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Abstract

Purpose To develop a deep learning—based computer-aided diagnosis (CAD) system for use in the CT diagnosis of cervical

lymph node metastasis (LNM) in patients with thyroid cancer.

Methods A total of 995 axial CT images that included benign (n = 647) and malignant (n = 348) lymph nodes were collected

from 202 patients with thyroid cancer who underwent CT for surgical planning between July 2017 and January 2018. The

datasets were randomly split into training (79.0%), validation (10.5%), and test (10.5%) datasets. Eight deep convolutional neural

network (CNN) models were used to classify the images into metastatic or benign lymph nodes. Pretrained networks were used

on the ImageNet and the best-performing algorithm was selected. Class-specific discriminative regions were visualized with

attention heatmap using a global average pooling method.

Results The area under the ROC curve (AUROC) for the tested algorithms ranged from 0.909 to 0.953. The sensitivity,

specificity, and accuracy of the best-performing algorithm were all 90.4%, respectively. Attention heatmap highlighted important

subregions for further clinical review.

Conclusion A deep learning—based CAD system could accurately classify cervical LNM in patients with thyroid cancer on

preoperative CT with an AUROC of 0.953. Whether this approach has clinical utility will require evaluation in a clinical setting.

Key Points

* A deep learning—based CAD system could accurately classify cervical lymph node metastasis. The AUROC for the eight tested

algorithms ranged from 0.909 to 0.953.

* Of the eight models, the ResNet50 algorithm was the best-performing model for the validation dataset with 0.953 AUROC. The

sensitivity, specificity, and accuracy of the ResNet50 model were all 90.4%, respectively, in the test dataset.

* Based on its high accuracy of 90.4%, we consider that this model may be useful in a clinical setting to detect LNM on
preoperative CT in patients with thyroid cancer.
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Introduction

The incidence of thyroid cancer has increased substantially
over recent decades [1]. Because of this, accurate preoperative
staging has become a major issue for surgical planning [2, 3].
Although differentiated thyroid cancers have a good prognosis
and low mortality rate, cervical lymph node metastasis (LNM)
has been reported in up to 60-70% of patients and is consid-
ered an important risk factor for locoregional recurrence
[4-8]. Therefore, current guidelines recommend preoperative
computed tomography (CT) [9] in addition to ultrasonography
(US) for patients with a clinical suspicion of multiple or bulky
lymph node involvement [3, 8, 10].

However, previous studies have reported inconsistent re-
sults of CT, with a variable sensitivity of 35.0-77.0% and
specificity of 70.0-96.0% for the diagnosis of cervical LNM
in patients with thyroid cancer [11, 12]. Therefore, confusion
still exists with respect to determining the surgical extent
when prominent cervical lymph nodes are encountered on
CT. Although prophylactic lateral neck dissection may in-
crease the chance of removing such tumors, it increases the
risk of surgical complications and decreases the quality of life
after surgery [3, 10]. Therefore, the extent of lymph node
dissection required should be more accurately determined be-
fore the initial surgery.

Deep learning techniques have recently been introduced in
medical imaging for accurate and consistent interpretation of
imaging features [13—15]. In thyroid imaging, a few studies
have reported promising results of computer-aided diagnosis
(CAD) systems for characterizing thyroid nodules on US
[16-18]. A recent study by Lee et al. reported the possibility
of using a deep learning—based CAD system for the classifi-
cation of metastatic lymph nodes on US [19]. However, to our
knowledge, no deep learning model for the classification of
cervical LNM on CT images has been developed for patients
with thyroid cancers. Therefore, this study aimed to develop a
deep learning—based model to differentiate benign from met-
astatic lymph nodes based on preoperative CT images, and to
validate the diagnostic performance of this system.

Materials and methods
Patients and datasets

The protocol of this retrospective study was approved by the
Ethics Committee of the Institutional Review Board at the
Ajou University Medical Center. A total of 995 axial CT im-
ages (including 647 benign and 348 metastatic lymph nodes)
were retrieved from 202 patients with thyroid cancer who
underwent CT for surgical planning between July 2017 and
January 2018. All lymph node characterizations were con-
firmed by fine-needle aspiration and/or surgery. The 995 axial

contrast-enhanced CT images were randomly split into train-
ing (543 benign and 244 metastatic lymph nodes), validation
(52 benign and 52 metastatic lymph nodes), and test (52 be-
nign and 52 metastatic lymph nodes) datasets.

All CT images were obtained using 64- to 128-channel
multidetector CT scanners (SOMATOM Definition Flash,
Siemens Medical Solutions; Brilliance, Philips Medical
Systems). Contrast-enhanced CT scanning was performed
40 s after initiation of an intravenous injection of a 90 mL bolus
of iodinated nonionic contrast material (300-350 mgl/mL)
into the right arm, with a subsequent injection of 20-30 mL
normal saline for flushing at 3 mL/s using an automated
injector. Finally, CT images were obtained with 0.5-0.6 mm
collimation, and were reconstructed into axial images every
2.0 mm on a 512 x 512 matrix using iterative reconstruction
algorithms available with each vendor’s CT scanner.

Image preprocessing, training details,
and performance evaluation

A radiologist used the CT images to manually identify lesions
on the cervical lymph node, and then drew a rectangular mask
around them. To avoid erroneous learning of noises such as
bones and blood vessels, only the masked regions were used
as input data for deep convolutional neural network (CNN)
models. Since the training data had a larger number of benign
lymph nodes than metastatic lymph nodes, metastatic lymph
nodes in the training data were reoriented in order to create
pseudo-new data [9], and images were then input into the deep
CNN model.

Eight deep learning algorithms were used to select the most
suitable model to differentiate benign from metastatic lymph
nodes based on preoperative CT images. The CNN models,
such as VGG16, VGG19, Xception, InceptionV3,
InceptionResNetV2, DenseNetl21, DenseNetl169, and
ResNet, were used as a backbone model pretrained on the
ImageNet database [20-26]. In this study, generated activation
maps by CAM on test dataset were applied to evaluate the
region of interest for further clinical review. A simple
workflow scheme for this process is shown in Fig. 1. A more
technical and detailed description of our method is shown in
the online supplementary.

The eight deep learning algorithms were trained in the same
training sample. All training sessions were carried out using deep
learning package Keras (http:/keras.io/) with the tensorflow
machine learning back end [27]. The batch size was set to 30
and the learning rate to 0.005, decreasing by a factor of 10 when
no further decrease was observed in the validation dataset. We
have selected the models with the best accuracy in the validation
set for each algorithm. The performances of the eight algorithms
were measured by the area under the receiver operating
characteristic curve (AUROC) of the validation data set, and
the sensitivity, specificity, positive predictive value (PPV), and
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Fig. 1 Workflow scheme of the data-learning process for computed tomography [9] lymph node images. Flow diagrams show the process from data
acquisition to lymph node metastasis prediction and generation of an attention heatmap

negative predictive value (NPV), and accuracy of the test dataset.
The receiver operating characteristic curve figure and outcome
analyses were performed using the pROC package of R statistical
software (https://cran.r-project.org/web/packages/pROC).

Results
Diagnostic performance

Table 1 and Fig. 2 show the results of the eight tested algo-
rithms. The AUROC for the tested algorithms ranged from
0.909 to 0.953. Of the eight models, the ResNet50 and
InceptionV3 algorithms were the best-performing models for
the validation dataset with 0.953 and 0.952 AUROC, respec-
tively (Table 1). A threshold value of 0.869 and 0.899 for the
highest sensitivity and specificity pair was determined by
obtaining Youden’s J statistic. Based on this threshold, the
sensitivity, specificity, and accuracy of the model were mea-
sured for the diagnosis of metastatic lymph nodes on CT im-
ages in the test data set. The sensitivity, specificity, and accu-
racy of the ResNet50 model were all 90.4%, respectively, in
the test dataset. The sensitivity, specificity, and accuracy of the
InceptionV3 model were 88.5% 90.4%, and 89.4%,

respectively. The PPV and NPV were 90.4% and 90.4%, re-
spectively, in ResNet50 model and 90.4% and 89.4%, respec-
tively, in InceptionV3 model. The performance of the test set
for all models was not significantly correlated with the param-
eters and depth (p > 0.05).

Attention heatmap and lesion detection

The attention heatmap of the benign and metastatic lymph
nodes was generated by CAM and then superimposed on the
original CT image so that the location of the actual lymph
node and the region highlighted by the model could be com-
pared. As shown in Fig. 3, the attention heatmap highlighted
important subregions for further clinical review. This showed
that the abnormal characteristics of a malignancy had been
learned by the CNN and used as the basis for its classification
of LNM.

Discussion

The findings of our study show that a deep learning—based
CAD system could accurately classify cervical lymph node
metastasis with 0.953 AUROC in the validation set. Based

Table 1  Diagnostic performance of the deep learning algorithms for metastatic lymph nodes on CT images in the validation and test datasets
Algorithm Validation Test Parameters Depth
AUROC Accuracy Sensitivity Specificity PPV NPV

ResNet50 0.953 0.904 0.904 0.904 0.904 0.904 25,636,712 168
InceptionV3 0.952 0.894 0.885 0.904 0.902 0.887 23,851,784 159
DenseNet121 0.943 0.837 0.692 0.981 0.973 0.761 8,062,504 121
Xception 0.942 0.894 0.865 0.923 0918 0.872 22,910,480 126
InceptionResNetV2 0.936 0.817 0.692 0.942 0.923 0.754 55,873,736 572
DenseNet169 0.920 0.894 0.808 0.981 0.977 0.836 14,307,880 169
VGG19 0918 0.894 0.846 0.942 0.936 0.859 143,667,240 26
VGG16 0.909 0.846 0.865 0.827 0.833 0.860 138,357,544 23

AUROC area under the receiver operating characteristic curve, PPV positive predictive value, NPV negative predictive value
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on its high accuracy of 90.4%, we consider that this model
may be useful in a clinical setting to detect LNM on preoper-
ative CT in patients with thyroid cancer.

Neck US is primarily recommended for the evaluation of
primary mass and cervical LNM in patients with thyroid can-
cer [3, 10]. However, although US is highly accurate in the
diagnosis of thyroid cancer, it has not shown sufficient accu-
racy for the diagnosis of LNM in previous studies [12, 28-30].
Therefore, preoperative CT is recommended in cases where
there is clinical suspicion of advanced thyroid cancer, as an
adjunct to US [3, 8, 10]. Some surgeons also prefer CT as it
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Fig. 3 Attention heatmap drawn by class activation mapping. The red
color shows where the model is focused to differentiate benign from
metastatic lymph nodes. The red color focuses on the central hilar
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can deliver detailed anatomic information regarding nodal lo-
cation in relation to anatomic landmarks for surgery, as well as
providing the advantages of objectivity and unlimited cover-
age irrespective of location [3, 29]. However, although CTis a
standardized and objective imaging technique that is less
operator-dependent than other modalities, a recent systematic
review and meta-analysis demonstrated that CT achieved a
summary sensitivity of 62% (95% confidence interval (CI),
52-70%) and specificity of 87% (95% CI, 80-92%) in pa-
tients with thyroid cancers [11]. Several studies also reported
variable sensitivity (35.0-77.0%) using CT, depending on the
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presence or absence of radiologic experts and their level of
experience; this may cause the surgical extent to be inappro-
priately wide or narrow for lateral lymph node dissection
[31-33]. While undertreatment of metastatic neck nodes dur-
ing primary surgery due to under diagnosis will cause local
recurrence, overtreatment with prophylactic lateral compart-
ment dissection will increase surgical morbidity [3, 10].

Deep learning is a branch of artificial intelligence in which
computers are not explicitly programmed, but instead perform
tasks by analyzing relationships between existing data points
[15]. Deep learning technology is considered state of the art
for the classification of images, and is expected to play a role
in assisting clinical decision-making with respect to diagnosis
and risk stratification [34, 35]. In this study, a deep learning—
based CAD system was implemented to classify cervical
LNM in patients with thyroid cancer on CT images. When
the diagnostic performance of the CAD system was compared
with those in the recent meta-analysis [11], the CAD system in
the present study achieved a higher sensitivity (90.4% vs.
62.0%) and specificity (90.4% vs. 87.0%). When compared
with a multicenter study performed by experienced radiolo-
gists [12], the CAD system also showed a higher sensitivity
(90.4% vs. 81.8%) and similar specificity (90.4% vs. 90.4%).
Therefore, we consider that the CAD system in the present
study may be useful in a clinical setting for detecting LNM
before surgery. This deep learning—based CAD system may
provide some advantages over the human eye for the evalua-
tion of cervical LNM. First, it could provide accurate and
consistent results for the same input image, which in turn
could potentially eliminate the obstacle of inter-observer var-
iability [36]. Second, interpretability is increased through the
attention heatmap generated by CAM. It is generally difficult
to explain the internal relationship between input data and the
label predicted by the model. However, using the attention
heatmap, we can infer which part of the input image is focused
on by the model. Third, the CAD system has scalability. The
performance of the CAD system could be upgraded to incor-
porate reports on incorrect results.

Classification of cervical lymph nodes according to the risk of
nodal metastasis requires a certain level of experience and knowl-
edge of CT images. Compared with cervical LNM in head and
neck squamous cell carcinoma, metastatic lymph nodes in thy-
roid cancer have markedly more characteristic CT features, in-
cluding strong enhancement (focal or diffuse), heterogeneous
enhancement, calcification (micro/macro), or cystic change
[10]. Benign lymph nodes are also characterized by central hilar
fat and central hilar vessel enhancement [10]. Therefore, we con-
sider that the high accuracy of our CAD system for the diagnosis
of cervical LNM may be explained by these characteristic CT
features in thyroid cancer. The attention heatmap of the benign
and metastatic lymph nodes represented evidence of CNN
model-based classification, and could assist in clinical decision-
making by directly identifying the region of interest.

@ Springer

This study had some limitations. First, the model was de-
veloped for classifying lateral LNM. Therefore, diagnostic
performance for classifying central LNM could not be evalu-
ated. However, information on lateral LNM is in practice crit-
ical for surgical decision-making. Second, this model was not
developed to localize the cervical lymph node. Users need to
identify lymph nodes on CT and input the images into the
CAD system. Third, this study was based on a single center;
an external validation study is needed to validate its diagnostic
performance and generalizability. Prospective and
multiinstitutional datasets are also needed in future studies.
Translating technical success to meaningful clinical impact
is the next major challenge. Thorough evaluation and further
improvement is required to integrate this technique into rou-
tine clinical care in the future.

In conclusion, we developed a deep learning—based CAD
system for classifying cervical LNM on CT images in patients
with thyroid cancer. Whether this approach has clinical utility
will require evaluation in a clinical setting.
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