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Abstract: The accurate assessment of lymph node metastasis (LNM) in patients with early gastric cancer is critical
to the selection of the most appropriate surgical treatment. This study aims to develop an optimal LNM prediction
model using different methods, including nomogram, Decision Tree, Naive Bayes, and deep learning methods. In
this study, we included two independent datasets: the gastrectomy set (n=3158) and the endoscopic submucosal
dissection (ESD) set (n=323). The nomogram, Decision Tree, Naive Bayes, and fully convolutional neural networks
(FCNN) models were established based on logistic regression analysis of the development set. The predictive pow-
er of the LNM prediction models was revealed by time-dependent receiver operating characteristic (ROC) curves
and calibration plots. We then used the ESD set as an external cohort to evaluate the models’ performance. In
the gastrectomy set, multivariate analysis showed that gender (P=0.008), year when diagnosed (2006-2010 year,
P=0.265; 2011-2015 year, P=0.001; and 2016-2020 year, P<0.001, respectively), tumor size (2-4 cm, P=0.001;
and >4 cm, P<0.001, respectively), tumor grade (poorly-moderately, P=0.016; moderately, P<0.001; well-moder-
ately, P<0.001; and well, P<0.001, respectively), vascular invasion (P<0.001), and pT stage (P<0.001) were inde-
pendent risk factors for LNM in early gastric cancer. The area under the curve (AUC) for the validation set using the
nomogram, Decision Tree, Naive Bayes, and FCNN models were 0.78, 0.76, 0.77, and 0.79, respectively. In conclu-
sion, our multi-cohort study systematically investigated different LNM prediction methods for patients with early
gastric cancer. These models were validated and shown to be reliable with AUC>0.76 for all. Specifically, the FCNN
model showed the most accurate prediction of LNM risks in early gastric cancer patients with AUC=0.79. Based on
the FCNN model, patients with LNM rates of >4.77% are strong candidates for gastrectomy rather than ESD surgery.
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Introduction cancer treatment guidelines [2, 3]. For patients

with possible LNM, gastrectomy with D2 lymph-

Early gastric cancer is defined as gastric cancer
that is confined to the mucosa and submu-
cosa of the stomach, regardless of lymph node
metastasis (LNM) [1]. For patients without
LNM, endoscopic mucosal resection (EMR) and
endoscopic submucosal dissection (ESD) with
minimally invasive operation are most often
recommended according to Japanese gastric

adenectomy is most common [2]. Thus, accu-
rately predicting LNM in early gastric cancer
patients is critical to treatment decisions where
ESD surgeries will better preserve gastric func-
tion and minimize complications.

Increasing efforts have been made to improve
imaging technologies and establish models for
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Figure 1. Flow diagram of the patient
selection process in this study.

Included patients (n=3158)

predicting the lymph nodal status of patients
with early gastric cancer [4], although the diag-
nostic accuracy of endoscopic ultrasonography
(EUS) and enhanced computed tomography
(CT) for LNM prediction has remained unsatis-
factory. Previous studies on LNM prediction
models were limited to small sample size from
a single or small number of hospitals [5-9].
Chen et al [10] have presented a prediction
model based on collagen architecture and mor-
phology to estimate the risk of LNM in patients
with early gastric cancer. However, wider use is
difficult given that extra equipment and addi-
tional training are needed for multiphoton
imaging. In recent years, deep learning, in par-
ticular, fully convolutional neural networks (FC-
NN) [11-13], has emerged as a promising meth-
od for medical diagnosis, which may provide
new insights into LNM prediction for patients
with early gastric cancer.

Given the above considerations, we conducted
the present study using five gastric cancer
cohorts from the National Cancer Center of
China, Xijing Hospital of Digestive Diseases,
The First Hospital of Lanzhou University, The
Second Hospital of Lanzhou University, and
Gansu Cancer Hospital, to develop LNM predic-
tion methods for patients with early gastric can-
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cer. The prediction models should directly help
surgeons to choose optimal and individualized
treatment for patients and provide evidence for
the development of guiding strategies for early
gastric cancer.

Methods
Study population and data source

In this study, we used two independent datas-
ets of gastrectomy and ESD. We searched the
gastrectomy set from five gastric cancer co-
horts of the National Cancer Center of China,
Xijing Hospital of Digestive Diseases, The First
Hospital of Lanzhou University, The Second
Hospital of Lanzhou University, and Gansu
Cancer Hospital for early gastric cancer. The
five cohorts consist of >40,000 gastric cancer
patients (Figure 1). Inclusion criteria of gastric
cancer patients were: (1) more than 18 years
old, (2) in pT1 stage, (3) gastrectomy recipients,
(4) without neoadjuvant therapy; and (5) diag-
nosed in 2000-2020. In addition, patients with
missing data were excluded. Finally, a total of
3,158 patients with early gastric cancer were
included regardless of lymph node status. We
also included an additional 323 patients as an
external cohort who received ESD surgery from
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the National Cancer Center of China between
January 1, 2011 and December 31, 2019.

Development of the LNM prediction model

Four LNM prediction models ranging from tradi-
tional statistical algorithms to state-of-the-art
deep learning models were developed in this
study: nomogram, Decision Tree, Naive Bayes,
and FCNN. In order to develop and verify the
LNM prediction models, patients in the gastrec-
tomy set were randomly divided into the devel-
opment (n=2,215) and validation (n=943) sets
at a 7:3 ratio. In the development set, indepen-
dent risk factors with a P<0.10 in the univariate
analysis were adopted for the multivariate anal-
ysis by logistic regression analysis. The hazard
ratio (HR) and 95% confidence interval (Cl) were
used to measure LNM risks.

Based on the development set, six indepen-
dent risk variables were identified on multivari-
ate logistic regression analysis: gender, year
when diagnosed, tumor size, grade, vascular
invasion and pT stage. These six features plus
age at diagnosis, another clinically meaningful
variable, were used to formulate the logistic
regression-based nomogram and Decision Tree
models. Naive Bayes was assessed by all base-
line model variables, including gender, age at
diagnosis, tumor location, tumor size, tumor
grade, ulcer, signet ring cell, nerve invasion,
vascular invasion, and pT stage.

Compared to Naive Bayes, a traditional ma-
chine-learning method, FCNN can automatical-
ly learn representations of data with increasing
levels of abstraction via multiple convolutional
and fully-connected layers [14]. In fitting the
FCNN model, we used a four-layer neural net-
work with 10 variables in the input layer and
one node in the output layer. Activation func-
tions used were RelLU between layers and sig-
moid for the final output.

Performance evaluation of the LNM prediction
models

The predictive power of the LNM models was
assessed by time-dependent receiver operat-
ing characteristic (ROC) curves and the calibra-
tion plot and then verified in the validation
set. The predictive accuracy of the model was
shown using ROC curves, which plot sensitivity
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versus 1-specificity for different threshold pr-
obabilities of LNM. The model’s accuracy was
quantified using the area under the curve (AUC)
for validation. Larger AUCs indicate more accu-
rate LNM prediction.

We further compared actual LNM rates with
predicted LNM rates from our developed LNM
models using the validation set to evaluate the
models’ performance. In addition, we used the
ESD set as an external cohort to predict LNM
rates based on the nomogram, Decision Tree,
Naive Bayes, and FCNN models.

Statistical analysis

All statistical analyses were done using Python
(version 3.6.5) and R (version 4.1.0). Com-
parisons between two groups were examined
using the t test for continuous variables and
chi-square test for categorical variables. A
P-value of less than 0.05 was considered sta-
tistically significant and all the tests were
two-sided.

Results

Baseline characteristics

Table 1 shows the clinicopathological charac-
teristics of the early gastric cancer patients in
the development, validation, and ESD set. The
mean age of patients in the development and
validation sets was 57.11+11.121 years and
56.57+10.856 years (P=0.554) respectively,
and 61.05+9.374 years for the ESD set. The
development and validation sets showed no
statistical difference in age at diagnosis, gen-
der, tumor location, tumor size, tumor grade,
ulcer, signet ring cell, nerve invasion, vascular
invasion, pT stage, or pN stage (P>0.05 for all).
The actual LNM ratios of the development and
validation sets were 16.8% and 16.5%, res-
pectively.

Compared to the gastrectomy set, a smaller
percentage of patients in the ESD set showed
poor grade (n=20, 7.19%), ulcer (n=9, 2.79%),
signet ring cell (n=37, 11.46%), vascular inva-
sion (n=17, 5.26%), and nerve invasion (n=6,
1.86%). In addition, a significantly higher pro-
portion of ESD patients had <2 cm tumor
size (n=185, 57.28%) and pTla stage (n=235,
72.76%).
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Table 1. Characteristics of patients with early gastric cancer

Gastrectomy Set

Characteristics Development set (n=2215) Validation set (n=943) P value ESD set (n=323)
Number % Number % Number %

Age at diagnosis (years)

Mean (SD) 5711 11.121 56.57 10.856 0.554 61.05 9.374

Younger (£35) 89 4.0 30 3.2 0.293 2 0.62

Middle-aged (36-65) 1597 72.6 700 75.0 220 68.11

Older (>66) 514 23.4 203 21.8 101 31.27
Gender

Male 1579 71.3 657 69.7 0.361 238 73.68

Female 636 28.7 286 30.3 85 26.32
Year at diagnosis

2000-2005 253 11.4 99 10.5 0.013 0 0.00

2006-2010 358 16.2 161 171 0 0.00

2011-2015 1001 45.2 378 40.1 146 45.20

2016-2020 603 27.2 305 32.3 177 54.80
Tumor location

Proximal 171 18.1 437 19.7 0.571 126 39.01

Distal 659 69.9 1523 68.8 177 54.80

Total 113 12.0 255 11.5 20 6.19
Tumor size

<2cm 432 47.8 971 45.4 0.165 185 57.28

2-4 cm 310 34.3 724 33.8 92 28.48

>4 cm 161 17.8 444 20.8 46 14.24
Grade

Poorly 732 35.6 309 35.8 0.996 20 7.19

Poorly-moderately 495 24.1 207 24.0 66 23.74

Moderately 439 21.4 181 20.9 123 44.24

Well-moderately 179 8.7 79 9.1 19 6.83

Well 211 10.3 88 10.2 50 17.99
Ulcer

Yes 482 21.8 208 22.1 0.854 9 2.79

No 1733 78.2 735 779 314 97.21
Signet ring cell

Yes 648 29.3 261 27.7 0.370 37 11.46

No 1567 70.7 682 72.3 286 88.54
Nerve invasion

Yes 182 8.2 65 6.9 0.205 6 1.86

No 2033 91.8 878 93.1 317 98.14
Vascular invasion

Yes 302 13.6 123 13.0 0.656 17 5.26

No 1913 86.4 820 87.0 306 94.74
pT stage

Tla 1032 46.4 454 48.1 0.424 235 72.76

T1b 1183 53.4 489 51.9 88 27.24
pN stage

NO 1843 83.2 787 83.5 0.803 - -

N1 231 10.4 100 10.6 - -

N2 94 4.2 41 4.3 - -

N3 47 2.1 15 1.6 - -
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Table 2. Multivariate analysis of LNM in patients with early gastric

cancer
Gastrectomy Set
Characteristics Univariate analysis Multivariate analysis
P Value OR 95% Cl P Value

Gender

Male 1.00

Female <0.001 1.35 1.08 1.69 0.008
Age at diagnosis

Younger (£35)

Middle-aged (36-65) 0.544

Older (=66) 0.780
Year at diagnosis

2000-2005 1.00

2006-2010 0.165 0.81 0.55 1.18 0.265
2011-2015 0.068 0.56 0.40 0.78 0.001
2016-2020 0.001 0.45 0.31 0.64 <0.001
Tumor location

Proximal 1.00

Distal <0.001 1.28 0.95 1.74 0.113
Total 0.247 1.09 0.71 1.68 0.688
Tumor size

<2cm 1.00

2-4cm <0.001 1.51 1.19 1.92 0.001
>4 cm <0.001 1.97 151 2.56 <0.001
Grade

Poorly 1.00

Poorly-moderately 0.183 0.72 0.54 0.94 0.016
Moderately <0.001 0.48 0.35 0.66 <0.001
Well-moderately <0.001 0.17 0.09 0.31 <0.001
Well <0.001 0.28 0.16 0.47 <0.001
Ulcer

No

Yes 0.116
Signet ring cell

No 1.00

Yes <0.001 0.92 0.71 1.20 0.555
Nerve invasion

No 1.00

Yes <0.001 0.77 053 1.11 0.170
Vascular invasion

No 1.00

Yes <0.001 436 3.35 5.67 <0.001
pT stage

T1a 1.00

T1b <0.001 1.97 157 2.48 <0.001

Adjusted factor: Gender, Year at diagnosis, Tumor location, Tumor size, Grade,
Signet ring cell, Nerve invasion, Vascular invasion and pT stage.
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Risk factors of LNM in univar-
iate and multivariate analys-
es

In the gastrectomy set, uni-
variate analysis suggested
that gender, year when diag-
nosed, tumor location, tumor
size, tumor grade, signet ring
cell, nerve invasion, vascular
invasion, and pT stage were
associated with LNM in early
gastric cancer patients (P<
0.05 for all, Table 2). After
adjusting the variables, mul-
tivariate analysis confirmed
that gender (OR=1.35, 95%
Cl: 1.08-1.69, P=0.008), year
when diagnosed (OR=0.81,
95% Cl: 0.55-1.18, P=0.265;
OR=0.56, 95% CI: 0.40-0.78,
P=0.001; OR=0.45, 95% CI:
0.31-0.64, P<0.001), tumor
size (OR=1.51, 95% CI: 1.19-
1.92, P=0.001; OR=1.97,
95% CI: 1.51-2.56, P<0.001),
tumor grade (OR=0.72, 95%
Cl: 0.54-0.94, P=0.016; OR=
0.48, 95% Cl: 0.35-0.66,
P<0.001; OR=0.17, 95% CI:
0.09-0.31, P<0.001; OR=
0.28, 95% CI: 0.16-0.47,
P<0.001), vascular invasion
(OR=4.36, 95% Cl: 3.35-5.67,
P<0.001), and pT stage (OR=
1.97, 95% CI: 1.57-2.48, P<
0.001) were independent risk
factors of LNM for patients
with early gastric cancer.

Using Nomogram to predict
LNM in patients with early
gastric cancer

To predict LNM in early gas-
tric cancer patients, a nomo-
gram was established by in-
corporating the following pa-
rameters: Gender, year when
diagnosed, tumor size, tumor
grade, vascular invasion, and
pT stage (Figure 2). The no-
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Figure 2. LNM nomogram for patients with early gastric cancer. The scores of each variable were combined to ob-
tain the total score, and then a vertical line was subtracted from the row of total-points to estimate the risk of LNM.

mogram for predicting LNM is as follows: the
sum of the total scores can be obtained by
adding each score of the clinicopathological
variable. The predictive risk corresponding to
the total score is the risk of LNM in early gastric
cancer patients.

To examine the nomogram model's perfor-
mance, ROC curves were constructed with AUC
values of 0.80 and 0.78 for the development
and validation sets (Figure 3A), which suggests
high accuracy of the nomogram in predicting
LNM. In addition, Figure 3B shows the calibra-
tion plot of the nomogram using the validation
set, which indicates high agreements between
the ideal curves and calibration curves.

Using the decision tree to predict LNM in pa-
tients with early gastric cancer

A Decision Tree model was developed using the
development set of patients with early gastric
cancer (Figure 4). We plugged the clinicopatho-
logical characteristics from the multivariate
analysis into the Decision Tree, and obtained
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the final model with five levels of depth and 19
decision nodes. We found that LNM risk was
likely affected by vascular invasion (node 1,
P<0.001), tumor grade (node 2, P=0.004; node
7, P<0.001), tumor size (node 3, P=0.007), pT
stage (node 8, P=0.002; node 13, P<0.001),
and gender (node 16, P=0.017) in turn.

As for the model’s performance, the AUC for
predicting LNM was 0.79 and 0.76 in the de-
velopment set and validation set, respectively
(Figure 5). Examples of LNM risk prediction
using the Decision Tree are shown in Table S1.

Using Naive Bayes and FCNN models to predict
LNM in patients with early gastric cancer

We further developed Naive Bayes and FCNN
models for LNM probability (Table S2). Figure
S1 shows the loss curve of the FCNN model for
predicting LNM in the validation set, indicating
a good fit ability. The AUC of the FCNN model for
predicting LNM risks was 0.79, which is higher
than the AUC value of 0.77 from the machine
learning method Naive Bayes (Figure 6).
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Figure 3. Validation of nomogram in predicting LNM for patients with early
gastric cancer. A. The ROC curve of the nomogram, with the AUC=0.80 in
the development set and 0.78 in the validation set. B. The calibration plot,
the reference line represents perfect agreement of the predicted probability

and the actual incidence of LNM.

Predicting LNM risks using the validation set

and an external cohort

Next, we used different models to predict LNM
risks for patients with early gastric cancer using
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the validation set and ESD set
(Table 3). In the nomogram
model, the mean and median
LNM risks of the validation set
were 16.16% and 13.37%,
respectively. From the Deci-
sion Tree, Naive Bayes, and
FCNN models, mean LNM ri-
sks of the validation set were
15.82%, 18.99%, and 15.96%,
respectively. The actual LNM
rate of the validation set was
16.5%, suggesting that the
nomogram, Decision Tree and
FCNN models exhibit high ac-
curacies in predicting LNM
risks for patients with early
gastric cancer.

In addition, the predicated
mean LNM risks of the ESD
set were 5.87%, 6.78%, 7.24%,
and 4.77% from the nomo-
gram, Decision Tree, Naive
Bayes, and FCNN models, re-
spectively. It is clear that the
ESD set showed significantly
lower LNM risks than the gas-
trectomy set.

Discussion

Our multi-cohort study syst-
ematically investigated how to
develop multiple models to
predict LNM in patients with
early gastric cancer, which al-
so demonstrated the indepen-
dent risk factors of LNM. To
the best of our knowledge, our
analysis represents the larg-
est study of different LNM pre-
diction models for early gastric
cancer in China to date. One
of the main findings from our
work is that the FCNN model
appeared the most accurate in
predicting LNM risks of gast-
ric cancer patients, with AUC=
0.79 in the validation set.

Notably, the LNM rate of early gastric cancer

was approximately 16% (pN stage N1-N3) in our
study, which is consistent with previous studies

that showed rates of 0-22% [15-17]. The rela-
tively low LNM rate in patients with early gastric

Am J Cancer Res 2023;13(1):204-215



Models to predict lymph node metastasis

Vascular invasion
p <0.001

Figure 4. The Decision Tree of LNM prediction
for patients with early gastric cancer.

{Poorly, Poorly-moderately}  {Moderately, Well-moderately, Well}

pTib  pTia
{Well-moderately,Well}

Tumor size
p = 0.005

{2-4cm, >=4cm} <=2cm

{2-4cm, >=4cm} <=2cm

Male Female

Node 4 (55.13%) Node 5 (31.71%) Node 6 (16.67%) Node 10 (29.14%) Node 11 (16.16%) Node 12 (14.71%) Node 15 (15.63%) Node 17 (2.94%) Node 18 (16.13%) Node 19 (2.36%)

1 1 1 1 1 1 1 1 1 1
0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6 0.6 06 0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2

0 0 0 0 0 0 0 0 0 0

preoperatively in order to se-
lect the most optimal treat-
ment strategies.

1.0

0.8

In the present study, we used
the following six independent
variables identified through
multivariate logistic regression
analysis: gender, year when
diagnosed, tumor size, tumor
grade, vascular invasion, and
pT stage. We also selected
age, a clinically significant va-
riable, to develop the nomo-
gram. The high AUC value and
— Development Set, AUC=0.79 calibration curve indicate a

’ = Voklefon Sy, ALC= 015 good discriminative ability and
P universal clinical applicability
of our nomogram. We then
compared the actual vs. Pre-
dicted LNM rate of the valida-
False positive rate tion set using the nomogram,
which are 15.89% and 16.16%
respectively. Based on our no-
mogram, the mean LNM rate
of the ESD set was 5.87%,

True positive rate

0.2
AY

T T T T T T
0.0 0.2 04 0.6 0.8 1.0

Figure 5. The ROC curve of the Decision Tree model, with the AUC=0.79 in
the development set and 0.76 in the validation set.

cancer underscores the importance of avoid- much lower than that in the gastrectomy group.
ing unnecessary gastrectomies. Therefore, it is Previous studies [18-21] showed that about
crucial to more accurately predict LNM risks 5-10% patients with early gastric cancer need-
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has proven its usefulness
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and effectiveness in clini-
cal practice and the treat-
ment decision-making pro-
cess [22-24]. In the present
study, we interpreted the
tree in Figure 4 as follows:
vascular invasion, tumor gra-
de, tumor size, pT stage, and
gender were of relative im-
portance to predicting LNM
risks in patients with early
gastric cancer. More impor-
tantly, we should first pay
attention to vascular inva-
sion following ESD surgery,
given the higher LNM rate of
the positive vascular inva-
sion group (nodes 4-6, all

T T T T
0.0 0.2 0.4 0.6

False positive rate

Figure 6. Comparison between the FCNN and Naive Bayes models using the
validation set. The AUC was 0.79 in the FCNN model and 0.77 in the Naive

Bayes model.

Table 3. The LNM risk for validation set and
ESD set using the four prediction models

Set/Risk Mean (%) Median (%)
Nomogram model
Validation set 15.89 13.37
ESD set 5.87 3.47
Decision Tree
Validation set 15.82 10.22
ESD set 6.78
Naive Bayes
Validation set 18.99 5.80
ESD set 7.24
FCNN model
Validation set 15.96 10.72
ESD set 4.77

ed additional gastrectomy when ESD resulted
in non-curative resection or lingering risks of
LNM. These observations demonstrate that the
nomogram developed in the present study can
serve as a reliable prognosis prediction model.

The use of Decision Tree analysis in the study
of disease diagnosis and survival prediction

212

LNM rates >15%). Compared
to other models, a signifi-
cant benefit of the Decision
Tree is the ease and speed
with which it can be applied
to daily clinical practice for
assessing LNM risks in pa-
tients with early gastric can-
cer. This can best be seen in the examples in
Table S1.

0.8 1.0

A published study [25] based on machine learn-
ing models had previously performed LNM pre-
diction. Recently, deep learning has provided
us new insights into prediction models. FCNN is
a deep learning method used in our study to
predict LNM in patients with early gastric can-
cer. The AUC of FCNN was 0.79, which is slightly
higher than other models, including 0.78 for
nomogram, 0.76 for Decision tree, and 0.77 for
the traditional machine method Naive Bayes.
These models could predict LMN incidence
for individual patient or entire cohorts, which
should greatly help both clinicians and patients
to make wiser and more customized decisions
on treatment options. We further predicted the
LNM risk of the ESD set using the FCNN meth-
od, and the result was 4.77%. We can conclude
from these observations that patients with >5%
LNM rates are more suited to receiving gastrec-
tomy instead of ESD surgery.

Currently radiomics has allowed noninvasive
approaches to extract quantitative features
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from medical images, which has exhibited great
potential in lymph node metastasis, not only for
early stage [26] but also in locally advanced or
advanced gastric cancer [27-29]. In addition, a
published study showed that the collagen sig-
nature-associated prediction model in tumor
microenvironment may be useful in the treat-
ment decision-making process for patients
with early gastric cancer [10]. Continued ef-
forts are still needed to better predict LNM in
patients with early gastric cancer at different
levels in the future.

Several limitations need to be considered in
this study. The gastrectomy set and ESD set
were from total retrospective or bidirectional
cohorts. Therefore, clinical trials are needed to
verify and confirm the conclusions from this
study. Additionally, we included patients who
had been monitored for over 20 years, a signifi-
cant length of time during which dramatic dif-
ferences in LNM rates could be observed
between different operative periods. None-
theless, our unprecedented study clearly ben-
efited from the large number of patients who
were included and the diverse patient sources.
Our data can therefore serve as a reference for
future large-scale population-based studies in
China.

In conclusion, this multi-cohort study system-
atically investigated different LNM prediction
methods for patients with early gastric cancer.
These models were validated and shown as
reliable with AUC>0.76 for all. Specifically, the
FCNN model proved to be the most accurate in
predicting LNM in early gastric cancer patients
with AUC=0.79. Based on this model, patients
with a LNM rate of >4.77% are strongly recom-
mend to receive gastrectomy rather than ESD
surgery.
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Table S1. Examples of LNM risk prediction using the Decision Tree in patients with early gastric can-

cer
Patients 01 Patients 02 Patients 03 Patients 04 Patients 05

Vascular invasion Yes No Yes No No
Grade Poorly Moderately Well Well-moderately Poorly
pT stage pTla pT1b pTla pT1lb pTla
Tumor size 4.1cm 5.8cm 2.6cm 2.0cm 4.4 cm
Gender Male Male Female Male Male
Prediction LNM risk (%) 55.13 15.63 16.67 2.94 14.71
Table S2. Model structure of used FCNN
Number Layer type Kernel number Kernel size Activation
1 Convolution 32 3 RelLU
2 Max-pooling - - -
3 Convolution 16 3 RelLU
4 Fully-connected 1 4 -
5 Fully-connected 1 1 sigmoid

0.60 A

0.55 A

0.50 A

0.45 -

0.40 A

0.35 A

0 10000 20000 30000 40000 50000

Figure S1. The loss curve of FCNN model for LNM prediction.



