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Background: Early preoperative evaluation of cervical lymph node metastasis (LNM) in papillary thyroid 
carcinoma (PTC) is critical for further surgical treatment. However, insufficient accuracy in predicting 
LNM status for PTC based on ultrasound images is a problem that needs to be urgently resolved. This study 
aimed to clarify the role of convolutional neural networks (CNNs) in predicting LNM for PTC based on 
multimodality ultrasound. 
Methods: In this study, the data of 308 patients who were clinically diagnosed with PTC and had 
confirmed LNM status via postoperative pathology at Beijing Tiantan Hospital, Capital Medical University, 
from August 2018 to April 2022 were incorporated into CNN algorithm development and evaluation. Of 
these patients, 80% were randomly included into the training set and 20% into the test set. The ultrasound 
examination of cervical LNM was performed to assess possible metastasis. Residual network 50 (Resnet50) 
was employed for feature extraction from the B-mode and contrast-enhanced ultrasound (CEUS) images. 
For each case, all of features were extracted from B-mode ultrasound images and CEUS images separately, 
and the ultrasound examination data of cervical LNM information were concatenated together to produce a 
final multimodality LNM prediction. Sensitivity, specificity, accuracy, and area under the receiver operating 
characteristic curve (AUC) were used to evaluate the performance of the predictive model. Heatmaps were 
further developed for visualizing the attention region of the images of the best-working model.
Results: Of the 308 patients with PTC included in the analysis, 158 (51.3%) were diagnosed as LNM and 
150 (48.7%) as non-LNM. In the test set, when a triple-modality method (i.e., B-mode image, CEUS image, 
and ultrasound examination of cervical LNM) was used, accuracy was maximized at 80.65% (AUC =0.831; 
sensitivity =80.65%; specificity =82.26%), which showed an expected increased performance over B-mode 
alone (accuracy =69.00%; AUC =0.720; sensitivity =70.00%; specificity =73.00%) and a dual-modality 
method (B-mode image plus CEUS image: accuracy =75.81%; AUC =0.742; sensitivity =74.19%; specificity 
=77.42%). The heatmaps of our triple-modality model demonstrated a possible focus area and revealed the 
model’s flaws.
Conclusions: The PTC lymph node prediction model based on the triple-modality features significantly 
outperformed all the other feature configurations. This deep learning model mimics the workflow of a 
human expert and leverages multimodal data from patients with PTC, thus further supporting clinical 
decision-making.
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Introduction

With an estimated 19.3 million patients with thyroid cancer 
newly diagnosed each year, thyroid cancer is a disease which 
severely threatens human health (1). Papillary thyroid 
carcinoma (PTC) is the most common variant among the 
thyroid malignancies. For the early detection of PTC, 
ultrasound has become an important thyroid imaging tool 
due to its advantages of being noninvasive, radiation-free, 
and cost-effective. Moreover, careful evaluation of cervical 
lymph node metastasis (LNM) preoperatively is essential 
for the surgeon to plan further surgical therapy (2). The 
diagnostic sensitivity of LNM from cervical ultrasound 
examination or computed tomography is generally 
insufficient, especially for central compartment metastasis (3).  
Therefore, accurate assessment of LNM of PTC in the 
early stage based on ultrasound images is urgently needed. 

Multiple studies have confirmed that the observed 
B-mode and contrast-enhanced ultrasound (CEUS) 
features can be used to predict LNM in PTC, which may 
be related to the biological behavior of malignant nodules 
(4-6). However, there remain some imaging features that 
cannot be distinguished by human experts. Of the existing 
methods for predicting LNM in PTC, approaches based on 
radiomics features are widely used and have been proven to 
have certain predictive abilities in LNM (7). 

Deep learning has developed rapidly in recent years, and 
multiple network structures have been successively proposed 
and applied in various fields (8). Researchers have also begun 
to use deep learning methods to explore medical problems (9),  
with the results indicating that deep learning has value 
as an auxiliary tool for completing medical tasks (10,11). 
In the prediction of cancer LNM status, an increasing 
number of studies have begun to use deep learning methods 
to conduct related research (12,13). B-mode ultrasound 
images have been widely used for the prediction of LNM 
in breast cancer. As for PTC, researchers have developed 
deep learning models based on B-mode, color Doppler 
flow imaging (CDFI), and clinical records, which have 
demonstrated good performance for LNM prediction 

in patients with PTC (14,15). With the boom of deep 
learning, convolutional neural network (CNN)-based 
methods are gaining momentum in computer-aided thyroid 
cancer diagnosis. However, diagnosis with single modal 
data involves inherent drawbacks and is not consistent with 
the diagnostic methods of clinicians. To our knowledge, no 
study has been conducted on the use of CEUS imaging and 
deep learning models for LNM status prediction in PTC. In 
this paper, we propose a multimodal neural network model 
combining B-mode ultrasound and CEUS that extracts 
the ultrasound features of B-mode and CEUS images and 
combines them to finally predict the LNM status of PTC. We 
present this article in accordance with the TRIPOD reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-23-318/rc).

Methods

Study population

This study consecutively selected patients from Beijing 
Tiantan Hospital, Capital Medical University for whom 
B-mode ultrasound and CEUS examination was used to 
collect PTC lymph node status information from August 
2018 to April 2022. For each patient, the respective B-mode 
image and CEUS image were selected manually from as 
close a time as possible; that is, the two images from a given 
patient were time-aligned.

The inclusion criteria were as follows: (I) aged ≥18 years; 
(II) first diagnosed as PTC and without chemotherapy or 
radiation therapy before surgery; (III) B-mode ultrasound 
and CEUS examination performed before surgery, with 
complete clinical data; and (IV) unilateral lobectomy or 
total thyroidectomy with central or lateral lymph node 
dissection.

Meanwhile, the exclusion criteria were as follows: 
(I) incomplete relevant information; (II) poor image 
quality; (III) women who were pregnant; (IV) allergy to 
contrast agents; and (V) refusal to cooperate or undergo 
examination. The study was conducted in accordance with 
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the Declaration of Helsinki (as revised in 2013) and was 
approved by the Medical Ethics Committee of Beijing 
Tiantan Hospital, Capital Medical University (No. KY 
2020-007-02). All patients provided their written informed 
consent to participate in this study. The study flowchart is 
shown in Figure 1.

Instruments and methods

Apparatus: the study was conducted with Aplio i500 and 
Aplio i900 (Canon Medical Systems, Tokyo, Japan) color 
Doppler ultrasound diagnostic instruments under contrast-
enhanced thyroid ultrasound conditions. Additionally, 
L5–14 and L4–18 linear array probes were used, with probe 
frequencies of 5–14 and 4–18 MHz, respectively. 

Examination method: the patient was placed in a supine 
position, with the front of the neck fully exposed. The 
examinations of all patients were completed by a human 
expert with 15 years of work experience and 10 years of 
skilled operation with the abovementioned techniques. The 
expert was blinded to the pathological results. The thyroid 
conditions were preset by the machine, and suspicious 
nodules were continuously and multiview scanned by 
the human expert. CEUS was completed with pulsed 
inverse harmonic imaging using a low mechanical index 
of refraction. SonoVue (Bracco, Milan, Italy) was injected 
into the superficial ulnar vein via mass injection and was 
immediately followed by the addition of 5 mL of saline. 
Dynamic contrast-enhanced images were continuously 
observed for a minimum of 2 min and recorded on the 
internal hard drive of the ultrasound system. Informed 
consent from all participants for CEUS imaging was 

obtained. The gray-scale ultrasound images and the 
representative frames from CEUS video of the suspicious 
nodules were saved. Following this, the ultrasound 
examination of cervical lymph node metastasis (US-LNM) 
was performed to assess possible metastasis.

Deep learning methods

Data preprocessing
We finally selected the data of 308 nodules as the dataset for 
this experiment. These included data on 158 nodules with 
LNM and 150 nodules without LNM. In the data division 
stage, we divided data into a training set and test set in an 
8:2 ratio and then split the training set again into a training 
set and validation set in an 8:2 ratio. Finally, the training set 
contained data from 100 nodules with LNM and 96 nodules 
without LNM, the validation set contained data from 26 
nodules with LNM and 24 nodules without LNM, and the 
test set contained 32 nodules with LNM and 30 nodules 
without LNM.

In the data preprocessing stage, we conducted a degree 
of data enhancement to improve the generalization ability 
of the network. Data enhancement methods included 
operations of translation, flipping, and contrast change. 
All the B-mode images were normalized with a mean 
vector of [0.190, 0.201, 0.223] and a standard deviation 
vector of [0.123, 0.129, 0.142]. All the CEUS images were 
normalized with a mean vector of [0.226, 0.153, 0.092] 
and a standard deviation vector of [0.231, 0.169, 0.114]. 
The mean vectors and the standard deviation vectors were 
derived from the respective training datasets. Figure 2 shows 
a part of enhancement method for images, including scaling 

Images of 1,363 nodules
Total participates

• 983 without lymph pathological results
• 30 benign nodules
• 10 with incomplete images
• 32 multiple malignant nodules

Image of 308 nodules 
Participates in the study

158 nodules with lymph 
node metastasis

150 nodules without 
lymph node metastasis

Figure 1 The study flowchart for the inclusion or exclusion of participants.
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and adjustments for contrast and brightness.

Development and validation of the CNN models
We classified each PTC case as LNM or non-LNM based 
on multiple complementary features. Specifically, our main 
technical contributions can be summarized as follows: (I) a 
novel multimodality neural network is proposed to perform 
LNM diagnosis in PTC rather than a single B-mode 
modality. (II) In our multimodality network, we use the 
visual modalities (i.e., B-mode images and CEUS images) 
as well as the textural patient clinical modality (i.e., the 
lymph node abnormality information). (III) Class activation 

map (CAM)-based heatmaps are proposed to enhance the 
interpretability of the “black-box” deep neural network. 
Moreover, the heatmaps can provide auxiliary information 
for clinicians when making decisions. The feature extraction 
part is divided into 3 branches: the B-mode image branch, 
CEUS image branch, and auxiliary data branch. The 
specific structure is illustrated in Figure 3. 

As shown in Figure 3, the B-mode ultrasound image and 
the CEUS image each enters the feature extraction network 
after the preprocessing operation, wherein operations such 
as translation and flipping are completed. The feature 
extraction network uses the residual network 50 (Resnet50) 

Figure 2 The comparison of original images and enhanced images. Scale: resize the input image to the given size; adjust contrast and 
brightness: adjust contrast and brightness of an image by a factor; the factor can be any non-negative number.
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Figure 3 The architecture of our proposed multimodality classification model. Lymph node abnormality is defined as positive cervical 
lymph node metastasis on preoperative ultrasonography. CEUS, contrast-enhanced ultrasound. 
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as the basic structure, which extracts features from B-mode 
ultrasound images and CEUS images. After the feature 
extraction with the module, features respectively based 
on B-mode ultrasound images and CEUS images can be 
obtained.

After the features extracted from the two images are 
obtained, they are fused. In the fusion part, all of the 
features extracted from the three branches are concatenated 
together to form a single feature vector. The dimension of 
the B-mode feature vector and the CEUS feature vector 
are both 2,048, so the dimension of the final feature 
vector is 4,097. The concatenation operation splices the 
features in the channel dimension and increases the feature 
representation while keeping the size of the feature map 
unchanged, which plays a certain role in the final training. 

After feature fusion, the combined features are extracted 
from two types of images, which are input into the feature 
classification module composed of full connection and 
sigmoid layers, which finally outputs the classification 
result. In this study, binary cross entropy was used as the 
loss function, and the Adam optimizer was used to optimize 
the loss function. The initial learning rate was set to 0.001, 
and an adaptive drop of the learning rate was implemented 
to optimize the model performance. 

Furthermore, in order to evaluate the performance of 
backbone feature extraction models, 3 popular backbone 
networks were compared for the B mode classification and 
CEUS classification, respectively. The networks included 
were Resnet50, visual geometry group (VGG), and 
Inception V3. After a comprehensive comparison, we found 
that the Resnet50 network performed better than did the 
others, and it was adopted in our proposed algorithm as the 
basic feature extraction module.

In practice, deep learning models are treated as “black-
box” methods. The gradient-weighted class activation 
mapping method was used to generate heatmaps in order to 
enhance the explainability of our model. Gradient-weighted 
class activation mapping uses the gradients of any target 
concept (e.g., logits for “metastasis” or “nonmetastasis”) and 
flows into the final convolutional layer to produce a coarse 
localization map, highlighting the important regions in the 
image for predicting the concept. 

Statistical analysis

Data management and analysis were performed using SPSS 
26.0 (IBM Corp., Armonk, NY, USA). The characteristics 
are described as means and SDs for normally distributed 

variables, as medians and interquartile range (IQR) for 
nonnormally distributed continuous variables, and as 
percentages for categorical variables. The Mann-Whitney 
test was used for continuous variables, and the Pearson χ2 
test was used for categorical variables. Sensitivity, specificity, 
accuracy, and the area under the receiver operating 
characteristic curve (AUC) were used to evaluate the final 
classification of the model. Permutation tests were used 
to calculate P values for the indicators of all classification 
models, with scikit-learn 1.3 being used to perform the 
permutation tests (16).

Results

Patient characteristics

Between August 2018 to April 2022, a total of 308 patients 
(mean age 43.3 years; range, 18–77 years) comprising 308 
thyroid nodules were enrolled for analysis, including 75 
males and 233 females. Unilateral lymph node dissection 
was performed in 258 patients (83.8%) and bilateral lymph 
node dissection in 50 patients (16.2%). The number of 
lymph node dissections in the central and lateral neck 
ranged from 1 to 41, with a mean of 8.9±7. The number 
of LNMs in central and lateral neck dissections ranged 
from 0 to 14, with a mean of 1.8±2.5. According to the 
pathological results, 158 nodules were malignant tumors 
with LNM and 150 nodules were non-LNM. Additionally, 
246 nodules were randomly assigned as a training cohort 
and the other 62 nodules as the independent test cohort. 
The detailed characteristics including patient age, gender, 
tumor location, and maximum size are presented in Table 1.

Diagnostic performance of the CNN model

For CNN backbone selection, we first evaluated 3 
different ad hoc CNN models for feature selection on 
B-mode images and CEUS images, respectively. The three 
CNN models we evaluated were Resnet50, VGG11, and 
InceptionV3. The training set randomly partitioned in a ratio 
of 8:2 was adopted as the evaluation data set. Quantitative 
index comparisons results on the three backbones for 
different modalities are summarized in Table 2. The 
corresponding AUCs are shown in Figures 4,5. From these 
results, one can see that Resnet50 performed better than did 
the others and hence was adopted as the feature extraction 
module in our proposed algorithm.

In cervical ultrasound for the diagnosis of LNM, the 
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sensitivity was 38.60%, the specificity was 90.00%, the 
accuracy was 63.60%, and the AUC was 0.643 in the test 
set. In the experimental portion of the study, we first carried 
out the experiment using B-mode ultrasound image data 
alone for classification and then CEUS image data alone 
for classification. B-mode ultrasound image data used alone 
obtained a sensitivity of 70.00%, a specificity of 73.00%, an 
accuracy of 69.00%, and an AUC of 0.720. CEUS image 

data use alone for classification obtained a sensitivity of 
72.00%, a specificity of 74.00%, an accuracy of 71.00%, and 
an AUC of 0.730. We then extracted features from the 2 
kinds of images separately and then fused these features for 
classification. This proposed dual-modality model (B-mode 
+ CEUS) yielded a sensitivity of 74.19%, a specificity of 
77.42%, an accuracy of 75.81%, and an AUC of 0.742. 

Finally, a triple-modality model (US-LNM + B-mode 

Table 1 Basic clinicopathological characteristics of participants

Characteristics Training and validation sets (n=246) Test set (n=62) P value

Pathological results 0.956

LNM 126 (51.0) 32 (51.6)

Non-LNM 120 (49.0) 30 (48.4)

Age (years) 41.0 (33.0, 52.0) 44.0 (36.0, 54.7) 0.137

Gender 0.305

Male 63 12

Female 183 50

Location 0.109

Isthmus 6 5

Left lobe 115 27

Right lobe 125 30

Maximum size (cm) 0.8 (0.6, 1.2) 0.8 (0.7, 1.2) 0.598

US examination 0.817

US-LNM (+) 60 16

US-LNM (−) 186 46

Data are expressed as the median (IQR) or n (%). LNM, lymph node metastasis; US, ultrasound; US-LNM, ultrasound examination of 
cervical lymph node metastasis; IQR, interquartile range.

Table 2 Performance of different backbone networks for different modalities

Backbone Sensitivity, % Specificity, % Accuracy, % AUC

Results for B-mode images

Resnet50 75.00 72.73 71.12 0.758

VGG11 70.00 72.73 69.38 0.683

InceptionV3 62.50 70.83 69.38 0.675

Results for CEUS images

Resnet50 72.00 77.27 71.43 0.722

VGG11 68.00 72.73 67.35 0.700

InceptionV3 76.00 63.64 69.39 0.694

AUC, area under the curve; Resnet50, residual network 50; VGG, visual geometry group; CEUS, contrast-enhanced ultrasound.
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+ CEUS) was evaluated in the same test dataset. In this 
experiment, all 3 modal features were fused together to 
make a final prediction. This yielded a sensitivity of 80.65%, 
a specificity of 82.26%, an accuracy of 80.65%, and an AUC 
of 0.831. The specific indicators are shown in Table 3.

The convergence curves of the model training are shown 
in Figure 6. The final AUCs of our proposed dual- and 
triple-modality models are shown in Figure 7. It can be seen 
from the experimental results that the method of extracting 
features from three different modalities and merging them 
together for classification produced the best indicators. 

This indicates that features of different modes have certain 
effects on LNM of PTC, and the fusion of the three 
provides a degree of improvement in prediction ability. The 
proposed method was demonstrated to be effective and 
can assist clinicians in predicting LNM status of PTC to a 
certain extent.

Decision visualization

Heatmaps can help ascertain whether the neural network 
is looking at appropriate parts of the image or if the neural 
network is cheating. In this study, gradient-weighted class 
activation mapping was adopted for this purpose; it uses 
the class-specific gradient information flowing into the 
final convolutional layer of a CNN to produce a coarse 
localization map of the important regions in the image. The 
heatmap of our triple-modality model is shown in Figures 8,9;  
the left part is an image sample from a patient with LNM, 
and the right part is an image sample from a patient without 
LNM. A high temperature in a heatmap indicates a higher 
attention region for the deep learning model. These 
figures clearly depict how the neural network model makes 
decisions on a B-mode image and a CEUS image. 

Discussion

LNM is often observed in early-stage thyroid malignancies, 
and there is an approximate 50% incidence of LNM among 
patients with PTC (17). The 2015 American Thyroid 
Association Management guidelines strongly recommended 
that cervical lymph node sonography be performed in all 
patients with suspected thyroid nodules (18). However, 
in the present study, the sensitivity of ultrasound for 
diagnosing LNM was found to be insufficient (38.6%), 
which is in line with previous reports (19,20). The 
utility of ultrasonography is limited for LNM, especially 
in the central region. This may be due to ultrasound 
unsatisfactorily depicting the complex structure in the 
central neck compartment and imperceptible minimal 
metastasis, which may cause recurrence or resistance.

Deep learning algorithms have recently exhibited 
remarkable performance in the medical field, such as in 
disease diagnosis and early prognosis or in the design 
of a patient’s individualized treatment plan. Computer-
aided diagnosis systems on computed tomography images 
may help clinicians predict LNM status in patients with 
thyroid malignancies. Instead of detecting lymph nodes 
automatically, users of these systems have to identify lymph 
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Figure 5 The ROC curves of different backbone networks for 
CEUS modality. ROC, receiver operating characteristic; Resnet50, 
residual network 50; CEUS, contrast-enhance ultrasound; AUC, 
area under the curve; VGG, visual geometry group.
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Table 3 Performance of different modes for predicting LNM in the test set

Method Sensitivity, % (P value) Specificity, % (P value) Accuracy, % (P value) AUC (95% CI)

US-LNM 38.60 (0.001) 90.00 (0.001) 63.60 (0.001) 0.643 (0.581, 0.705)

B-mode 70.00 (0.010) 73.00 (0.007) 69.00 (0.004) 0.720 (0.680, 0.760)

CEUS 72.00 (0.010) 74.00 (0.010) 71.00 (0.010) 0.730 (0.679, 0.781)

Dual-modality 74.19 (0.003) 77.42 (0.001) 75.81 (0.011) 0.742 (0.681, 0.803)

Triple-modality 80.65 (0.001) 82.26 (0.001) 80.65 (0.001) 0.831 (0.812, 0.850)

LNM, cervical lymph node metastasis; AUC, area under the curve; 95% CI, 95% confidence interval; US-LNM, ultrasound examination of 
cervical lymph node metastasis; CEUS, contrast-enhanced ultrasound.
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Figure 6 The convergence curves during our triple-modality 
model training. The triple-modality model training convergence 
is shown. It can be seen from the trend discovered by the accuracy 
and loss curves that the validation set reached a stable convergence 
after about 100 epochs. train, training; val, validation; acc, accuracy.

Figure 7 The ROC curves of our proposed multimodality model. 
The ROC curves with the corresponding AUC for different CNN 
models in patients with PTC are shown. The dual-modality model 
(B-mode + CEUS) yielded an AUC of 0.742, while the triple-
modality model (US-LNM + B-mode + CEUS) yielded an AUC 
of 0.831. ROC, receiver operating characteristic; AUC, area under 
the curve; CNN, convolutional neural network; PTC, papillary 
thyroid carcinoma; CEUS, contrast-enhanced ultrasound; US-
LNM, ultrasound examination of cervical lymph node metastasis.

nodes and input the images into the artificial intelligence 
(AI) system, which restrains its clinical application (21). 
Multiple studies have reported that deep learning is good 
at predicting LNM based on ultrasonography of primary 
tumors, especially in breast cancer (13,22). However, 
modern deep neural network architectures cannot be 
applied directly to the PTC metastasis prediction due to 
several limitations. First, a massive amount of data (typically 
tens of thousands data points) is required for training a deep 
neural network (CNN or Transformer) in a natural image 
recognition task. Although transfer learning is a useful 
strategy to bypassing the data-lack problem, the structures 
of the PTC ultrasound image dataset and the natural image 
dataset are essentially different. Second, most of the existing 
cancer recognition methods only focus on one type of image 

data, and all the other types of image data and expert prior 
knowledge are completely ignored. These methods are not 
consistent with the clinical diagnostic process, and a lack of 
data may yield low diagnostic accuracy and reliability.

In order to overcome these challenges, we developed a 
multimodality CNN-based model to predict LNM in PTC. 
It is reasonable to conclude that features from different 
modalities of can provide complementary information 
for clinical diagnosis. Intrigued by this observation, 
researchers have paid greater attention to multimodality 
learning in the domain of computer vision-aided medical 
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image analysis (23-25). By leveraging three modalities, 
such as B-mode image, the CEUS image, and US-LNM, 
complementary features can be learned to depict a patient 
from different views. The experimental findings of our 
study showed that our multimodality deep learning model 
had good performance in predicting LNM of PTC, with a 
sensitivity of 80.65%, a specificity of 82.26%, an accuracy 
of 80.65%, and an AUC of 0.831. Based on the above 
results, we consider that this model may be further used for 
the preliminary prediction of LNM in patients with PTC. 
B-mode images show the texture and shape features of 
thyroid cancer, while ultrasound contrast of microbubbles 
visualized the microvascular perfusion of malignant lesions. 
Our study showed that compared with using a single 
modality image to extract features and classifiers, using the 
combination of image features from three modalities and 
classifying the indicators provides a superior prediction 
performance. To the best of our knowledge, this is one of 
the first studies to leverage multimodality ultrasonic features 

including CEUS in predicting lymph node status in patients 
with PTC. Despite the promising performance achieved in 
previous work, fusing multiple visual and nonvisual features 
together still remains challenging (26). In combining the 
thyroid lymph node abnormality information together 
with the visual features, the two image feature learning 
branches can learn much more representative features 
in our proposed multimodality model. More specifically, 
the B-mode and CEUS ultrasound branches can provide 
complementary descriptions of a patient.

The black-box nature of deep learning limits human 
understanding of AI decision-making. To further illustrate 
the CNN model mechanism in a clinical setting, heatmaps 
were created by visualizing attention (Figure 8). This can 
help human experts understand the areas of particular 
interest in the different modal images when our model 
is working and thus gain more diagnostic experience. 
Based on the highlighted region in heatmaps of thyroid 
nodules, human experts can better reconsider the status of 

PTC with LNM PTC without LNM

A B

Figure 8 Heatmaps of the correct decision results created with gradient-weighted class activation mapping. Heatmaps of B-mode images 
(upper row) and CEUS images (lower row) for the correct prediction of sample with lymph node metastasis samples (A) and without 
lymph node (B). The heatmaps localize the class-discriminative regions, and the highlighted red and yellow regions indicate the greatest 
significance when making predictions. PTC, papillary thyroid carcinoma; LNM, lymph node metastasis; CEUS, contrast-enhanced 
ultrasound. 
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LNM, which may help in efficient decision-making. For 
example, the deep learning system seems to focus on the 
area surrounding the nodules rather than on the inside 
of the nodule. This indicates that the peripheral thyroid 
parenchyma may contain abundant information about 
LNM, which is consistent with a previous study (27). The 
heatmaps also reveal some of the model flaws. In Figure 9, 
we can see the heat maps of 2 incorrect prediction cases in 
which the attention regions for these samples are confused 
with the surrounding areas of the focus region, especially in 
B-mode imaging. 

Despite the effectiveness of our proposed method in 
PTC prediction, there are several limitations that should 
be further considered in future studies. First, our research 
was developed based on just a single type of ultrasonic 
equipment. Moreover, the generalization performance 
of the CNN model should be verified by extending the 
test set. Second, our model requires all 3 modalities, and 
it is not suitable for an incomplete-data scenario (e.g., 
missing LNM status information), which could occur in 

real-world practice. Third, for the CEUS branch in our 
model, we only considered 1 static CEUS image for model 
training while completely ignoring the interframe video 
information. It makes more sense to use CEUS dynamic 
information, as this is more in line with the human expert-
specific working pattern. Recent studies have reported that 
three-dimensional (3D) CNNs and hierarchical temporal 
attention networks are highly valuable in breast and 
thyroid cancer diagnosis based on CEUS videos (28,29). 
The application of AI predictive systems in medicine has 
limitations, as people may question the decisions made by 
these systems and have concerns regarding privacy breaches 
resulting from the collection of large amounts of data. 
However, the increased risk of recurrent laryngeal nerve 
injury and hypoparathyroidism with prophylactic central 
cervical lymph dissection deserves attention. Therefore, it is 
crucial to emphasize the interpretation of the AI system to 
ensure protection. Using our own models also enables us to 
protect the privacy and consent of study participants. This 
approach allowed us to further explore the mechanisms of 

PTC with LNM PTC without LNM

A B

Figure 9 Heatmap of incorrectly predicted samples. Heatmaps of B-mode images (upper row) and CEUS images (lower row) for incorrect 
prediction of samples with lymph node metastasis (A) and without lymph node metastasis (B). The heatmaps localize the class-discriminative 
regions, and the highlighted red and yellow regions indicate the greatest significance when making predictions. PTC, papillary thyroid 
carcinoma; LNM, lymph node metastasis; CEUS, contrast-enhanced ultrasound.
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LNM by ensuring that the input was medically meaningful. 
In future work, our work will focus on designing a 
multimodality model that includes both image and video 
inputs, with the domain knowledge also be taken into 
account. Furthermore, our study found no significant 
correlation between elastography or CDFI imaging and 
LNM, which is inconsistent with other reports (30,31). This 
may be due to the limitation of the training sample size, 
and our conclusions require further testing. Furthermore, 
we did not extensively analyze the characteristics of LNM, 
including the number, location, and size of suspicious lymph 
nodes. Previous research has demonstrated that there is a 
positive correlation between the LNM risk score and the 
number of LNMs in patients with PTC (5). Additionally, 
we did not incorporate biopsy molecular markers to assist 
in predicting LNM involvement before surgery, as not all 
patients underwent preoperative biopsy. In future studies, 
we plan to incorporate these factors into our model, which 
could potentially enhance the predictive performance of the 
model.

Conclusions

We developed an automatic prediction model for LNM 
based on Resnet50. The model combined with cervical 
ultrasonography, B-mode, and CEUS demonstrated good 
predictive potential of LNM status in independent test data. 
A heatmap was created to clarify the regions of interest 
of the model during the deep learning system diagnosis. 
This deep learning model mimics the workflow of a human 
expert and leverages multimodal data from patients with 
PTC, which can further support clinical decision-making.
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