP features. The
resulting tensor representation is expressed as
Equation 1:

XE€e R128><128><4 (1)

where the four channels correspond to the extracted
feature maps used for subsequent processing.

Spatial patching is performed identically across all
channels. The image is divided into non- overlapping 2
x 2 spatial patches. For an image resolution of 128 x 128,
the number of spatial patches is calculated as shown in
Equation 2:

128 128
——x——=4096 2
2 <5 )

For each spatial patch location, the corresponding
pixel values from the four channels are collected and
concatenated to form a four-dimensional feature vector:

x=[x,x,x, x,] (3)

where x, x,, x,, and x, represent features derived from the
intensity, Sobel-X, Sobel-Y, and LBP channels, respectively.
Thus, the four channels are concatenated, and each spatial
patch is represented by a single four-dimensional vector as
defined in Equation 3:

(b) Quantum encoding: The classical input features are
encoded into the quantum circuit using parameterized
rotation gates, as defined in Equation 4:

Uencode (x) = _RY (x[ ) RZ ('xi) (4)
where R, (-) and R, (-) denote single-qubit rotation gates
applied to the i-th qubit. This operation maps classical
patch features into a quantum-state representation.

(¢) Variational quantum layer: A variational layer with
trainable parameters is then applied to the encoded
quantum state, as defined in Equation 5:

4
—IRY(@)RZ(@) (5)

where 6 = (6, 6, 6, 6, represents trainable parameters
optimized during the hybrid quantum-classical training
process.

(d) Entanglement operation: Interactions between
encoded features are modeled using entanglement
gates. An entanglement layer is then applied
to introduce correlations between qubits using
controlled-NOT gates, as defined in Equation 6:

U =CNOT,, - CNOT, , - CNOT,, (6)

entangle

The final quantum state after the encoding, variational,
and entanglement operations is expressed as shown in
Equation 7:

|“|]out) = Uentangle : Uvar(e) : Uencnde(x)|0000> (7)

The circuit consists of two rotation layers and one
entanglement layer, resulting in a circuit depth of three.

(e) Measurement and feature extraction: The quantum
feature values are obtained by measuring the
expectation values of the Pauli-Z operators on each
qubit, as defined in Equation 8:
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f;’ = (woutlzimjout)’ 1 = 1’ 2’ 3’ 4 (8)

This measurement produces a four-dimensional
quantum feature vector for each spatial patch. Given 4,096
spatial patches, the quantum module generates 4,096
patch-level feature vectors.

(f) Feature aggregation: To obtain a compact
representation of the entire image, patch-level features
are aggregated via global average pooling across all
patches, yielding the final quantum feature vector.
The quantum circuit produces a feature vector g with
dimensionality d , as defined in Equation 9:

qERY, d =4 )

This aggregated quantum representation is subsequently
fused with semantic features extracted from the pretrained
ViT-B16 and EfficientNet-B3 networks in the feature
fusion stage.

(g) Implementation details: The quantum circuits were
implemented using the Qiskit framework and executed
on the Qiskit Aer statevector simulator. Each circuit
evaluation used 1,024 measurement shots to estimate
expectation values. No hardware noise model was
applied. During training, the variational parameters
were optimized jointly with the classical deep learning
components using the Adam optimizer, and gradients
were computed using the parameter-shift rule.

3.2.6. Transfer learning

To complement the quantum-filtered handcrafted
features, the same images were resized to 224 x 224 and
passed through pretrained ViT-B16 and EfficientNet-B3
backbones. These models, pretrained on ImageNet, were
fine-tuned end-to-end during training. The high-level
semantic features extracted from both architectures
were later fused with the handcrafted quantum features,
thereby enabling encoding of both global context and local
structure.

3.2.7. Synthetic oversampling and data augmentation

To address class imbalance in the dataset, SMOTE?* was
employed together with data augmentation. Both strategies
were applied carefully to prevent information leakage
during model evaluation.

(a) Dataaugmentation: Data augmentation was applied to
thetrainingimages before feature extraction toincrease
the training data diversity and reduce overfitting. The
augmentation operations included random rotation,
horizontal flipping, brightness adjustment within the

range (0.8, 1.2), elastic deformation, Gaussian noise
addition, and random zoom. These transformations
were applied only to the training images and were not
used for validation or testing samples.

(b) Feature representation for SMOTE:  After
preprocessing and augmentation, each image was
transformed into a four-channel representation
consisting of the normalized grayscale image, Sobel-X
edge map, Sobel-Y edge map, and LBP texture map.
These four channels form a tensor representation
that captures complementary structural and textural
characteristics of thyroid nodules.

For oversampling, the four-channel tensors were
flattened into classical feature vectors. SMOTE was then
applied to these feature vectors to generate synthetic
samples for minority classes. Importantly, SMOTE was
applied only to this classical feature representation and not
to quantum feature vectors, deep embeddings extracted
by ViT-B16 or EfficientNet-B3, or the fused feature
representation.

(c) Cross-validation protocol: Model evaluation was
performed using five-fold cross-validation along with
a hold-out test set. To ensure fair evaluation and avoid
data leakage, both data augmentation and SMOTE
were applied strictly within the training portion of
each fold.

For each fold, the following procedure was followed:

(i) The dataset was first split at the patient level into
training, validation, and test sets.

(ii) Within each cross-validation fold, the training subset
was further divided into fold-specific training and
validation partitions.

(iii) Data augmentation was applied only to the images in
the fold-specific training set.

(iv) Four-channel feature extraction was performed on the
augmented training images.

(v) SMOTE was applied to the resulting training feature
vectors to balance minority classes

(vi) The balanced training data were then used for
quantum feature extraction, deep feature extraction
(ViT-B16 and EfficientNet-B3), feature fusion, and
model training.

Validation and test samples remained completely
untouched by augmentation or SMOTE. This protocol
ensures that synthetic samples are generated only from
training data and that no information from validation or
test sets is introduced into the training process. Table 4
refers to the class distribution: benign and malignant. Table
5 depicts the distribution of the class based on TI-RADS.
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Table 4. Class distribution

Class Training data Tr:izzij:::izfgter Testing data
Benign 39 210 9
Malignant 210 525 51
Total 249 735 60

The increase in the number of training samples after
preprocessing is due to data augmentation and SMOTE-
based oversampling, which were applied only to the
training dataset. Data augmentation generated additional
variations of the original ultrasound images, while SMOTE
created synthetic samples for underrepresented classes.
These techniques were used exclusively on the training
set to improve class balance and model robustness, while
the validation and test sets retained their original data
distributions. Table 6 summarizes the tumor classification
performance of the proposed hybrid model and baseline
models. The values reported in this table correspond to the
results obtained on the independent hold-out test set. In
addition, five-fold cross-validation results are reported as
mean + standard deviation to demonstrate the robustness
and stability of the proposed model.

Table 5. Class distribution based on TI-RADS level after
preprocessing

TI-RADSlevel  Training data Tr:i:;irl:lge::l:g:lflter Testing data
2 25 135 6
3 14 75 3
4a 67 168 18
4b 59 147 13
4c 50 125 10
5 34 85 10
Total 249 735 60

Abbreviation: TI-RADS: Thyroid Imaging Reporting and Data System.

3.3. Model architecture

The proposed model adopts a hybrid quantum-classical
deep learning architecture that integrates domain-
specific handcrafted features filtered through a variational
quantum circuit with deep semantic representations
derived from two state-of-the-art pretrained backbones—
ViT-B16 and EfficientNet-B3. This fusion aims to harness

the complementary strengths of quantum feature encoding
for local structure and classical deep learning for global
semantic understanding. Figure 4 depicts the flowchart
of the proposed hybrid architecture, and Figure 5 depicts
the diagrammatic representation of the hybrid quantum-
classical model architecture.

(a) Overview of the architecture: The architecture
comprises three parallel branches:

(i) Quantum feature extraction branch: Operates
on the 4-channel handcrafted image tensors
(normalized intensity, Sobel-X, Sobel-Y, and
LBP). Each image is divided into non- overlapping
2 x 2 patches per channel. Each 4-dimensional
patch vector is encoded into a 4-qubit quantum
state using parameterized single-qubit rotations
followed by entangling CNOT gates. Post-
measurement, the expectation values of Pauli-Z
operators are aggregated to generate a compact,
discriminative =~ quantum-enhanced  feature
vector.**¥

(ii) Transfer learning feature extraction branch: The
same image is resized to 224 x 224 and passed
through two pretrained models:

o ViT-Bl16: Captures global dependencies via
transformer-based attention mechanisms.?#3

o EfficientNet-B3: Extracts localized features
with compound scaling.***

Both models are fine-tuned end-to-end, and their
penultimate layer outputs are concatenated to form a joint
semantic feature representation.

(iii) Fusion and classification branch: The outputs
from the quantum and deep feature extractors
are concatenated to form a comprehensive
multimodal representation. This is passed
through:

o A fully connected dense layer with rectified
linear unit (ReLU) activation.

o A dropout layer (rate = 0.3) to prevent
overfitting.

o Two parallel softmax classification heads
for tumor classification (benign versus
malignant) and TI-RADS level prediction
(classes 2, 3, 4a, 4b, 4c, 5).

(b) Mathematical representation. Let:
q € R¥%denotes the quantum-filtered feature vector,

v € R*¥and e € R%be the semantic features from ViT-
B16 and EfficientNet-B3, respectively.
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Figure 4. Flowchart of the proposed hybrid architecture: Integration of quantum-filtered handcrafted features and deep semantic representations from

ViT-B16 and EfficientNet-B3 for dual-task classification

Abbreviations: EfficientNet-B3: Efficient network-B3 variant; LBP: Local binary pattern; TI-RADS: Thyroid Imaging Reporting and Data System; TL:

Transfer learning; ViT-B16: Vision transformer-based, 16 x 16 patch size.

The fused feature vector is constructed by concatenating
the quantum feature vector g, the ViT-B16 embedding
v, and the EfficientNet-B3 feature vector e, as shown in
Equation 10:

z=[q v €] (10)

where represents the concatenation operation.

The classification head processes the fused feature
vector using fully connected layers with ReLU activation
and dropout regularization, producing predictions for
tumor classification and TI-RADS categories as shown in
Equations 11-14:

h=ReLU (W,z+b) (11)
hdmp = Dropout (h, p =0.3) (12)
Y e = SOftmax (W h arop T b)) (13)
yATI—RADS = SOftmaX (WShdmp + b3) (14)

(c) Loss function: The model is trained using a multi-task
learning objective that combines tumor classification
loss and TI-RADS prediction loss, as defined in
Equation 15:

Liotal = A1 * Ltumor + A2 - LTI.RADS (15)

where L, and L, ., . are the categorical cross-entropy
losses, and A, and A, are task weighting coefficients,

empirically setas A, = 0.6 and \, = 0.4.

This formulation ensures balanced learning between
the tumor classification and TI-RADS level prediction
tasks.

3.4. Training procedure

The model was trained on a composite input comprising
handcrafted quantum-enhanced features and pretrained
backbone outputs. Categorical cross-entropy was used as
the loss function for both binary (tumor classification)
and multi-class (TI-RADS) tasks. The optimizer used was
Adam with an initial learning rate of le™* and a cosine
learning rate scheduler with warm restarts. Training was
conducted for 100 epochs with early stopping (patience =
15). Dropout regularization (rate = 0.3) was applied before
the classification head to prevent overfitting. Evaluation
was performed using 5-fold cross-validation and a hold-out
test set to ensure reliable generalization. The classification
tasks are optimized using the categorical cross-entropy loss
defined in Equation 16:
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Leg = _ZLYi log (g'\l) (16)

where y, is the ground truth and y*, is the predicted
probability for class i.

Algorithm 1 presents a hybrid quantum-classical
learning approach for thyroid nodule and TI-RADS
classification. It integrates handcrafted and deep features
with quantum feature extraction from ultrasound images.
Features from ViT-B16, EfficientNet-B3, and quantum
circuits are fused for dual classification. The model is
trained using cross-entropy loss and optimized with the
Adam optimizer.

3.5. Evaluation metrics

To evaluate the performance of the proposed hybrid
model on both tumor classification and TI-RADS risk, we
measured multiple classification metrics commonly used
in medical imaging and diagnostic systems. These include
accuracy, precision, recall (sensitivity), specificity, F1 score,
and area under the receiver operating characteristic curve
(AUC-ROC). Together, these metrics provide a balanced
evaluation across both correct positive predictions and
the avoidance of false alarms, which is essential in clinical
applications like thyroid nodule classification.

All metrics were computed separately for both binary
(benign versus malignant) and multi-class (TI-RADS
2-5) classification tasks. Macro-averaging was used in the
multi-class setting to treat each class equally, regardless of
class imbalance. Performance scores were averaged over

five-fold cross-validation and additionally reported on an
independent test set to ensure generalizability.

Algorithm 1. Quantum-classical hybrid
learning for thyroid classification

Require: Ultrasound images I, TI-RADS labels Y. ..,
tumor labels Y/

tumor

Ensure: Predicted classes Y TI-RADS, Y tumor

For each image, I do

Normalize image using Z-score normalization
Apply data augmentation

Extract Sobel-X, Sobel-Y and LBP features
Construct a four-channel tensor

End for

For each 2 x 2 patch do

Encode features into a quantum circuit

Apply variational rotations
Apply CNOT entanglement
Measure expectation values
End for

Fuse quantum features
EfficientNet-B3 embeddings
14: Train classifier using cross-entropy loss

R AR A > o

—
My =2

with  ViT-B16 and

—
w

For the multi-class TI-RADS classification task,
performance is also evaluated using macro-accuracy. In
this study, macro-accuracy is defined as the mean per-class
accuracy across all TI-RADS categories. Let C denote the
total number of classes and Acc, represent the accuracy
of class i. The macro-accuracy metric, which computes

Figure 5. Proposed hybrid quantum-classical model architecture
Abbreviation: SMOTE: Synthetic minority over-sampling technique.
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the average of per-class accuracies, is defined as shown in
Equation 17:

MacroAccuracy = (1 / C) Z; Acc, (17)

This metric assigns equal importance to each class,
thereby providing a balanced evaluation in the presence of
class imbalance.

(i) Accuracy measures the proportion of correctly
predicted instances among the total number of
samples, as defined in Equation 18:

TP+TN
TP+TN +FP+FN

Accuracy = (18)

Although accuracy provides an overall indication of
performance, it does not fully capture the model’s behavior
under class imbalance, which is common in medical
datasets.

(ii) Precision quantifies how many of the predicted
positive cases are actually positive, as defined in
Equation 19:

TP

- (19)
TP+ FP

Precision =

This is critical in reducing false alarms, which can
otherwise lead to unnecessary medical interventions.

(iii) Recall: In the context of thyroid nodules, high recall
helps ensure malignant or suspicious nodules are not
missed during diagnosis, as defined in Equation 20:

P

Recall=——
TP+ FN

(20)

(iv) Specificity: Measures the ability of the model to
correctly reject benign (negative) cases, as defined in
Equation 21:_bookmark29

TN

—_— 1)
TN + FP

Specificity =

In a medical context, this reduces the likelihood of
false positives, which could otherwise lead to unwarranted
follow-up testing or biopsies.

(v) F1-Score: Provides a balanced trade-off between
precision and recall by computing their harmonic
mean, which is defined as shown in Equation 22:

Fle 2 - Precision - Recall

Precision + Recall (22)

It is especially useful when dealing with class imbalance
or when false negatives and false positives carry different
costs.

(vi) AUC-ROC: Captures the model's ability to
discriminate between classes across different
thresholds. It is computed as the area under the ROC
curve, which plots true positive rate against false
positive rate, and is defined as shown in Equation 23:

- 23

AUC = [ TPR(x)dx (23)

A higher AUC indicates stronger discrimination

between positive and negative classes. In clinical settings,
it serves as a summary measure for diagnostic accuracy.

4. Results

The proposed model was evaluated using two
complementary evaluation strategies: an independent hold-
out test set and five-fold cross-validation. The hold-out test
set was used to report the final unbiased performance of
the trained model. In addition, five-fold cross-validation
was performed on the training dataset to evaluate the
stability and robustness of the proposed approach. For
cross-validation experiments, performance metrics are
reported as the mean and standard deviation across the five
folds (mean + standard deviation). Throughout the results
section, hold-out and cross-validation results are reported
separately to ensure a clear and consistent evaluation.
The proposed hybrid model outperformed the baseline
models on both tumor classification and TI-RADS multi-
class prediction tasks. Figure 6 presents a performance
comparison of the proposed model for tumor classification
and TI-RADS multi-class prediction, using accuracy,
precision, recall, F1-Score, and AUC-ROC.

The hybrid quantum-classical model achieved a tumor
classification accuracy of 94.2% and a TI-RADS macro-
accuracy of 91.8%. Precision, recall, and F1-score values
were similarly high across both tasks, indicating robust
generalization and sensitivity to clinically relevant patterns.

To further validate model reliability, we analyzed
confusion matrices and ROC curves for each classification
task. These  visualizations confirmed consistent
performance across all classes, including lower-prevalence
categories such as TI-RADS 2 and 3. Figure 7 presents the
confusion matrix for the tumor classification task (benign
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Figure 6. Performance comparison of the proposed model across tumor classification and TI-RADS multi-class classification based on accuracy, precision,

recall, F1-Score, and AUC-ROC

Abbreviations: AUC-ROC: Area under the receiver operating characteristic curve; TI-RADS: Thyroid Imaging Reporting and Data System.

Figure 7. Confusion matrix for the tumor classification task (benign versus malignant) evaluated on the independent hold-out test set

versus malignant) obtained on the independent hold-out
test set. The matrix illustrates the distribution of correctly
and incorrectly classified samples and provides insight into
the diagnostic performance of the proposed model. Figures
8 and 9 present the tumor model’s performance over 100
epochs, showing training and validation accuracy (Figures
8) and training and validation loss (Figure 9). Figures 10
and 11 illustrate the TI-RADS model, depicting training
and validation accuracy (Figures 10 ) and loss (Figure 11)

over 100 epochs. Table 6 summarizes the performance
comparison between the baseline and proposed hybrid
models, while Figure 12 provides a graphical representation
of the results in Table 6.

In addition to overall accuracy, clinically relevant
evaluation metrics such as sensitivity, specificity, and
AUC-ROC were analyzed for the tumor classification
task. Sensitivity measures the model’s ability to correctly
detect malignant nodules, while specificity measures its
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Figure 8. Tumor training versus validation accuracy over 100 epochs

Figure 9. Tumor training versus validation loss over 100 epochs

Figure 10. Thyroid Imaging Reporting and Data System (TI-RADS) training versus validation accuracy over 100 epochs
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Table 6. Performance comparison of baseline and proposed hybrid models for tumor classification

Model Accuracy Precision Recall F1-score
DenseNet121 0.8673 0.8642 0.8673 0.8600
ResNet50 0.8571 0.8236 0.8571 0.8367
InceptionV3 0.7143 0.6802 0.7143 0.6950
VGG16 0.6327 0.6081 0.6327 0.6167
Proposed hybrid model 0.9420 0.9498 0.9427 0.9369

Abbreviations: DenseNet121: Dense convolutional network with 121 layers; InceptionV3: Inception network, version 3; ResNet50: Residual network
with 50 layers; VGG16: Visual geometry group 16-layer network.

Figure 11. TI-RADS training versus validation loss over 100 epochs

Figure 12. Graphical representation of tumor classification performance metrics across models
Abbreviations: DenseNet121: Dense convolutional network with 121 layers; InceptionV3: Inception network, version 3; ResNet50: Residual network with
50 layers; VGG16: Visual geometry group 16-layer network.
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ability to correctly identify benign nodules. These metrics
are particularly important in medical diagnosis since false
negatives (missed malignant nodules) can have serious
clinical consequences. The confusion matrix and ROC
curve further illustrate the diagnostic capability of the
proposed model.

4.1. Ablation study

To evaluate the contribution of each component in the
proposed hybrid quantum-classical framework, an
ablation study was conducted. The objective was to analyze
how different architectural modules influence the final
classification performance. Four model configurations
were evaluated:

(i) EfficientNet-B3 only: Only deep convolutional
features extracted using EfficientNet-B3.

(i) ViT-B16 only: Only transformer-based semantic
features extracted using the vision transformer (ViT-
B16).

(iii) Classical fusion (ViT + EfficientNet): Fusion of
EfficientNet-B3 and ViT-B16 features without the
quantum filtering module.

(iv) Proposed hybrid model: Full model integrating
quantum variational filtering with ViT-B16 and
EfficientNet-B3 feature fusion.

Table 7 summarizes the performance of each
configuration. The results demonstrate that combining
transformer and CNN features improves classification
performance compared to individual architectures.
Furthermore, integrating the quantum filtering module
further improves feature representation and captures
complex structural patterns in ultrasound images.

The ablation results indicate that each component
contributes to the overall performance improvement.
In particular, the quantum filtering module enhances
feature diversity and improves classification accuracy
when combined with deep learning feature extractors.
These findings are further analyzed and interpreted in the
following Discussion section.

Table 7. Ablation study of the proposed architecture

Model TI-RADS macro
. Tumor accuracy (%)

configuration accuracy (%)

EfficientNet-B3 only 89.4 86.7

ViT-B16 only 90.8 87.9

ViT-B16 +

EfficientNet-B3 926 895

Proposed hybrid 942 918

model

5. Discussion

The experimental results demonstrate that the proposed
hybrid quantum-classical framework improves thyroid
ultrasound classification compared with conventional deep
learning approaches. By combining quantum variational
filtering with deep semantic features extracted from ViT-
B16 and EfficientNet-B3, the model captures both localized
structural patterns and global contextual information in
ultrasound images. This complementary representation
contributes to improved diagnostic performance. The
proposed method achieved 94.2% accuracy for tumor
classification and 91.8% macro-accuracy for TI-RADS
prediction, outperforming baseline models such as a 121-
layer dense convolutional network, a 50-layer residual
network, an Inception v3 network, and VGGI16. These
results suggest that integrating transformer-based global
attention, convolutional feature extraction, and quantum-
enhanced patch representations yields richer feature
learning than individual architectures. The ablation study
further confirms that fusing ViT-B16 and EfficientNet-B3
improves performance, while adding the quantum filtering
module yields further gains by enhancing feature diversity
and representational capacity.

6. Conclusion and future work

In conclusion, this study presents a quantum-infused
hybrid deep learning framework for the dual-task
classification of thyroid ultrasound images, effectively
integrating quantum-filtered handcrafted features with
semantic embeddings from ViT-B16 and EfficientNet-B3.
The proposed model addresses key challenges in medical
image analysis, including limited data, class imbalance,
and high-dimensional image complexity, achieving robust
performance in both binary tumor classification and
multi-class TI-RADS prediction. By leveraging a multi-
stage preprocessing pipeline, adaptive augmentation, and
SMOTE-based oversampling, the framework demonstrates
improved generalization and diagnostic reliability. Future
work will focus on extending the model to incorporate
multimodal clinical data, enhancing interpretability
through explainable AI techniques, and optimizing
computational efficiency for real-time deployment.
Additionally, validating the model on larger, multi-
institutional datasets and exploring implementation on
quantum hardware represent important next steps toward
clinical integration and scalability.
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