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To address this need, this study introduces a deep learning framework which
combines depth-wise separable convolutional layers and a squeeze-and-excite | Mrthod Test Accurac Precision | Recall 1 AUROC
(SE) block to classify benign and malignant thyroid nodules. This framework y
leverages B-mode and shear wave elastography (SWE) ultrasound images, which _De_”se (O_“tp_Ut I._a}/er) | “Proposed 0.95 0.97 097 | 092 0.97
are non-invasive imaging techniques, to analyze thyroid nodules. Units: 1, Activation: Sigmoid
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L . . . . Data Split: The data is split into 70% for training and 30% for testing. During training, 30% of Table 1: Comparison of the proposed model with ResNet18 and Incentive-V3 across
_The dgtaset useq In this study COMPTISES thyroid glgnd images from 350_ patlents, the training data is further used for validation. various performance metrics. The proposed model shows superior performance in most
iIncluding approximately 2000 benign and 1800 malignant nodules, providing a . . . . . .
‘Loss Function: Binary focal cross entropy with class balancing and a gamma value of 2 is metrics.

robust basis for validation. This involves: .
used as the loss function.

Dt _ . . . ] *Optimizer: Adam optimizer with a learning rate of 0.00005 is used for training the model.
aizt;e?ntezra]t:éé cs)fa ?5p|7638;,22g 443 patients with an age range of 18-6 years Training Parameters: The model is trained for 250 epochs with a batch size of 16 and a CON CLUS I ON

verbose level of 2.

Classification Basis: Based on fine needie aspiration (FNA) pathology results The proposed model is able to classify benign and malignant thyroid nodules using the

fi)r:;c;c:zlr;a";e Gc;rgggsg.l_rll_ﬁsb:tzlg; Stﬂgjz;nsalg_?:g;g ztr?é; osr{:/sE. ultrasound Images bimodal images with a high accuracy. This demonstrates the effectiveness of the
Figure 1 shows a sélected benign and malignant case ' RESU LTS proposed framework in extracting discriminative features for differentiating between the
. . ' : — benign and malignant nodules. Further comparative evaluation with the existing studies

: * B - 1] == using the pre-trained models such as, ResNet-18 and Inception-v3 indicates its superiority

To evaluate the performance of the proposed model different classification metrics are _ _ _ _
In terms of performance as well as light-weight architecture.

used for the test data. The performance assessment studies indicate that the proposed
model achieved an average test accuracy of 0.95, F1-score of 0.91, and area under the
receiver operating characteristics curve (AUROC) of 0.97. Figure 3 presents the AUROC
and area under precision-recall curve (AUPRC) for demonstrating the model’s
classification performance.
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Figure 1: Ultrasound images of Shear Wave Elastography (SWE) and B-mode, classified as 0.8 .

Finally, these results underscore the efficacy of the proposed deep learning approach in
providing accurate, and non-invasive diagnosis of thyroid nodules in real-time, thereby
reducing the need for invasive procedures.
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.. T 6 el explore advanced neural network architectures to enhance classification accuracy.
- = gl Testing the model on larger, diverse datasets will validate its generalizability. Further
M ETHOD % g S 04l #,f"” analysis may includ_e implemen’_[ir?g real-time image analysis and developing an
3 é el automated diagnostic tool for clinical use.
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