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Accurate differentiation of thyroid nodules is crucial for timely diagnosis of thyroid cancer. Most recent 
studies utilize grayscale ultrasound with deep learning to distinguish benign from malignant thyroid 
nodules. The goal of this study is to effectively boost the performance of classification of thyroid 
nodules using multi-modal ultrasound imaging combining B-mode, color Doppler (CD), and shear wave 
elastography (SWE) within a customized deep learning architecture. This study prospectively included 
506 thyroid nodules acquired from 422 subjects. The proposed network integrated a pretrained 
MobileNetV2 backbone with a shallow head composed of depth-wise separable convolutional layers, 
attention-based mixed pooling, and a tailored self-attention mechanism—applied for the first time in 
the context of thyroid nodule classification. To further improve robustness, we introduced a patient-
level uncertainty-aware fusion strategy that selectively integrates predictions from each modality 
based on their validation scheme and achieved a classification accuracy of 0.95, a sensitivity (Sen) of 
0.98, an area under the ROC curve (AUC) of 0.97 (95% CI: 0.94–0.99), a specificity of 0.92, and an F1 
score of 0.95, on test data. Multi-modal images improved the performance (AUC: 0.97) as compared 
to uni-modal (AUC range: 0.73–0.90) or bi-modal (AUC range: 0.90–0.97) data. Further comparative 
analysis showed that the proposed network performed similarly or better to the state-of-art deep 
learning networks (AUC range: 0.82 –0.97) for thyroid nodule classification while utilizing relatively 
smaller architecture. Finally, the integration of multi-modal ultrasound imaging with a customized 
deep learning network effectively and efficiently improved the overall classification of thyroid nodules, 
which can further enhance diagnostic performance.
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Thyroid nodules are common findings in adults undergoing ultrasonography (US), with detection rates ranging 
from 10% to 67%1. The majority of these nodules are benign, as fine needle aspiration biopsy (FNAB)-the gold 
standard for detecting thyroid malignancy-detects cancer in approximately 9.2% to 14.8% of cases2. Given that 
thyroid cancer is the ninth most common cancer globally3 with approximately 44,000 new cases diagnosed 
annually in the United States, accurate differentiation of benign and malignant nodules is essential4.

Ultrasound is the first-line imaging modality for evaluating thyroid nodules due to its non-invasive 
nature, accessibility, and ability to provide detailed anatomical information5,6. However, US imaging is highly 
operator-dependent and interpretation is subjective, which can lead to variability in diagnostic outcome7. These 
inconsistencies in diagnosis often result in unnecessary FNABs, which are invasive and cause patient discomfort 
and increase healthcare costs, highlighting the need for more reliable diagnostic methods8,9.

Recent advances in multimodal ultrasound techniques, including B-mode, shear wave elastography (SWE), 
and color doppler (CD) have shown improvements in diagnostic accuracy. B-mode US provides details of 
morphological features of thyroid nodules; SWE evaluates tissue stiffness and color doppler assesses blood 
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flow patterns10–14. However, despite these advances, studies show that inconsistencies and controversies remain 
regarding the additional diagnostic value of multimodal ultrasound.

Artificial intelligence (AI)-powered machine learning (ML) has shown promising potential in addressing 
these limitations. AI can help reduce misdiagnoses caused by subjective biases of physicians, optimize task 
allocation, reduce workload, and improve the diagnostic accuracy of thyroid nodule assessments13. Previous 
studies have shown that ML15 and deep learning (DL) algorithms have achieved high accuracy in segmenting 
and classifying thyroid nodules as compared to experienced radiologists. For example, Chi et al. proposed 
fine-tuned GoogLeNet for extracting deep features from B-mode images of thyroid nodules and classifying 
them using a cost-sensitive random forest classifier16. Yadav et al. utilized computer aided diagnosis (CAD)-
based convolutional and hybrid architectures to classify benign and malignant thyroid nodules from B-mode 
ultrasound in17. Prior to classification, they employed edge preserving smoothing de-speckling filter and encoder 
decoder-based ResNet50 for segmentation as pre-processing stages to enhance the performance of thyroid 
tumor characterization17. Wang et al. utilized a VGG16-based fine-tuned network to classify thyroid nodules 
using B-mode US images and compared the results with a radiomics-based approach18. Kim et al. compared 
the performance of three DL networks: VGG19, VGG16, ResNet with radiologists in discriminating thyroid 
nodules based on B-mode images19. Yang et al. also utilized ResNes1820 for classifying B-mode images of thyroid 
nodules. Guan et al. explored Inception-v3 network for thyroid nodule classification using B-mode images 
in21. Some recent research studies utilized multi-modal ultrasound to improve thyroid nodule classification. 
For example22 et al. extracted radiomics features from SWE and B-mode images to classify thyroid nodules 
using ML classifiers23. Liu et al. utilized the B-mode images with VGG16-based network and radiofrequency 
signals with EEGNet for thyroid nodule diagnosis after fusing the extracted features from both modalities24. 
Recently, strain elastography and B-mode images were utilized in25 with EfficientNet-B4 network for malignancy 
prediction of TI-RADS 4 thyroid nodules. Tao et al. integrated B-mode images, color Doppler flow imaging, 
strain elastography, and region of interest mask images to train independent ResNet-50 backbone networks with 
attention-based-fusion before the final layer for diagnosing suspicious thyroid nodules26.

The aforementioned studies utilized multimodal US for thyroid nodule classification using deep learning. 
However, these studies are limited by either the use of less quantitative modalities such as strain elastography, 
restricted modality combinations, or the lack of uncertainty modeling, which is critical for trustworthy clinical 
deployment. To address these limitations, we propose a custom deep learning network that integrates B-mode, 
CD, and SWE modalities for thyroid nodule classification. Unlike previous approaches for thyroid nodule 
classification, our method employs a patient-level uncertainty-aware fusion ensemble to enhance diagnostic 
robustness and reliability. By explicitly modeling uncertainty in multi-modal predictions at patient-level, our 
approach aims to improve confidence estimation and support clinical decision-making, especially in borderline 
or ambiguous cases such as conflicting modalities. The aim of our study is to enhance diagnostic performance 
of US and ultimately improve patient care by integrating AI with multimodal ultrasound for thyroid nodule 
classification. Although the uncertainty-aware fusion of multiple modalities with deep learning has been 
employed recently in27,28 for eye disease screening and Covid-19 X-ray images classification respectively, this is 
the first work which proposes patient-level uncertainty-aware fusion of tri-modal (B-mode, SWE, CD) US with 
a custom deep learning architecture for thyroid nodule classification.

Methods
This prospective study was performed in accordance with the Declaration of Helsinki and all relevant guidelines 
and regulations under an approved Mayo Clinic Institutional Review Board (IRB), protocol (IRB: 08-008778), 
and in compliance with the Health Insurance Portability and Accountability Act (HIPAA). Written Mayo Clinic 
IRB-approved informed consent with permission for publication was obtained from all participants prior to the 
imaging study.

Study cohort
The study enrollment was conducted during 2016–2019 on consecutive patients with thyroid nodules identified 
in clinical ultrasound and recommended for FNAB. Patients aged eight years or above with one or more nodules 
were included in the study, whereas individuals with any history of thyroid surgery were excluded. Figure 1 
summarizes the study population. A total of 31 cases with indeterminate pathology were excluded, leaving 422 
patients for analysis. The mean (SD) age of 55.33 (14.22) years and the cohort included 122/422 (29%) male 
and 300/422 (71%), female. Thyroid Imaging Reporting and Data System (TI-RADS) scores were assigned by 
radiologists based on the clinical ultrasound features of nodules. Since several patients had multiple nodules, the 
total number of nodules evaluated was 506. Among the 422 patients, 64.7% had benign nodules, while 35.3% 
had malignant nodules. The benign nodules were labeled based on the results of FNAB and surgical pathology, 
while the final diagnoses for malignant nodules were based on surgical pathology.

Multimodal ultrasound imaging
For each nodule, two B-mode and six SWE images were acquired in each of the longitudinal and transverse 
orientations using a research-mode GE LOGIQ E9, (GE Healthcare, Wauwatosa, WI), equipped with a 9 L-D 
linear array transducer with frequency range of 2–8  MHz. The participants were instructed to restrict any 
body movement and pause respiration during each SWE acquisition for approximately 3 s, to minify the pre-
compression during scanning. Each SWE acquisition consisted of two simultaneously captured images placed 
side by side: a conventional B-mode image (left) and a SWE map (right), showing tissue stiffness values as a 
color-coded overlay superimposed on the corresponding B-mode image. This dual-view format allowed for both 
morphological assessment and elasticity evaluation in a single frame, facilitating comprehensive input for deep 
learning–based classification. The CD images were acquired using the clinical GE LOGIQ E9 machine, which 
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operates with distinct acquisition settings and processing pipelines compared with the research platform. Up to 
two acquisitions per orientation were acquired. Each patient had varying number of images depending upon the 
nodules. A total of 6755 B-mode and SWE (combined) and 1406 CD images were obtained from all patients, 
reflecting multimodal imaging captured under two different acquisition environments within the GE LOGIQ E9 
family. As an example, Fig. 2 shows the concatenated B-mode, SWE, and CD images acquired from two patients 
with benign and malignant nodules. It can be observed that the stiffness is higher for malignant nodules based 
on shear wave maps.

Proposed deep learning network
Each ultrasound image modality, i.e., B + SWE and CD was given to a separate instance of the proposed DL 
network, independently trained for each modality, as shown in Fig. 3. Since the number of images per patient 
was different, the images were grouped and fed into the model patient-wise, ensuring that all available images 
and nodules corresponding to a single patient were used collectively during training or testing. The proposed 
DL network comprised a pretrained MobileNetV2 architecture which extracted the high-level features from 
these images based on the learned weights from the ImageNet dataset. The corresponding learned features were 
fed to a customized shallow network (CSN) fine-tuned on our dataset for feature extraction and classification. 
The CSN architecture comprised majorly two blocks of two-dimensional depth-wise separable convolutional 
(DSC) and mixed pooling with attention (MPA) layers, followed by two DSC layers, a mixed pooling (MP) layer, 
tailored self-attention (TSA), flatten and a fully connected output layer with sigmoid activation. The first custom 
layer (i.e., DSC) utilized a depth-wise separable convolution operation with 128 filters, each with a size of 3 × 
3, and rectified linear unit (RELU) as the activation function. This is a two-step operation: in the first step, each 
channel is convolved with a filter at a time by splitting the filter into three 3 × 1 filters, and in the second step, 
standard convolution is performed with 1 × 1 filters.

The corresponding output feature map f1DSC  of this layer can be represented as:

	 f1DSC = DSC3× 3 (IMUS)� (1)

where DSC3× 3 denotes the depth-wise separable convolution operation with 3 × 3 filters, and (IMUS) 
denotes the multi-modal US image input. Such 128 feature maps were obtained after this layer and further 
down-sampled by using mixed-pooling with attention (MPA) layer which used weighted sum of max-pooling 
and average pooling layer outputs based on sigmoid activation, as shown in Figure (3). This helped in generating 

Fig. 1.  Flowchart for the participants enrolled in this study.
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Fig. 3.  Proposed deep learning architecture for categorizing thyroid nodules using multi-modal ultrasound. 
B.N. denotes batch normalization.

 

Fig. 2.  Multimodal US images of two participants with Benign nodule (top, A: B-mode, B: SWE, and C: CD) 
and Malignant nodule (bottom, D: B-mode, E: SWE, and F: CD).
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an enhanced feature map by combining relevant amounts of local and global information captured by max-
pooling and average pooling layers respectively. This feature map can be represented as f1MP A and obtained as:

	 f1MP A = α (max2× 2 (f1DSC)) + (1 − α ) (avg2× 2 (f1DSC))� (2)

where max2× 2 and avg2× 2 denote the max-pooling and average pooling operations with stride of 2 × 2, and 
α is obtained as the sigmoid activated output of simple mixed pooling layer. As shown in Figure (3), there was a 
second block of DSC and MPA layers. Therefore, the feature map f2MP A was obtained after the second block in 
a similar manner as (1) and (2). This was given as input to two successive DSC layers with 128 and 64 filters each 
with a size of 3 × 3, which produced the output feature maps f3DSC  and f4DSC respectively. The feature map 
f4DSC was down sampled by using an MP layer (without attention). This helped in obtaining f1MP , which 
had local and global information at the same level, as follows.

	 f1MP = max2× 2 (f4DSC) + avg2× 2 (f4DSC)� (3)

After these operations, we introduced a tailored self-attention mechanism to further enhance the feature map for 
relevant areas in the image. TSA consisted of a dense/fully connected layer with 64 units, RELU activation, and 
a multiply layer. The preceding feature maps ( f1MP ) were fed to the dense layer which produced the learned 
weights for each of the 64 maps by using element-wise multiplication29. The corresponding weighted outputs 
were then multiplied with those initial 64 maps, thus producing a self-attention mechanism tailored to the input 
maps. Finally, all attention maps were flattened to a vector which was fed to a dense layer with sigmoid activation 
for classification.

The proposed architecture was built in TensorFlow Keras 2.16.1 deep learning framework in Python 3.10 
Spyder environment. We augmented the dataset using random cropping, random rotation, and zooming 
techniques for including sufficient examples in training. The data was split into 80-10-10% for training-validating-
testing. Training hyperparameters were selected using Keras Tuner and finalized based on performance on the 
validation set. The model was trained using the Adam optimizer with a learning rate of 0.0001. A batch size of 8 
and a maximum of 50 epochs were used, with early stopping applied to prevent overfitting. A dropout rate of 0.3 
was applied after the flatten layer. Binary cross-entropy was used as the loss function29.

Each instance of the proposed network predicted the probability based on combined B-mode and SWE, 
and CD images. To enhance the robustness of multimodal fusion, we proposed an uncertainty-aware fusion 
framework that dynamically combined modality-specific predictions from each patient using confidence-
informed decision rules. Instead of simply averaging or weighing the predictions, our method utilized the 
predictive uncertainty of each modality to guide the fusion process, allowing the model to favor more reliable 
predictions while down-weighting uncertain ones. We describe the proposed fusion process as follows.

Per-modality prediction and uncertainty estimation
We employed Monte Carlo (MC) Dropout30 to estimate epistemic uncertainty in each modality-specific model 
instance for each patient. During inference, dropout layers were activated, and the model performed multiple 
stochastic forward passes. This yielded a distribution of predicted probabilities for both inputs, from which 
we computed the mean prediction ( p· )· as the final class probability and predictive variance ( σ 2) as the 
uncertainty estimate. For a given input modality M, the model outputs prediction probabilities { p1 , p2 . . . , pN

} across N stochastic passes. The uncertainty is then estimated as the variance:

	
Uncertainty (M) =

∑ {N}

{n=1}

(
pn − p· ·

)2
� (4)

This uncertainty estimate highlights the network’s confidence in its prediction.

Fusion strategy
In this work, each modality’s contribution to the final prediction was weighted based on its predictive uncertainty, 
i.e., modalities with uncertainty below a predefined threshold (0.5) were given higher influence, while those 
exceeding this threshold were downweighted. The resulting fused probability was then compared against a 
separate classification threshold (set to 0.5) to determine the final class label. We used a classification threshold 
of 0.5 because the model outputs represent the predicted probability of malignancy after sigmoid activation, 
and 0.5 is the standard (default) decision boundary for binary classification under equal class weighting31. This 
adaptive fusion approach enhanced robustness to noisy or degraded modalities and contributes to more reliable 
clinical decision-making. The corresponding mathematical formulation is detailed as follows.

After the uncertainty estimation for each modality, the modality weight is defined as:

	
w (M) =

{ 1 − Uncertainty(M), if U(M) ≤ 0.50,
0 if Uncertainty (M) < 0.5

}

The fused probability is then computed as a normalized weighted sum:

	
pfused =

(∑
M

w (M) · p̄M
)

(∑
M

w (M)
)
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This explicit formulation clarifies how uncertainty directly modulates each modality’s contribution to the final 
classification.

Model training and performance evaluation
A five-fold nested cross-validation design was used for model training and testing, and all assessments were 
based on patient-level predictions. For each outer-fold, the complementary 80% of patients were used for 
model training and the trained network was used to classify the leave-out test set consisting of 20% of the 
patients in each fold. Classification performance was evaluated in terms of Accuracy (Acc), sensitivity/recall 
(Sen), specificity (Spe), and F1 score, which were summarized based on means and standard deviations (SD) of 
the classification metrics obtained across the five folds. Discrimination was evaluated based on area under the 
receiver operating characteristic curve (AUC), with cross-validated AUC and 95% confidence intervals (CIs) 
estimated using the cvAUC method32.

Results
Performance assessments for models trained with all possible combinations of image modalities, including 
single and bi-modal images, are summarized in Table  1. Among the single modalities, SWE numerically 
demonstrated the highest performance across all metrics, although AUC 95% CIs for B-mode and SWE heavily 
overlapped. Amongst dual modalities, the combination of B-mode and SWE consistently demonstrated higher 
performance metric point estimates, specifically in terms of Acc of 0.93 and AUC of 0.97 (95% CI: 0.92–0.99). 
Finally, the proposed architecture for all three modalities achieved the best performance, with the AUC 95% CI 
demonstrating no overlap with any of the uni-modal networks.

Performance analysis with respect to different ensemble fusion techniques
Next, we evaluated weighted averaging, maximum confidence, and inverse uncertainty techniques33. Table 2 
shows comparative performance metrics which demonstrate that the proposed uncertainty-aware threshold-
based fusion higher evaluation metrics, achieving an accuracy of 0.95 and an AUC of 0.97. We observed non-
overlapping CIs of the max confidence and inverse uncertainty aware techniques relative to the proposed fusion 
strategy. This indicates its effectiveness in utilizing multi-modal data while suppressing the impact of uncertain 
or conflicting modality predictions. The performance was otherwise comparable to the weighted average fusion 
technique. These results provide direct validation of the uncertainty-aware mechanism. Because the fusion 
weight w (M) decreases as predictive variance increases, modalities with unstable or noisy predictions had 
reduced influence on the fused decision. The superior AUC (0.97) and non-overlapping confidence intervals 
relative to the maximum-confidence and inverse-uncertainty baselines demonstrate that this uncertainty-driven 
modulation improved the performance.

Fusion strategy Acc Sen Spe F1 AUC

Weighted Average 0.92 (0.10) 0.95 (0.09) 0.86 (0.08) 0.91 (0.09) 0.94 (0.88–0.96)

Max confidence 0.82 (0.12) 0.85 (0.11) 0.81 (0.11) 0.80 (0.06) 0.84 (0.79–0.87)

Uncertainty-Aware (Inverse) 0.81 (0.10) 0.75 (0.09) 0.87 (0.10) 0.82 (0.08) 0.84 (0.78–0.88)

Uncertainty-Aware (Proposed) 0.95 (0.09) 0.98 (0.07) 0.92 (0.10) 0.95 (0.09) 0.97 (0.94–0.99)

Table 2.  Classification performance metrics across different folds (Mean (S.D.)) and AUC (95% CI) of the 
proposed network with different ensemble fusion techniques. Values that equal or exceed the proposed 
network are bolded.

 

Modality Acc Sen Spe F 1 AUC

B-mode 0.85
(0.09)

0.79
(0.10)

0.89
(0.08)

0.80
(0.12)

0.89
(0.79–0.92)

CD 0.73
(0.16)

0.51
(0.13)

0.84
(0.13)

0.56
(0.11)

0.73
(0.66–0.78)

SWE 0.87
(0.09)

0.91
(0.10)

0.90
(0.09)

0.88
(0.11)

0.90
(0.81–0.93)

B-mode + CD 0.86
(0.09)

0.81
(0.08)

0.90
(0.11)

0.81
(0.12)

0.90
(0.83–0.93)

CD + SWE 0.88
(0.10)

0.92
(0.12)

0.91
(0.11)

0.89
(0.13)

0.91
(0.81–0.93)

B-mode + SWE 0.93
(0.10)

0.91
(0.08)

0.91
(0.08)

0.91
(0.11)

0.97
(0.92–0.99)

Combined 0.95
(0.09)

0.98
(0.07)

0.92
(0.10)

0.95
(0.09)

0.97
(0.94–0.99)

Table 1.  Classification performance metrics across different folds (Mean (S.D.) and AUC (95% C.I.) of the 
proposed network for uni-modal and multi-modal data.
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Ablation study on network components
To demonstrate the effectiveness of the proposed network, we conducted a detailed ablation study by systematically 
removing or replacing its key components. The results, summarized in Fig. 4, highlight the performance impact 
of removing/replacing each key component across multiple evaluation metrics. The full proposed model 
achieved the highest performance, with an accuracy of 0.95 and an AUC of 0.97. When pretraining was removed, 
performance dropped notably, indicating the importance of utilizing pretrained weights for effective feature 
extraction. Similarly, replacing the tailored self-attention mechanism with a standard convolutional block resulted 
in a reduction in F1 score and sensitivity, indicating the role of attention in capturing discriminative modality-
specific features. Eliminating mixed pooling also degraded the performance, indicating that the combination of 
max and average pooling improves generalization by preserving diverse feature information. Among pretrained 
backbone variants, EfficientNetB0 and NASNetMobile resulted in lower performance compared to the proposed 
MobileNetV2 network, demonstrating the importance of selecting a suitable lightweight yet effective pretrained 
backbone for ultrasound data. These findings validate the architectural design choices and underscore the 
importance of each component in achieving robust multimodal classification performance.

Model interpretability via attention maps and uncertainty visualization
To evaluate the interpretability of the proposed network, we extracted tailored self-attention attention feature/
heat-maps from each of B-mode + SWE and Color Doppler branches along with the modality-level uncertainty 
values used in the final uncertainty-weighted fusion. Figure 5 shows a benign thyroid nodule of a patient, with 
corresponding input images, attention heatmaps, estimated uncertainties and modality weights, and the final 
predicted classification probability (fused). B + SWE branch focuses on the nodule region and stiffness map, 
as indicated by the attention output, and outputs the correct prediction with a low uncertainty value (high 
confidence) of 0.12. However, the color Doppler shows somewhat scattered intensities in the attention map, and 
outputs false prediction (i.e., malignant) with a high uncertainty value (low confidence) of 0.84, which leads to 
zero weight as per the uncertainty-aware mechanism. Finally, the model outputs correct prediction based on 
only the highly confident B + SWE modality and final fused probability of 0.05 (benign).

These visualizations demonstrate that the proposed model effectively identifies nodule-specific regions via 
the tailored self-attention mechanism; unreliable modalities and down-weights or ignores them, relying on the 
most informative branches for robust final predictions. Importantly, even when CD predicts incorrectly, the 
uncertainty-aware ensemble prevents it from dominating the final classification, ensuring clinically reliable 
outputs.”

Performance comparison with state-of-the-art methods
We performed a comparative analysis of the proposed network with respect to some of the commonly used 
deep learning architectures for thyroid nodule classification. Since the datasets were different and mostly based 
on uni-modal images (B-mode US) in the reported studies, we implemented these common DL architectures 

Fig. 4.  Ablation analysis of the proposed network.
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on our multi-modal US dataset, for fair comparison. We implemented and trained these state-of-the-art deep 
learning networks on the multi-modal data and evaluated them on the test set, using the same experimental 
settings and hyper-parameters of our proposed network. Further, all models were extended to tri-modal 
input using the same uncertainty-aware fusion mechanism. This ensured that performance differences reflect 
architectural design rather than fusion strategy. Table  3 presents the cross-validated classification metrics of 
these architectures along with the proposed network. The Acc values achieved by these architectures were in the 
range of 0.79–0.94 vs. 0.95 achieved by the proposed network, while the mean Sen values ranged between 0.75 
and 0.93 vs. 0.98 respectively. Similarly, the values of F1 and AUC for existing networks were in the ranges of 
0.74–0.94 and 0.82–0.97, respectively, vs. 0.95 and 0.97 for the proposed network respectively. We observed a 
similar trend in the values of specificities, except for two existing architectures, i.e., ResNet-18 and Inception-V3 
achieving slightly higher values than the proposed network. We observed non-overlapping CIs for AUC for 
the existing networks ResNet-34, YOLOv3, Fine-tuned VGG-16, DenseNet-169, NASNetLarge, Exception, and 
ResNet101v2 relative to the proposed network, indicating its superiority in discrimination. Performance was 
otherwise comparable with respect to the other networks.

Discussion
In this study, we proposed multi-modal US-based customized deep learning architecture for thyroid nodule 
classification. For the first time in this context, we proposed the use of mixed pooling with weighted attention and 
tailored self-attention mechanisms on top of a pretrained backbone, MobileNetv2, in deep learning architecture. 
Additionally, we proposed patient-level uncertainty-aware fusion strategy to enhance the robustness of 
predictions obtained from each modality. An extensive performance assessment with respect to training the 

Method Acc Sen Spe F1 AUC

ResNet-50 with attention26 0.90 0.84 0.92 0.89 0.93 (0.84–0.95)

ResNet-3434 0.82 0.85 0.81 0.80 0.84 (0.76–0.87)

YOLOv335 0.81 0.75 0.87 0.82 0.84 (0.78–0.88)

Fine-tuned GoogleNet16 0.93 0.94 0.92 0.93 0.96 (0.87–0.98)

Fine-tuned VGG1618,19 0.79 0.77 0.86 0.74 0.82 (0.76–0.85)

ResNet-1820 0.94 0.93 0.95 0.94 0.97 (0.90–0.99)

Inception-v321 0.93 0.91 0.94 0.93 0.93 (0.86–0.95)

DenseNet-12122 0.87 0.89 0.88 0.85 0.89 (0.83–0.91)

DenseNet-16922 0.81 0.83 0.80 0.80 0.83 (0.74–0.88)

NASNetLarge22 0.83 0.85 0.87 0.83 0.84 (0.77–0.89)

Exception22 0.90 0.86 0.90 0.88 0.91 (0.83–0.94)

ResNet101v236 0.86 0.87 0.81 0.86 0.88 (0.81–0.92)

ResNet15236 0.91 0.89 0.86 0.90 0.93 (0.87–0.96)

MobileNetv236 0.91 0.90 0.87 0.91 0.94 (0.86–0.97)

Proposed 0.95 0.98 0.92 0.95 0.97 (0.94–0.99)

Table 3.  Classification performance metrics across different folds (Mean) and AUC (95% CI) of the proposed 
network for multi-modal data. Values that equal or exceed the proposed network are bolded.

 

Fig. 5.  An example of model interpretability. Left: Benign B-mode + SWE and CD input images. Middle: 
corresponding tailored self-attention maps. Right: predicted modality-level probability and uncertainty, 
assigned weight, and final fused prediction.
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proposed architecture instances using different US modalities and their combinations demonstrated that the 
uncertainty-aware fusion of all three modalities outperformed all other cases, in terms of all metrics. These 
findings suggest that integrating multi-modal US data considerably improves the discriminatory capability 
of the proposed architecture for thyroid nodule classification. While the combination of B-mode and SWE 
yielded competitive results, the inclusion of CD images further enhanced overall performance. Our findings 
also highlight the effectiveness of the proposed uncertainty-aware threshold-based fusion strategy, which 
consistently outperformed other ensemble techniques, demonstrating its robustness in handling uncertain or 
conflicting predictions across modalities. The ablation study confirmed the effectiveness of each component in 
the proposed architecture. These findings collectively validate the architectural design choices for robust multi-
modal thyroid nodule classification. Specifically, a considerable rise in sensitivity and both AUCs depicted the 
precision of the proposed method in identifying most of the malignant nodules while achieving a minimal 
trade-off in the specificity, indicating its strong diagnostic performance.

The proposed method outperformed a recently proposed multi-modal US-based DL method utilizing 
ResNet-50 backbone with attention mechanisms26 in terms of overall classification performance on our dataset, 
with a substantial increase in sensitivity, resulting in superior diagnostic performance. Further analysis of 
implementation of the state-of-the-art DL architectures for thyroid nodule classification on our multimodal 
dataset demonstrated superior performance, and fine-tuned GoogleNet, ResNet-18, and Inception-v3 achieved 
relatively close results with respect to proposed method16,20,21. However, the proposed method demonstrated 
superior overall performance, while utilizing relatively few layers with effective attention mechanisms in its 
architecture, indicating its efficiency and applicability in real-time.

In a clinical workflow, uncertainty quantification provides radiologists with additional information 
beyond a binary model output. Rather than forcing a high-confidence label for every modality, the model 
highlights predictions associated with elevated epistemic uncertainty, which often corresponds to unusual 
appearances, degraded input quality, or conflicting information across modalities. These cases can be flagged 
for extra review, checked again by another radiologist, or lead to a request for more imaging. Conversely, 
low-uncertainty predictions provide radiologists with a more reliable initial assessment, potentially reducing 
diagnostic workload by prioritizing cases in routine workflows. In this way, the uncertainty-aware fusion used 
in this study directly supports practical clinical decision-making by improving interpretability, reducing the 
likelihood of overconfident errors, and enhancing trust in model outputs. The proposed uncertainty-aware 
mechanism therefore aligns with how radiologists naturally reason about diagnostic ambiguity, providing a 
quantified indication of model confidence that can inform safe and efficient clinical decisions. For example, if 
the ultrasound modality is noisy or incomplete, the elevated predictive variance results in its down weighting, 
preventing misleading modality-specific predictions from dominating the final fused output: mirroring the way 
radiologists give less weight to the unreliable views in practice.

In summary, this study demonstrates that multi-modal US imaging with proposed deep learning architecture 
can effectively classify thyroid nodules and boost diagnostic performance. By integrating uncertainty-aware 
fusion, the model not only achieves high accuracy but also improves reliability in the presence of conflicting 
or ambiguous modality inputs. This study needs to be further evaluated on an independent dataset. However, 
currently, no publicly available databases provide combined B-mode, SWE, and Color Doppler ultrasound for 
thyroid nodule assessment, which restricts its multi-center external validation. Therefore, our evaluation is 
limited to a single-institution dataset. Nevertheless, the uncertainty-aware fusion strategy implemented in our 
model is explicitly designed to mitigate the influence of unreliable or device-dependent modalities, which may 
enhance robustness when applied to data acquired from different ultrasound machines or clinical settings. Future 
work will focus on validating the proposed framework on multi-institutional datasets and across heterogeneous 
ultrasound devices to more comprehensively assess generalizability and clinical applicability. Further, we plan 
to acquire more images for increasing the number of examples during training to further improve performance. 
With sufficient data and continued refinement, the trained network can be deployed for real-time thyroid nodule 
classification, offering a reliable decision-support tool in clinical settings.

Conclusion
This study proposes multi-modal US-based deep learning architecture for the classification of thyroid nodules. 
The concatenation of conventional B-mode US with shear wave elastography and color Doppler images 
demonstrates a considerable enhancement in the performance of the proposed custom deep learning architecture 
with tailored attention mechanisms. Further comparative evaluation with state-of-art deep learning networks 
demonstrates the superiority and efficiency of the proposed network for thyroid nodule classification.

Data availability
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cine & Science — 507-538- 5238 — Administrative Assistant: 507-266-6286 — hartman.karen@mayo.edu Mayo 
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accession codes, unique identifiers, or web links.
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