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ABSTRACT 

Thyroid nodules are common clinical findings, increasingly detected due to the widespread use of high-resolution ultrasound 
imaging. While the majority of these nodules are benign, a minority may be malignant, necessitating accurate and efficient 
risk stratification. Traditional ultrasonographic evaluation relies heavily on the operator’s expertise and subjective 
interpretation, which introduces diagnostic variability.  
This narrative review explores the evolving role of artificial intelligence in the ultrasonographic diagnosis of thyroid nodules. 
The principal objective of this review is to critically evaluate the diagnostic performance, clinical utility, and integration 
potential of artificial intelligence (AI)-based methodologies—including machine learning (ML) and deep learning (DL)—in 
the ultrasonographic assessment of thyroid nodules. Particular attention is devoted to the enhancement of existing risk 
stratification frameworks, and to identifying barriers to implementation in routine clinical. The review evaluates AI-
integrated diagnostic systems in relation to existing classification frameworks, such as the thyroid imaging reporting and 
data system, and highlights innovations in elastography, 3D imaging, and automated segmentation. Evidence suggests that 
AI can enhance diagnostic accuracy, reduce interobserver variability, and improve the standardization of thyroid nodule 
assessment. Some algorithms demonstrate performance comparable to that of experienced clinicians, particularly in 
differentiating benign from suspicious nodules.  
Despite promising results, limitations such as model generalizability, the need for large annotated datasets, and clinical 
validation remain challenges. The findings support the integration of artificial intelligence as a complementary tool to assist 
healthcare professionals in making more objective, consistent, and timely decisions regarding the evaluation and 
management of thyroid nodules 
Methodology: A comprehensive narrative review of peer-reviewed literature was undertaken, encompassing both classical 
and AI-augmented ultrasonographic techniques, with a specific focus on diagnostic criteria, algorithmic accuracy, and 
classification consistency across TI-RADS variants (ACR-TIRADS, EU-TIRADS, K-TIRADS). Additionally, the role of 
emerging modalities such as ultrasound elastography was examined in the context of evaluating cytologically indeterminate 
nodules. Literature published between 2009 and 2025 was examined to assess how machine learning and deep learning 
algorithms contribute to image interpretation, classification, and malignancy prediction. 
Abbreviated Description of The State Of Knowledge: Thyroid nodules are detected in up to 60% of the general adult 
population via ultrasonography. Although the malignancy rate remains relatively low (~5%), the clinical imperative is the 
accurate differentiation of malignant from benign lesions. Risk stratification relies on the assessment of sonographic features, 
including echogenicity, shape, margins, calcifications, and vascularity. Several standardized scoring systems—most notably 
TI-RADS—are employed to systematize malignancy risk and guide indications for fine-needle aspiration biopsy (FNAB). 
Despite its utility, ultrasonography remains inherently operator-dependent and subject to interpretive variability. AI-powered 
diagnostic systems have demonstrated promising potential in mitigating interobserver discrepancies, augmenting risk 
classification fidelity, and improving diagnostic throughput. Adjunctive techniques such as elastography provide additional 
biomechanical data, although limitations in methodological standardization currently preclude widespread adoption. 
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1. Introduction 

Thyroid nodules represent a frequent clinical finding, increasingly identified through high-resolution 

ultrasound imaging. While the majority of these lesions are benign, the diagnostic process must reliably distinguish 

malignant nodules to guide appropriate management and avoid unnecessary interventions [1,2]. Despite the 

widespread use of ultrasonography as the primary imaging modality for initial assessment, its diagnostic accuracy 

remains limited by interobserver variability and dependence on the clinician's experience [3,4]. 

In recent years, artificial intelligence (AI) has emerged as a transformative tool in medical imaging, 

offering advanced capabilities in automated pattern recognition, feature extraction, and diagnostic 

classification [3,5]. Machine learning (ML) and deep learning (DL) algorithms, in particular, have 

demonstrated promising results in supporting risk stratification systems such as TI-RADS and improving 

diagnostic consistency [1,5,6]. These tools may help refine clinical decisions, reduce the frequency of 

unnecessary fine-needle aspiration biopsies, and assist in identifying nodules with malignant potential more 

effectively [6,7]. 

Against this backdrop, this study aims to evaluate the clinical applicability and diagnostic performance 

of AI in the ultrasonographic assessment of thyroid nodules, compare it with expert-based evaluations, and 

outline the challenges and future directions for its integration into clinical practice. 

 

2. Overview of thyroid nodules as a common clinical issue 

Thyroid nodules (TN) are abnormal masses within the thyroid gland, often discovered incidentally 

during routine physical examinations or imaging tests [8,31]. Their prevalence in the general population is 

remarkably high, with high-resolution ultrasonography detecting TN in up to 60% of individuals. The 

likelihood of developing TN increases with certain risk factors, including female sex, advancing age, and 

higher body mass index (BMI) [2,9]. 

TN can manifest in various forms, ranging from benign colloid nodules and thyroid cysts to more 

complex conditions such as multinodular goiter, hyperfunctioning nodules, and thyroid cancer [8]. 90% of all 

thyroid cancers are comprised by differentiated thyroid cancer (including papillary and follicular cancer) [10]. 

Although most TN are asymptomatic, some patients may notice a palpable lump in the neck. In certain 

cases, larger nodules can exert pressure on adjacent structures, leading to compressive symptoms such as 

dysphagia, dyspnea, or hoarseness. While the majority of TN are non-functioning, some nodules may produce 

excessive thyroid hormones, resulting in symptoms of hyperthyroidism [8]. 

Approximately 95% of TN are benign [8]. However, because around 5% of cases are malignant, the 

primary clinical concern when evaluating a thyroid nodule is the exclusion of thyroid cancer [2,10]. Several 

factors increase the risk of malignancy, including exposure to ionizing radiation, rapid nodule growth, 

hoarseness, and a family history of thyroid cancer or other cancers. Additionally, patients with Graves' disease 

demonstrate a significantly increased prevalence of papillary thyroid cancer, with reported rates ranging 

between 33% and 42% [7]. 

The evaluation of a newly diagnosed TN is essential to determine whether it is benign or malignant and, 

in cases of symptomatic benign nodules, to assess the need for intervention to alleviate associated local 

symptoms [3]. A comprehensive assessment involves multiple steps, including a detailed clinical history and 

physical examination, laboratory tests to measure thyroid function and detect thyroid antibodies (thyroid 

peroxidase and thyroid stimulating hormone receptor antibody), and imaging studies like thyroid ultrasound. 

In some cases, additional imaging, such as computed tomography of the neck, may be required. When 

malignancy is suspected, fine-needle aspiration or biopsy is recommended [8]. 

To aid in clinical decision making, various scoring systems have been developed, including the Thyroid 

Imaging Reporting and Data System (TIRADS). This classification system assesses nodules to estimate the 

probability of malignancy [8]. 

 

3. Ultrasonography (USG) in thyroid nodule evaluation. 

Ultrasonography (US) plays a pivotal role in the evaluation of thyroid nodules, outperforming other 

imaging modalities in terms of sensitivity for detecting focal lesions [2,13]. The widespread use of neck 

ultrasonography has led to a marked increase in the detection of thyroid nodules [1,2,19] and thyroid 

carcinomas [14], although a substantial proportion of these lesions are benign and require only periodic follow-

up [1,2,19]. Notably, thyroid nodules are most often discovered incidentally during imaging performed for 

unrelated reasons [1]. 
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The longitudinal monitoring of thyroid nodules necessitates a detailed analysis of specific 

ultrasonographic features, including the nodule’s composition, echogenicity, margins, shape, and the presence 

of echogenic or hyperechoic foci. The size of the nodule remains a controversial parameter in determining the 

need for further diagnostic procedures [11]. Nodule morphology, as assessed by ultrasonography, may serve 

as an indication for fine-needle aspiration biopsy (FNAB) [1,14]. 

It is important to acknowledge that different ultrasonographic classification systems are employed 

worldwide to stratify the risk of malignancy in thyroid nodules. The most commonly used include the 

American College of Radiology Thyroid Imaging Reporting and Data System (ACR-TIRADS), the European 

Thyroid Association system (EU-TIRADS), and the Korean Thyroid Imaging Reporting and Data System (K-

TIRADS). These systems differ in their scoring algorithms and the weight assigned to specific morphological 

features, which may influence clinical decision-making regarding further diagnostic and therapeutic 

approaches [12]. Nevertheless, all three classification systems demonstrate high diagnostic accuracy and are 

suitable for use in routine clinical practice, emphasizing that ACR-TIRADS is distinguished by high specificity 

values, EU-TIRADS and K-TIRADS are distinguished by high values. [21]. 

Despite its diagnostic value, ultrasonography has inherent limitations. As a highly operator-dependent 

modality [22], the interpretation of key features of thyroid nodule — such as hypoechogenicity, 

microcalcifications, irregular margins, and vascularity—may vary significantly between observers. While 
these features are associated with a higher risk of malignancy, they are not sufficiently specific or reliable to 

establish a definitive diagnosis. Therefore, additional diagnostic investigations are often warranted such as 

FNA or core needle biopsy (CNB) by experienced operators [21]. In cases of suspected malignancy, further 

imaging modalities such as radionuclide scintigraphy or positron emission tomography-computed tomography 

(PET-CT), as well as cytological assessment via FNAB, are indispensable. Ultrasonography alone should not 

be considered a sufficient basis for clinical diagnosis [13]. 

Furthermore, ultrasound elastography has emerged as a valuable adjunct in the assessment of thyroid 

nodules. This technique evaluates tissue stiffness using either internal or external mechanical stimuli or shear 

wave propagation. Elastography may aid in identifying malignant lesions prior to FNAB and is particularly 

useful in cases with indeterminate cytological findings. However, the clinical utility of elastography is 

currently limited by a lack of standardization, underscoring the need for further validation and harmonization 

of this method [23]. 

 

4. TIRADS 

TI-RADS (Thyroid Imaging Reporting and Data System) is an ultrasound-based classification system 

designed to evaluate focal thyroid lesions and assess their risk of malignancy. Each category within the system 

corresponds to a specific level of risk and provides recommendations for further management, including the 

need for fine-needle aspiration (FNA). Originally introduced in 2009 [15], the TI-RADS system has since 

undergone multiple revisions and improvements based on clinical evidence and practical experience. The most 

recent and widely adopted version in Europe is EU-TIRADS, developed by the European Thyroid 

Association [16]. TI-RADS relies on the assessment of sonographic features such as echogenicity, shape, 

margins, presence of microcalcifications, and nodule size. Unlike point-based systems, EU-TIRADS uses a 

pattern recognition approach to classify nodules into five risk categories. 

Numerous studies have shown that thyroid ultrasound is the imaging modality of choice for identifying 

nodules with suspicious features. The EU-TIRADS classification demonstrates high sensitivity and substantial 

specificity in predicting malignancy [18,19]. 

TI-RADS is a simple, clear, and practical tool that greatly facilitates clinical decision-making and 

improves workflow in daily medical practice. An additional benefit is the availability of online EU-TIRADS 

calculators [17], which help automate the classification process and speed up diagnosis. 
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Results and Methods 

1. Introduction to Artificial Intelligence and Machine Learning in Medical Imaging 

Artificial intelligence (AI), particularly machine learning (ML) and deep learning (DL), has increasingly 

become a transformative force in medical imaging. This shift is fueled by a confluence of factors, including 

the rapid growth of imaging data, advancements in computational power, and the development of sophisticated 

algorithmic architectures capable of directly interpreting complex data patterns. Although AI is not a new 

concept, recent breakthroughs in neural networks and the availability of annotated medical datasets have 

ushered in a new era of performance and applicability across clinical imaging domains [20,25]. 

Medical imaging lends itself particularly well to AI integration due to the repetitive and structured nature 

of image interpretation tasks. Traditionally, image analysis relied on manually engineered features and rule-

based systems, which often lacked robustness and generalizability. The emergence of convolutional neural 

networks (CNNs) has marked a paradigm shift—these networks learn hierarchical features directly from raw 

image inputs and have demonstrated superior performance in classification, segmentation, object detection, 

and image enhancement [20,21]. 

Recent advances have expanded the AI toolbox beyond CNNs. Reinforcement learning (RL), for 

instance, has been explored in medical image analysis as a dynamic framework in which models learn optimal 

decision-making policies through interactions with their environment. This has shown promise in image 
registration, lesion localization, and multi-step image interpretation workflows [22]. 

The clinical utility of AI in imaging is increasingly supported by empirical evidence. Several 

comparative studies have demonstrated that deep learning models can achieve diagnostic performance on par 

with human experts in tasks such as detecting malignancies in radiographs, segmenting organs, and classifying 

skin lesions [23]. Nevertheless, external validation remains inconsistent, and model performance may vary 

considerably across institutions due to differences in imaging protocols, equipment, and patient demographics. 

One of the most critical limitations of current AI systems is their generalizability. Models trained on 

data from a single institution often underperform when applied to external datasets—a problem exacerbated 

by a lack of standardized imaging protocols and representative training data. Moreover, the opacity of many 

AI models (the so-called “black-box” problem) continues to challenge clinical acceptance and trust [24]. 

Ethical considerations also come to the forefront. AI models can unintentionally replicate and amplify 

biases present in training data, potentially leading to unequal diagnostic outcomes across populations. This has 

led to growing interest in fairness-aware machine learning and the development of regulatory frameworks to 

ensure equitable and transparent AI integration in clinical environments [23,24]. 

Furthermore, medical images differ significantly from natural photographs—they are often three-

dimensional, multi-sequence, and encoded in DICOM formats that include metadata and context-specific 

information. Integrating these modalities into AI pipelines while maintaining patient privacy and clinical 

relevance adds another layer of complexity [21]. 

Despite these challenges, AI is unlikely to replace radiologists. Rather, its role is increasingly envisioned 

as augmentative-helping to streamline workflows, reduce inter-observer variability, prioritize cases based on 

urgency, and provide decision support in routine and complex cases alike. Importantly, ongoing 

interdisciplinary collaboration among clinicians, computer scientists, ethicists, and regulators is essential to 

fully realize the potential of AI in a safe, effective, and human-centered manner [23,25]. 

 

2. The Role of Artificial Intelligence in the Ultrasonographic Diagnosis of Thyroid Nodules 

Thyroid nodules are a very common phenomenon—detectable in up to approximately 65% of the population, 

especially due to the widespread use of ultrasonography in diagnostics. Although most of them are benign, about 

10% can be malignant, which necessitates prompt and accurate diagnosis. In recent decades, the incidence of thyroid 

cancer has increased, likely due to improved diagnostic methods and higher detection rates. In clinical practice, the 

evaluation of thyroid nodules is primarily based on ultrasonographic examination; however, this method is 

subjective and depends on the operator’s experience. Hence, there is a need for more objective and repeatable 

approaches, and artificial intelligence (AI) is increasingly becoming such a solution [26]. 
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3. Traditional Machine Learning and Deep Learning in Ultrasonographic Diagnosis 

Two main AI approaches are used in diagnosing thyroid nodules: traditional machine learning (ML) and 

deep learning (DL). 

Machine learning involves manual feature extraction—such as shape, texture, and echo intensity—from 

identified regions of interest (ROI). Based on these features, classifiers like Support Vector Machines (SVM) 

can distinguish between benign and malignant nodules. A drawback of this method is the need for expert 

knowledge to manually define and select relevant features [26]. 

Deep learning, particularly Convolutional Neural Networks (CNNs), can learn features independently 

without manual definition by analyzing raw ultrasound images directly. Thanks to transfer learning—using 

models pre-trained on large, general datasets such as ImageNet—models can be adapted to medical images 

even with limited training data. DL-based systems achieve diagnostic performance comparable to, or even 

exceeding, experienced radiologists using TIRADS (Thyroid Imaging Reporting and Data System) 

classifications [26]. 

Studies have shown that combining both methods (a so-called fusion model)—integrating results from 

traditional ML and deep transfer learning—significantly improves diagnostic accuracy. In a study involving 630 

patients, the fusion of an SVM model and a deep learning model based on the InceptionV3 architecture achieved 

an AUC (area under the curve) of 0.783, a significant improvement over either model used alone [26]. 
 

4. Advanced Dynamic Image Analysis and 3D Visualization 

Most traditional methods rely on analyzing static images (single 2D slices). However, thyroid nodules 

are three-dimensional structures, and analyzing dynamic ultrasound videos and reconstructing them in 3D 

allows for more accurate assessment. 

One example is the TNVis (Thyroid Nodules Visualization) system, which uses advanced deep learning 

algorithms to segment nodules in ultrasound videos and then builds 3D models. This system was tested on 

over 5,000 cases and achieved high segmentation accuracy (Dice Similarity Coefficient – 0.90). Importantly, 

TNVis improved radiologists’ diagnostic performance, increasing AUC from 0.66 (without AI) to 0.79 (with 

full AI support). Junior physicians in particular benefited, improving their accuracy by over 15% [27]. 

This system enables better assessment of the shape and size of nodules, which is crucial for malignancy 

risk evaluation and clinical planning. 

 

5. Multimodal Approach: Elastography, TIRADS, and Radiomics Supported by Interpretable 

Machine Learning 

To improve diagnostic quality, AI integrates various imaging methods and scoring systems. 

Elastography is an ultrasound technique that measures tissue stiffness—malignant lesions are often stiffer than 

benign ones. 

By combining elastography, TIRADS classification, and advanced radiomic feature extraction, a model 

called ELTIRADS was developed, which integrates this data using an SVM algorithm. In a study of 181 

patients, ELTIRADS achieved very high diagnostic performance: 92% accuracy, 89% sensitivity, and 94% 

specificity—exceeding diagnosis based solely on physician assessment [28]. 

Additionally, interpretable methods such as Shapley Additive Explanations (SHAP) were employed to 

show the contribution of individual features to the model’s final decision. This helps physicians better 

understand AI recommendations and increases trust in the system [28]. 

 

6. Clinical Validation and Real-World Application 

An important step is confirming that AI models work not only in research conditions but also in daily 

clinical practice. A logistic regression model incorporating clinical data (e.g., TSH level, presence of 

autoimmune thyroiditis) and detailed ultrasound features (stiffness, echogenicity, microcalcifications, shape) 

was validated on an independent cohort of 455 patients. It demonstrated strong diagnostic performance (high 

c-statistic), good calibration, and practical clinical utility—reducing the number of unnecessary biopsies and 

surgeries [29]. 
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7. Modern Neural Network Architectures and Data Integration 

Contemporary deep learning techniques such as U-Net and Mask R-CNN are used to precisely segment 

nodules in ultrasound images with accuracy exceeding 93%. Transfer learning enables the use of these 

networks even with limited medical data. 

Moreover, AI systems are evolving toward integrating clinical, imaging, and laboratory data, enabling 

not only malignancy risk diagnosis but also disease progression forecasting and individualized treatment 

planning for thyroid cancer [30]. 

Artificial intelligence significantly enhances the ultrasonographic diagnosis of thyroid nodules by 

combining traditional machine learning, advanced deep learning, dynamic and 3D imaging analysis, 

elastography, and interpretable models. This leads to more objective and effective cancer risk assessment, 

reduces unnecessary biopsies, and improves the overall quality of patient care. 

 

8. Comparison of the Effectiveness of AI and Radiologists in Thyroid Ultrasound Diagnosis 

A 2021 study showed that radiologists from the British Thyroid Association and the American College 

of Radiology TIRADS demonstrate similar diagnostic effectiveness compared to an artificial intelligence 

model called Artificial Intelligence TIRADS. Both groups were characterized by high sensitivity but low 

specificity in lesion assessment. However, radiologists had a higher rate of unnecessarily performed fine-
needle biopsies [31]. 

Technological advancement, however, is relentless. A 2024 study showed that artificial intelligence 

systems may achieve significantly better performance than humans. A comparative analysis of diagnostic 

accuracy was conducted using a dataset of 600 ultrasound images of the thyroid, verified by cytological 

examination. The diagnostic performance of experienced radiologists, third-year radiology residents, and an 

AI model was compared. 

Experienced radiologists achieved a sensitivity of 40.0%, specificity of 80.0%, accuracy of 63.3%, 

positive predictive value of 58.8%, and negative predictive value of 65.1%. Residents achieved a sensitivity 

of 64.0%, specificity of 77.1%, accuracy of 71.7%, positive predictive value of 66.7%, and negative predictive 

value of 75.0%. 

The Artificial Intelligence Model demonstrated a sensitivity of 80.0%, specificity of 71.4%, accuracy 

of 75.0%, positive predictive value of 66.7%, and negative predictive value of 83.3% [32]. In another study, 

the diagnostic accuracy of a group of 80 radiologists with varying experience levels was compared with an AI 

model trained on 2,069 thyroid ultrasound images representing 655 different thyroid nodules. A test set of 100 

thyroid nodule cases was used. The artificial intelligence system achieved 73% diagnostic accuracy, while the 

average accuracy among radiologists was 62.9% [33]. 

 

Discussion 

The integration of artificial intelligence into the ultrasonographic diagnosis of thyroid nodules represents 

a significant advancement in precision medicine, particularly in addressing the limitations of operator-

dependent and subjective image interpretation. As demonstrated in multiple studies, AI—especially deep 

learning models such as convolutional neural networks—can offer diagnostic accuracy that rivals or surpasses 

that of experienced radiologists. This is particularly noteworthy given the high prevalence of thyroid nodules 

and the clinical importance of differentiating benign from malignant lesions with minimal invasiveness. 

One of the most compelling advantages of AI lies in its ability to process and learn from large volumes 

of imaging data, thereby reducing variability and standardizing assessments across institutions and 

practitioners. Traditional machine learning methods, while valuable, often depend on manual feature 

engineering and expert-defined inputs. Deep learning, by contrast, enables end-to-end learning from raw image 

data, allowing the automatic extraction of complex and high-dimensional features. The application of transfer 

learning has further facilitated the adoption of these models in medical imaging, even in the context of limited 

domain-specific data. 

Furthermore, the evolution of multimodal approaches—integrating elastography, radiomic features, and 

established scoring systems like TIRADS—has enhanced diagnostic specificity and sensitivity. Models such 

as ELTIRADS, which incorporate interpretable machine learning techniques like SHAP, not only improve 

performance metrics but also address a major concern in clinical AI: explainability. This transparency is 

essential for fostering clinician trust and ensuring accountability in diagnostic decision-making. 

The development of systems such as TNVis illustrates how dynamic image analysis and 3D 

reconstruction can further augment traditional ultrasound imaging. By providing a more comprehensive 
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visualization of nodular structures, these tools assist in better malignancy risk stratification and may be 

particularly beneficial in training and supporting less experienced clinicians. Notably, the observed 

improvements in diagnostic performance among junior physicians suggest a potential role for AI in medical 

education and decision support. 

However, despite these promising developments, several challenges must be acknowledged. First, the 

generalizability of AI models remains a concern. Diagnostic performance often declines when models are 

applied to data from external institutions with different imaging protocols, equipment, or patient demographics. 

This underscores the need for diverse and representative training datasets, as well as robust external validation. 

Ethical considerations are also paramount: the risk of algorithmic bias, data privacy issues, and the potential 

for overreliance on automated systems necessitate cautious and transparent deployment of AI in clinical 

settings. 

In addition, while comparative studies indicate that AI can outperform or at least match radiologist 

performance in thyroid nodule evaluation, the goal is not to replace human expertise but to complement it. The 

most effective applications of AI are likely to be those that augment clinical workflows—prioritizing cases, 

flagging suspicious features, and providing second opinions—thereby improving efficiency and reducing 

diagnostic errors without undermining human judgment. 

In summary, AI holds substantial promise for improving the ultrasonographic assessment of thyroid 
nodules by increasing diagnostic accuracy, standardization, and efficiency. Future research should focus on 

addressing issues of generalizability, ensuring algorithmic fairness, and exploring the integration of AI into 

broader clinical decision-making frameworks. Continued interdisciplinary collaboration will be vital in 

translating these technological advances into sustainable clinical practice. 

 

Conclusions 

Artificial intelligence (AI), particularly machine learning (ML) and deep learning (DL), has emerged as 

a transformative force in medical imaging, driven by the exponential growth of imaging data, advances in 

computational capabilities, and increasingly sophisticated algorithmic models. In the context of thyroid 

ultrasonography—a critical tool in evaluating the malignancy risk of thyroid nodules—AI offers the potential 

to overcome key limitations of conventional diagnostic approaches, which are often subjective and operator-

dependent. 

Traditional ML methods rely on manual feature extraction from ultrasound images, requiring domain 

expertise to select relevant characteristics such as shape, texture, and echogenicity. In contrast, DL models, 

especially convolutional neural networks (CNNs), automatically learn complex features from raw data and 

have demonstrated performance levels comparable to, and sometimes exceeding, those of experienced 

radiologists using systems like TIRADS. Fusion models combining ML and DL further enhance diagnostic 

accuracy. 

Recent advancements include the use of AI in dynamic image analysis and 3D visualization, exemplified 

by systems such as TNVis, which significantly improve both the precision of nodule segmentation and 

diagnostic outcomes, particularly among less experienced clinicians. AI integration with elastography and 

radiomics has yielded models like ELTIRADS, which exhibit high sensitivity, specificity, and interpretability 

through tools such as SHAP, facilitating clinical trust and transparency. 

Real-world validation studies confirm AI’s ability to reduce unnecessary biopsies and optimize patient 

management by integrating clinical, imaging, and laboratory data. Furthermore, modern architectures such as 

U-Net and Mask R-CNN enhance segmentation accuracy and enable individualized treatment planning. 

Comparative studies suggest that AI models now rival and occasionally surpass human experts in 

diagnostic performance. While experienced radiologists demonstrate high specificity, AI systems often 

achieve superior sensitivity and overall accuracy, particularly in standardized datasets. Nonetheless, challenges 

remain regarding generalizability, data heterogeneity, ethical implications, and the need for transparent and 

fair algorithms. 

In conclusion, AI holds considerable promise as an augmentative tool in the ultrasonographic 

assessment of thyroid nodules, offering enhanced objectivity, efficiency, and diagnostic precision. Ongoing 

interdisciplinary collaboration and robust clinical validation will be essential to ensure its responsible and 

equitable implementation in healthcare practice. 
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