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Abstract. Nodular thyroid disease represents a widespread global endocrinological
challenge, necessitating highly precise differential diagnosis between benign lesions and
malignant neoplasms. While high-resolution ultrasound (US) remains the premier non-
invasive diagnostic modality, clinical risk assessment via Thyroid Imaging Reporting and
Data Systems (TI-RADS) suffers from notable inter-observer variability and subjective bias.
This research presents a comprehensive evaluation of deep learning architectures,
specifically Convolutional Neural Networks (ResNet-50, EfficientNet-B4) and Vision
Transformers (VIiT), for automated nodule detection, boundary segmentation, and
malignancy risk stratification. Across a multi-center benchmark dataset of 3,450
histopathologically verified ultrasound scans, the proposed ensemble architecture
demonstrated superior diagnostic performance, attaining 94.8% sensitivity, 91.2%
specificity, and an area under the receiver operating characteristic curve (AUC-ROC) of
0.962. Integration of this computational decision support tool into clinical ultrasonography
reduced unnecessary fine-needle aspiration biopsies (FNAB) by 32.4%, offering an objective
and reproducible screening mechanism.
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1. INTRODUCTION AND CLINICAL BACKGROUND

Thyroid nodules constitute an exceptionally prevalent clinical entity globally, with a
marked incidence in regions historically characterized by environmental iodine deficiency,
including Central Asia and Uzbekistan. Epidemiological surveys demonstrate that high-
resolution ultrasonography detects thyroid nodular lesions in approximately 50% to 65% of
the asymptomatic adult population. Although the vast majority (>85-90%) of detected
nodules represent benign pathologies—such as nodular hyperplasia, colloid cysts, and
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Hashimoto's thyroiditis—approximately 7% to 15% harbor malignant potential, primarily
comprising papillary, follicular, and medullary thyroid carcinomas.

Ultrasonography represents the frontline modality for evaluating thyroid morphology
and guiding therapeutic strategy. To standardize malignancy risk stratification, professional
organizations developed the Thyroid Imaging Reporting and Data System (notably ACR TI-
RADS and EU-TI-RADS), which evaluates five key ultrasound features: internal
composition, echogenicity, shape (taller-than-wide orientation), margin regularity, and the
presence of echogenic foci (microcalcifications). However, routine clinical implementation
faces major constraints. Visual sonographic interpretation relies heavily on radiologist
expertise, demonstrating an inter-observer variability rate ranging from 25% to 35%. This
diagnostic inconsistency precipitates substantial overdiagnosis and excessive referrals for
invasive fine-needle aspiration biopsies (FNAB), generating substantial psychological
distress and unnecessary healthcare expenditures.

Recent breakthroughs in artificial intelligence (Al), computer vision, and deep learning
have inaugurated a new frontier in automated medical image interpretation. Deep
Convolutional Neural Networks (CNNs) and self-attention Vision Transformers (ViTs) can
systematically extract complex sub-visual spatial features, acoustic texture patterns, and
micro-architectural heterogeneities directly from raw B-mode sonograms. By capturing
subtle malignant indicators that often elude human visual perception, deep learning systems
hold immense promise for standardizing ultrasound diagnostics and establishing
reproducible clinical decision support systems (CDSS).

2. AIM OF THE STUDY

The primary objective of this investigation is to evaluate the diagnostic efficacy,
boundary segmentation accuracy, and malignancy risk categorization of state-of-the-art deep
neural networks (YOLOVS8, U-Net, EfficientNet-B4, and Vision Transformers) when applied
to B-mode thyroid ultrasound images, and to assess their impact on optimizing FNAB
referral rates in clinical practice.

3. MATERIALS AND METHODS

The experimental cohort was compiled from standardized international biomedical
imaging repositories (the TN3K benchmark, the Digital Thyroid Ultrasound Dataset — DDTI,
and Stanford Thyroid Ultrasound Archive) alongside a curated retrospective cohort from the
clinical diagnostic centers of Samarkand State Medical University collected between 2021
and 2024. The final aggregated dataset comprised 3,450 verified B-mode ultrasound images.
All lesions possessed definitive cytopathological verification via fine-needle aspiration
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biopsy (Bethesda category classification) and postoperative histopathological confirmation
(2,380 benign nodules and 1,070 confirmed malignant neoplasms).

The algorithmic analysis framework was engineered through a sequential computational
pipeline:

1. Object Detection and Localization: Utilizing YOLOvV8 to automatically detect the
thyroid parenchyma and generate bounding-box coordinates around focal nodular lesions in
real time;

2. Semantic Margin Segmentation: Employing deep U-Net and SegNet architectures to
delineate irregular, ill-defined, or extrathyroidal invasive margins at sub-pixel resolution;

3. Multi-Feature Risk Classification: Applying deep convolutional backbones (ResNet-
50, DenseNet-121, and EfficientNet-B4) to analyze echogenicity, hypoechoic halos, and
microcalcifications;

4. Contextual Vision Transformers: Implementing Vision Transformers (ViT) with
patch-level self-attention mechanisms to capture global spatial dependencies and macro-
architectural tissue architecture across the entire thyroid lobe.

Image pre-processing incorporated speckle-reducing bilateral filtering and Contrast
Limited Adaptive Histogram Equalization (CLAHE). The dataset was systematically divided
into independent training (70%), validation (15%), and testing (15%) cohorts. Diagnostic
performance was evaluated using standard clinical statistical metrics: overall Accuracy,
Sensitivity (Recall), Specificity, Positive Predictive Value (PPV), Negative Predictive Value
(NPV), Dice Similarity Coefficient (DSC for segmentation), and the Area Under the
Receiver Operating Characteristic Curve (AUC-ROC).

4. RESULTS AND EMPIRICAL FINDINGS

The experimental evaluation demonstrated that modern neural networks achieve
exceptional precision across all stages of thyroid image processing. In the detection phase,
the YOLOV8 detector achieved an automated nodule localization accuracy of 97.2%. For
boundary segmentation, the U-Net architecture yielded a mean Dice Similarity Coefficient
of 0.89 + 0.04, successfully demarcating microlobulated, jagged, and infiltrative borders that
signify malignant invasion into adjacent muscular structures.

In the classification stage, an ensemble combining EfficientNet-B4 and Vision
Transformer (ViT) achieved the highest overall diagnostic performance. The hybrid model
differentiated malignant carcinomas from benign adenomas and cysts with 94.8% sensitivity,
91.2% specificity, 92.4% overall diagnostic accuracy, and an AUC-ROC of 0.962. The
model displayed remarkable robustness in detecting microcalcifications (<1 mm punctate
echogenic foci), identifying calcification patterns with a diagnostic sensitivity of 95.6%.

"Ixonomuka u counym' Nel((149) 2026 WWW.iupr.ru



Table 1. Diagnostic performance of deep learning architectures in thyroid nodule classification

Model Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) AUC-ROC
Architecture

ResNet-50 86.5% 84.1% 87.8% 75.4% 0.894
DenseNet-121 89.2% 88.3% 89.7% 78.9% 0.921
EfficientNet-B4 92.4% 91.8% 92.7% 83.6% 0.948
Hybrid Model 94.8% 94.8% 91.2% 85.2% 0.962
(EfficientNet +

ViT)

Furthermore, Table 2 illustrates a comparative evaluation between the standalone Al
system and clinical radiologists of varying professional experience. The integration of Al as
a 'second opinion' decision support tool increased the sensitivity of junior radiologists from
79.4% to 91.8%, while boosting overall diagnostic accuracy to 94.7% under human-Al
collaboration.

Table 2. Comparative diagnostic accuracy between Al system and radiologists according to TI-RADS

Examiner / System Sensitivity (%) Specificity (%) Accuracy (%) AUC-ROC
Junior Radiologist (<3 79.4% 81.2% 80.5% 0.835
years experience)

Senior Expert 91.2% 88.6% 89.4% 0.928
Radiologist (>10

years)

Autonomous Al 94.8% 91.2% 92.4% 0.962
Model

Human-Al 96.5% 93.4% 94.7% 0.978
Collaborative

Symbiosis

5. DISCUSSION

The empirical results confirm that deep neural networks provide substantial clinical
utility in automated thyroid ultrasonography. In high-volume outpatient clinics and regional
healthcare centers where specialized subspecialty radiologists are in short supply, automated
pre-screening tools can significantly diminish diagnostic discrepancies. Crucially, the
objective identification of strictly benign nodules (TI-RADS 2 and TI-RADS 3) by the Al
model resulted in a 32.4% reduction in avoidable fine-needle aspiration biopsies. This
reduction directly mitigates patient anxiety, curtails procedural complications (such as
hematomas and local trauma), and conserves clinical pathology resources.
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Nevertheless, real-world deployment necessitates resolving technical challenges,
notably cross-vendor domain shifts (differences in acoustic frequency, speckle noise, and
transducer settings across ultrasound manufacturers). To ensure interpretability and foster
clinician trust, our architecture integrated Gradient-weighted Class Activation Mapping
(Grad-CAM). Grad-CAM generates visual attention heatmaps that highlight the specific
anatomic regions—such as infiltrative boundaries or microcalcification clusters—
responsible for triggering high malignancy risk scores, thereby providing actionable
radiological validation.

6. CONCLUSIONS

1. Deep learning architectures combining EfficientNet-B4 and Vision Transformers
(ViT) achieve high diagnostic efficacy in thyroid nodule classification, demonstrating 94.8%
sensitivity, 91.2% specificity, and an AUC-ROC of 0.962.

2. Al-driven image segmentation provides objective quantification of TI-RADS
acoustic features, elevating the diagnostic accuracy of junior radiologists from 80.5% to
91.8%.

3. Automated risk stratification reliably filters low-risk benign lesions, reducing
unnecessary fine-needle aspiration biopsies by 32.4% and minimizing invasive clinical
burden.

4. Implementing artificial intelligence as a collaborative second-opinion system bridges
healthcare disparities and enhances the early detection of thyroid carcinomas across
outpatient screening networks.
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