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Abstract
Background Endoscopic ultrasonography (EUS) is useful for the differential diagnosis of subepithelial lesions (SELs); 
however, not all of them are easy to distinguish. Gastrointestinal stromal tumors (GISTs) are the commonest SELs, are 
considered potentially malignant, and differentiating them from benign SELs is important. Artificial intelligence (AI) using 
deep learning has developed remarkably in the medical field. This study aimed to investigate the efficacy of an AI system 
for classifying SELs on EUS images.
Methods EUS images of pathologically confirmed upper gastrointestinal SELs (GIST, leiomyoma, schwannoma, neuroen-
docrine tumor [NET], and ectopic pancreas) were collected from 12 hospitals. These images were divided into development 
and test datasets in the ratio of 4:1 using random sampling; the development dataset was divided into training and validation 
datasets. The same test dataset was diagnosed by two experts and two non-experts.
Results A total of 16,110 images were collected from 631 cases for the development and test datasets. The accuracy of the 
AI system for the five-category classification (GIST, leiomyoma, schwannoma, NET, and ectopic pancreas) was 86.1%, 
which was significantly higher than that of all endoscopists. The sensitivity, specificity, and accuracy of the AI system for 
differentiating GISTs from non-GISTs were 98.8%, 67.6%, and 89.3%, respectively. Its sensitivity and accuracy were sig-
nificantly higher than those of all the endoscopists.
Conclusion The AI system, classifying SELs, showed higher diagnostic performance than that of the experts and may assist 
in improving the diagnosis of SELs in clinical practice.

Keywords Artificial intelligence · Deep learning · Endoscopic ultrasonography · Gastrointestinal tumors · Subepithelial 
lesion

Introduction

The detection rate of subepithelial lesions (SELs) of the 
upper gastrointestinal tract increases with an increase in 
the number of upper endoscopies [1, 2]. In the diagnosis of 
upper gastrointestinal SELs, observation of the originating 
layer, margins, echogenicity, and detailed morphology of the 
lesions using endoscopic ultrasonography (EUS) is useful 
for differential diagnosis; however, not all of them are easy 

to distinguish [3, 4]. Gastrointestinal stromal tumors (GISTs) 
are the most common SELs in the gastrointestinal tract and 
are considered potentially malignant. It is important to dif-
ferentiate GISTs from benign SELs [5, 6]. Gastrointestinal 
schwannomas are rare, generally benign, and slow-growing 
tumors with excellent long-term prognoses after surgical 
resection [7–9]. However, preoperative differentiation of 
schwannomas from GISTs with different prognoses is dif-
ficult, and in the absence of a definite preoperative patho-
logical diagnosis, surgical resection is considered the gold 
standard treatment [9, 10].

Previous studies have reported the accuracy of differen-
tial diagnosis of SELs by EUS ranging from 45.5 to 66.7% 
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[11–13]. Because of the insufficient accuracy of differential 
diagnosis of SELs by EUS, histopathology-based methods, 
such as EUS-guided fine-needle aspiration biopsy (EUS-
FNAB) and mucosal cutting biopsy, are generally recom-
mended to confirm the diagnosis [14–16]. However, these 
methods are invasive and their efficacy depends on the skill 
of the physician. Moreover, it can be difficult to obtain suf-
ficiently large samples for immunohistochemical analysis 
using EUS-FNAB [14, 17]. Mucosal cutting biopsy is an 
invasive method with risks of intraoperative bleeding and 
perforation which may cause tumor cell seeding, and the 
sampling of SELs with extramural growth form is difficult 
[18]. Previous studies reported that the accuracy of EUS-
FNAB in SELs ranged widely from 62.0 to 93.4% and was 
low for small lesions < 2 cm in size, while that of mucosal 
cutting biopsy ranged from 85.2 to 94.3% [16–21]. Due to 
the risks involved and poor accuracy of invasive biopsy tech-
niques, more accurate and non-invasive diagnostic methods 
are desired.

Recently, artificial intelligence (AI) using deep learn-
ing by convolutional neural networks (CNNs) [22] has 
developed remarkably in the medical field [23, 24]. It has 
also been applied to the field of endoscopic diagnosis of 
esophageal cancer [25], gastric cancer [26], colorectal polyp 
[27], and EUS diagnosis of pancreatic disease [28]. Previ-
ous studies applying AI-based diagnostic systems to EUS 
images of SELs reported diagnostic yields ranging from 79.2 
to 90.0% [29, 30]. However, in these studies, the number 
of patients included in the training and test datasets was 
up to 300, and data were collected from a single institution 
or a small number of institutions (less than four). In addi-
tion, the AI-based diagnostic systems in these studies were 
only applied to binary classification and were not practical 
enough. AI-based diagnosis of SELs on EUS images based 
on larger, multicenter data may have higher generalizability 
and practical applicability in differential diagnosis than pre-
vious studies. This study aimed to develop a new AI system 
for multi-category classifications of common types of SELs 
(GIST, leiomyoma, schwannoma, neuroendocrine tumor 
[NET], and ectopic pancreas) on EUS images based on large 
multicenter data, and to investigate its efficacy.

Methods

Study sample

All EUS images were retrospectively obtained from the 
Nagoya University Hospital (NUH) along with 11 other Jap-
anese hospitals between January 2005 and December 2020. 
This study included upper gastrointestinal SEL cases (GIST, 
leiomyoma, schwannoma, NET, and ectopic pancreas) path-
ologically confirmed by surgical or endoscopic resection, 

EUS-FNAB, or other biopsy techniques, and ectopic pan-
creas cases without pathological diagnoses, which were 
diagnosed by board-certified specialists at the Japan Gastro-
enterological Endoscopy Society, based on imaging findings 
of both conventional endoscopic and EUS examinations. 
When available, pathological diagnosis based on surgically 
or endoscopically resected specimens was considered as 
the reference standard. For SELs in which surgical or endo-
scopic resection was not performed, immunohistochemical 
analysis results of EUS-FNAB or other biopsy technique 
specimens and/or the results of periodic conventional endo-
scopic and EUS follow-up examinations at intervals of more 
than six months were considered as alternative reference 
standards. EUS images were retrieved in the JPEG format. 
The exclusion criteria were poor quality images resulting 
due to air, blurring, out of focus, or artifacts.

This study was approved by the Ethics Committees of 
the NUH (No. 2018-0435-3, date: September 9, 2020) and 
those of 11 other Japanese hospitals, and was conducted in 
accordance with the Declaration of Helsinki. The written 
consent was waived by the ethics committees because the 
study had a retrospective design.

EUS procedure

EUS was performed using conventional echoendoscopes 
(GF-UCT240, GF-UE260-AL5, GF-UCT260, TGF-UC260J, 
or GF-UM2000: Olympus Corporation, Tokyo, Japan; EG-
530UR, EG-580UR, or EG-580UT: Fujifilm Corporation, 
Tokyo, Japan; EG-3830UT or EG-3870UTK: Pentax Lif-
ecare Division, Hoya Co, Ltd, Tokyo, Japan) at 5–20 MHz 
or mini-probes (UM-2R, frequency 12 MHz, UM-3R, fre-
quency 20 MHz, or UM-DP20-25R, frequency 20 MHz: 
Olympus Corporation; P-2726–12, frequency 12 MHz or 
P-2726–20, frequency 20  MHz: Fujifilm Corporation) 
and ultrasound systems (EU-ME1 or EU-ME2: Olympus 
Corporation; VP-4450HD, SU-1, or SP900: Fujifilm Cor-
poration; ARIETTA 850, Prosound F75, or Prosound SSD 
α-10: Hitachi Aloka Medical, Tokyo, Japan). The lesion 
was scanned after removing mucus and foam and filling the 
upper gastrointestinal tract with degassed water. The fre-
quency was set high (12 or 20 MHz) for the observation 
of the originating layer of the lesion and was changed to a 
lower one (5–7.5 MHz) when the entire image could not be 
obtained.

Building development and test datasets

All pathologically confirmed EUS SEL images were clas-
sified into five categories: GIST, leiomyoma, schwannoma, 
NET, and ectopic pancreas. In addition, the images were 
classified into two categories from two perspectives: based 
on prognosis as GIST or non-GIST and based on treatment 
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strategy as GIST/schwannoma (mesenchymal tumors for 
which surgical resection was recommended) or other SELs.

In this study, the entire dataset of pathologically con-
firmed SELs was divided into development and test data-
sets, which were mutually exclusive, in the ratio of 4:1 using 
random sampling based on cases, rather than images. Simi-
larly, the development dataset was divided into training and 
validation datasets in the ratio of 4:1. The dataset of ectopic 
pancreases without pathological diagnoses was used as an 
unlabeled dataset for semi-supervised learning [31].

All EUS images of SELs were trimmed to equally sized 
squares.

Developing the AI system

PyTorch (https:// pytor ch. org/) was used for the deep learning 
algorithm, and the original deep learning algorithm based 
on the EfficientNetV2-L algorithm [32] was used. All CNN 
layers were fine-tuned from the weights of the pre-trained 
models with ImageNet21k [33]. In this study, pathologically 
confirmed EUS SEL images were used as the input informa-
tion. The data were labeled according to the pathological 
results in the manner in which SEL was defined (leiomy-
oma, 0; GIST, 1; schwannoma, 2; NET, 3; ectopic pancreas, 
4). All EUS images were trimmed to equally sized squares 
(224 × 224 pixels) to fit the input size for the original deep 
learning algorithm. In the training process, the parameters of 
the deep learning algorithm were gradually adjusted math-
ematically to minimize the error between the actual and out-
put values. Hold-out validation was used to verify the valid-
ity of the algorithm. The training dataset was used to train 
the CNN models, the validation dataset to select the most 
optimal CNN model during training, and the test dataset to 
evaluate the performance of the most optimal CNN model.

The training dataset contained more images of GISTs and 
leiomyomas than schwannomas, NETs, and ectopic pancre-
ases. To overcome the imbalance in the data volume, the 
following methods were used. For the images of schwan-
nomas, the images of the lesions were used as input values, 
and new images with the features of the original images 
were generated using a deep convolutional generative adver-
sarial network (DCGAN) [34] as a preprocessing step in the 
training process of deep learning and used as the training 
data. For the images of ectopic pancreases, the images of the 
cases diagnosed on the basis of imaging findings (without 
pathological diagnoses) were used as unlabeled data, and 
relearning was performed using semi-supervised learning 
after training with labeled data.

To accelerate the training, super-computing resources 
(Flow, Information Technology Center, Nagoya Univer-
sity): Distributed-Data-Parallel (DDP) on multi-node, 
multi-process were used. To prevent overfitting, data aug-
mentation, early stopping, and label smoothing were used. 

For data augmentation, image rotation (− 90, 0, 90), hori-
zontal flip, vertical flip, random erasing, and RandAugment 
(N = 3, M = 4) were performed [35]. Stochastic gradient 
descent (SGD) with momentum was used to train the net-
work weights as the optimization algorithm. A batch size of 
288, 2000 epochs and a learning rate of 0.004 were used as 
the training parameters. The learning rate was decayed with 
cosine annealing, which is a type of learning rate schedule.

The trained AI system outputs a probability distribu-
tion (such that the sum of the scores for the five categories 
of SELs, i.e., GIST, leiomyoma, schwannoma, NET, and 
ectopic pancreas, would equal one) for each image. The pre-
dictive value of the differential diagnosis of SELs for each 
image was defined as the category of SELs with the highest 
probability score without a cutoff value. The predictive value 
for each case was defined as the mode value of the predictive 
values for all the images from each case.

Outcome measures

The main outcome measurements were the diagnostic per-
formance of the AI system for the five category classifi-
cation (GIST, leiomyoma, schwannoma, NET, and ectopic 
pancreas), differentiating GISTs from non-GISTs, and differ-
entiating GIST/schwannoma from other SELs. The second-
ary outcome measurement was the diagnostic performance 
of the endoscopists. Among the four endoscopists, two 
experts were board-certified specialists at the Japan Gas-
troenterological Endoscopy Society. The experts had more 
than 10 years of experience in evaluating gastrointestinal 
SELs and had conducted more than 500 EUS examinations 
of gastrointestinal SELs. Two non-experts had 4–5 years of 
experience and had conducted less than 200 EUS examina-
tions. The endoscopists were provided with all images from 
each case in the test dataset and asked to diagnose SELs as 
GIST, leiomyoma, schwannoma, NET, or ectopic pancreas 
for each case.

Statistical methods

The sensitivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV), and accuracy were calcu-
lated to compare the performance of differentiating GISTs 
from non-GISTs and differentiating GIST/schwannoma from 
other SELs between the AI system and the endoscopists. 
The accuracies were calculated to compare the performance 
of the five-category classification between the AI system 
and the endoscopists. A two-sided McNemar test with a sig-
nificance level of 0.05, was used to compare differences in 
accuracy, sensitivity, and specificity. Continuous variables 
were expressed as medians and ranges. Categorical variables 
were expressed as percentages. The Kruskal–Wallis test was 
used for continuous variables, and Fisher’s exact test was 

https://pytorch.org/
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used for categorical variables. Statistical significance was 
set at P < 0.05; all tests were two-sided. Interobserver agree-
ment of the endoscopists was assessed using kappa statistics: 
κ > 0.8, almost perfect agreement; 0.8–0.6, substantial agree-
ment; 0.6–0.4, moderate agreement; 0.4–0.2, fair agreement; 
and < 0.2, slight agreement. A κ value of 0 indicated agree-
ment equal to chance, and < 0 indicated disagreement. SPSS 
version 27.0 (IBM Japan Ltd, Tokyo, Japan) was used for all 
statistical analyses.

Results

Characteristics of the patients

Figure 1 shows a patient flowchart of the study. In this study, 
243 SEL cases pathologically confirmed at the NUH, 392 
SEL cases pathologically confirmed at 11 other participating 
hospitals, and 34 ectopic pancreas cases diagnosed on the 
basis of imaging findings (without pathological diagnoses) 
at the NUH were identified. After excluding cases according 

to the exclusion criteria (poor quality images; 3 SEL cases at 
the NUH, 1 SEL case at 11 other participating hospitals, and 
1 ectopic pancreas case without a pathological diagnosis at 
the NUH), a total of 16,110 images were collected from 631 
cases of pathologically confirmed SELs and 3179 images 
were collected from 33 cases of ectopic pancreases without 
pathological diagnoses. After selection, 11,305 images from 
419 cases (6023 images from 287 GIST cases, 3771 images 
from 70 leiomyoma cases, 441 images from 14 schwannoma 
cases, 644 images from 34 NET cases, and 426 images from 
14 ectopic pancreas cases) were used as the training dataset, 
1930 images from 90 cases (1344 images from 63 GIST 
cases, 309 images from 13 leiomyoma cases, 192 images 
from 8 schwannoma cases, 54 images from 5 NET cases, 
and 31 images from 1 ectopic pancreas case) were used 
as the validation dataset, and 2875 images from 122 cases 
(1999 images from 85 GIST cases, 215 images from 14 leio-
myoma cases, 274 images from 11 schwannoma cases, 198 
images from 8 NET cases, and 189 images from 4 ectopic 
pancreas cases) were used as the test dataset. In the train-
ing dataset, 441 images from 14 schwannoma cases were 

Fig. 1  Flowchart of the study. A 
total of 631 cases of patho-
logically confirmed SELs were 
divided into development and 
test datasets, and 33 cases of 
ectopic pancreases without 
pathological diagnoses were 
used as an unlabeled dataset for 
semi-supervised learning. NUH 
Nagoya University Hospital, 
SELs subepithelial lesions, 
GIST gastrointestinal stromal 
tumor, NET neuroendocrine 
tumor, AI artificial intelligence
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used as input values, and new 40,000 images were generated 
using DCGAN. Then, 3000 images were manually extracted 
from these images and used as training data. The dataset 
of ectopic pancreases without pathological diagnoses was 
used as an unlabeled dataset for semi-supervised learning. 
Detailed clinical characteristics of the patients in the train-
ing, validation, test, and unlabeled ectopic pancreas datasets 
are shown in Table 1. There were no significant differences 
in age, sex, lesion location, lesion size on EUS images, and 
pathological type among the training, validation, and test 
datasets.

Examples of the test images are shown in Fig. 2. The AI 
system marked the SEL with a green square and showed the 
image-wise predictive value of the differential diagnosis of 
SELs, the probability score, and the case-wise predictive 
value.

Five‑category classification performance

The accuracies of the AI system and the expert with the 
best performance for the five-category classification (GIST, 
leiomyoma, schwannoma, NET, and ectopic pancreas) were 
86.1% and 68.0%, respectively. The confusion matrix for 
the per-category diagnostic performance of the AI sys-
tem and endoscopists is presented in Table 2. The accu-
racy of the AI system was significantly higher than that 
of all the endoscopists (accuracy range 27.0–68.0%, all 
the endoscopists P < 0.001). The accuracies of the experts 
were higher than those of the non-experts (54.9–68.0% vs. 
27.0–46.7%). The per-category sensitivities of the AI system 
and experts were highest for GIST (98.8% and 63.5–77.6%, 
respectively) and lowest for schwannoma (45.5% and 
0%, respectively). Both the AI system and experts identi-
fied schwannomas as GISTs in most misdiagnosed cases. 
The per-category sensitivity of the AI system for GIST 

Table 1  Characteristics of patients

GIST gastrointestinal stromal tumor, NET neuroendocrine tumor, EUS-FNAB endoscopic ultrasonography-guided fine-needle aspiration biopsy

Characteristics Training Validation
(n = 90)

Test
(n = 122)

P value

Pathologically confirmed
(n = 419)

Ectopic pancreas 
unlabeled
(n = 33)

Age, years, median (range) 66 (22–90) 51 (26–81) 67 (32–84) 63 (35–88) 0.224
Sex, n (%) 0.854
 Male 231 (55.1) 17 (51.5) 48 (53.3) 64 (52.5)
 Female 188 (44.9) 16 (48.5) 42 (46.7) 58 (47.5)

Lesion location, n (%) 0.087
 Esophagus 39 (9.3) 0 (0) 9 (10.0) 5 (4.1)
 Stomach 336 (80.2) 32 (97.0) 78 (86.7) 105 (86.1)
 Duodenum 44 (10.5) 1 (3.0) 3 (3.3) 12 (9.8)

Gastric lesion location, n (%) 0.764
 Upper 145 (43.2) 0 (0) 31 (39.7) 39 (37.1)
 Middle 152 (45.2) 7 (21.9) 37 (47.4) 55 (52.4)
 Lower 39 (11.6) 25 (78.1) 10 (12.8) 11 (10.5)
 Lesion size, mm, median (range) 25.0 (2.2–180.0) 12.1 (3.5–26.0) 28.0 (6.0–130.0) 26.1 (3.0–180.0) 0.380

Pathological type, n (%) 0.136
 GIST 287 (68.5) 63 (70.0) 85 (69.7)
 Leiomyoma 70 (16.7) 13 (14.4) 14 (11.5)
 Schwannoma 14 (3.3) 8 (8.9) 11 (9.0)
 NET 34 (8.1) 5 (5.6) 8 (6.6)
 Ectopic pancreas 14 (3.3) 1 (1.1) 4 (3.3)

Sampling procedure, n (%) 0.956
 Surgery 229 (54.6) 47 (52.2) 71 (58.2)
 Endoscopic resection 18 (4.3) 4 (4.4) 4 (3.3)
 EUS-FNAB 152 (36.3) 36 (40.0) 40 (32.8)
 Mucosal cutting biopsy 4 (1.0) 0 (0) 1 (0.8)
 Biopsy 16 (3.8) 3 (3.3) 6 (4.9)
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was higher than that of all the endoscopists (98.8% vs. 
25.9–77.6%).

The interobserver agreement among the experts for the 
five-category classification was fair (Fleiss’ κ = 0.382) and 
that among the non-experts was slight (Fleiss’ κ = 0.100).

Binary classification performance

The sensitivity, specificity, PPV, NPV, and accuracy of 
the AI system for differentiating GISTs from non-GISTs 
were 98.8%, 67.6%, 87.5%, 96.2%, and 89.3%, respec-
tively. The detailed diagnostic performances of the AI 
system and endoscopists are shown in Table 3. The sen-
sitivity and accuracy of the AI system were significantly 
higher than those of all the endoscopists (sensitivity: 98.8% 
vs. 25.9–77.6%, all the endoscopists, P < 0.001; accuracy: 
89.3% vs. 44.3–71.3%, all the endoscopists, P < 0.001). The 
specificity of the AI system was comparable to or higher 
than those of the experts (67.6% vs 56.8–67.6%). Although 
the specificities of the non-experts (75.7–86.5%) were higher 

than those of the AI system and experts, the sensitivities and 
accuracies of the non-experts (25.9–54.1% and 44.3–60.7%, 
respectively) were lower than those of the AI and experts 
(63.5–77.6% and 64.8–71.3%, respectively).

The interobserver agreement among the experts for 
differentiating GISTs from non-GISTs was fair (Fleiss’ 
κ = 0.382) and that among the non-experts was slight (Fleiss’ 
κ = 0.045).

The sensitivity, specificity, PPV, NPV, and accuracy of 
the AI system for differentiating GIST/schwannoma from 
other SELs were 100.0%, 76.9%, 94.1%, 100.0%, and 95.1%, 
respectively. The detailed diagnostic performances of the AI 
system and endoscopists are shown in Table 4. The sensitiv-
ity and accuracy of the AI system were significantly higher 
than those of the expert with the best performance for dif-
ferentiating GIST/schwannoma from other SELs (sensitivity: 
100.0% vs. 84.4%, P < 0.001; accuracy: 95.1% vs. 82.8%, 
P = 0.003) and were significantly higher than those of all the 
endoscopists (sensitivity: 100.0% vs. 35.4–84.4%; accuracy: 
95.1% vs. 42.6–82.8%). The specificity of the AI system 
was comparable to that of the experts (76.9%) and higher 
than that of the non-experts (50.0–69.2%). The specificities 
of the experts were higher than those of the non-experts. 
The sensitivity and accuracy of the expert with the best per-
formance for differentiating GIST/schwannoma from other 
SELs were higher than those of the non-experts (sensitivity: 
84.4% vs. 35.4–69.8%; accuracy: 82.8% vs. 42.6–67.2%), 
but the sensitivity and accuracy of the other expert were 
comparable to or lower than those of the non-expert with 
the best performance for differentiating GIST/schwannoma 
from other SELs (sensitivity: 64.6% vs. 69.8%; accuracy: 
67.2% vs. 67.2%).

The interobserver agreement among the experts for dif-
ferentiating GIST/schwannoma from other SELs was fair 
(Fleiss’ κ = 0.346) and that among the non-experts was disa-
greement (Fleiss’ κ =  − 0.017).

Discussion

In this multicenter study, we developed an AI system with 
high diagnostic performance to classify upper gastrointes-
tinal SELs on EUS images into multiple categories. This is 
the largest study regarding AI-based diagnostic systems of 
SELs from EUS images and the first study to apply AI for 
multi-category classifications of common types of SELs, 
such as GIST, leiomyoma, schwannoma, NET, and ectopic 
pancreas. This study included images obtained from EUS 
examinations performed using various types of echoendo-
scopes and ultrasound systems. This AI system may be use-
ful in assisting endoscopists in predicting the pathological 
diagnosis of SELs during EUS examinations and in making 
better diagnostic and therapeutic decisions.

Fig. 2  Output of the artificial intelligence (AI) system. a An exam-
ple of a gastrointestinal stromal tumor (GIST) case. b The AI system 
correctly diagnosed the lesion as GIST by indicating it with a green 
square frame. It showed the image-wise predictive value (GIST), the 
probability score (0.798), and the case-wise predictive value (mode 
GIST)
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Regarding the efficacy of AI-based diagnostic systems 
of SELs on EUS images, Minoda et al. reported that the 
accuracies of the AI system for differentiating GISTs from 
non-GISTs were 86.3% in 30 images from 30 SELs < 20 mm 
and 90.0% in 30 images from 30 SELs ≥ 20 mm [29]. Yoon 
et al. reported that in the test datasets of 212 images from 
69 SELs, the image-based accuracy of the AI system for 
differentiating GISTs from non-GISTs was 79.2%, and after 
further sequential analysis of 98 images classified as non-
GISTs with the AI system to differentiate leiomyomas from 
schwannomas, the final accuracy was 75.5% [30]. However, 
because of the limited number of cases included in previous 
studies and the application of AI for binary classification 
only, these values should be carefully considered, and their 
utility in the real clinical practice seems to be limited. The 

Table 2  Confusion matrix for the per-category diagnostic performance of the AI system and endoscopists

AI artificial intelligence, EUS endoscopic ultrasonography, GIST gastrointestinal stromal tumor, NET neuroendocrine tumor

Pathological type EUS diagnosis Total Per-category
sensitivity, %

Accuracy, %

Leiomyoma GIST Schwannoma NET Ectopic 
pancreas

AI 86.1
 Leiomyoma 8 5 0 0 1 14 57.1
 GIST 0 84 1 0 0 85 98.8
 Schwannoma 0 6 5 0 0 11 45.5
 NET 0 0 0 5 3 8 62.5
 Ectopic pancreas 0 1 0 0 3 4 75.0

Expert1 68.0
 Leiomyoma 10 3 0 1 0 14 71.4
 GIST 14 66 4 0 1 85 77.6
 Schwannoma 0 11 0 0 0 11 0
 NET 0 0 0 6 2 8 75.0
 Ectopic pancreas 0 2 1 0 1 4 25.0

Expert2 54.9
 Leiomyoma 7 5 1 1 0 14 50.0
 GIST 24 54 1 1 5 85 63.5
 Schwannoma 4 7 0 0 0 11 0
 NET 1 0 0 3 4 8 37.5
 Ectopic pancreas 1 0 0 0 3 4 75.0

Non-expert1 27.0
 Leiomyoma 2 3 2 5 2 14 14.3
 GIST 15 22 8 15 25 85 25.9
 Schwannoma 4 2 2 1 2 11 18.2
 NET 0 0 1 6 1 8 75.0
 Ectopic pancreas 0 0 2 1 1 4 25.0

Non-expert2 46.7
 Leiomyoma 4 4 2 3 1 14 28.5
 GIST 14 46 13 3 9 85 54.1
 Schwannoma 2 3 5 0 1 11 45.5
 NET 1 0 2 2 3 8 25.0
 Ectopic pancreas 0 2 1 1 0 4 0

Table 3  Diagnostic performance of the AI system and endoscopists 
for differentiating GISTs from non-GISTs

AI artificial intelligence, GISTs gastrointestinal stromal tumors, PPV 
positive predictive value, NPV negative predictive value

Diagnostic performance, %

Sensitivity Specificity PPV NPV Accuracy

AI 98.8 67.6 87.5 96.2 89.3
All endoscopists 55.3 71.6 81.9 43.2 60.2
All experts 70.6 62.2 81.2 48.6 68.0
Expert1 77.6 56.8 80.5 52.5 71.3
Expert2 63.5 67.6 81.8 44.6 64.8
All non-experts 40.0 81.1 82.6 37.7 52.5
Non-expert1 25.9 86.5 81.5 33.7 44.3
Non-expert2 54.1 75.7 83.6 41.8 60.7
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accuracy of our AI system for differentiating GISTs from 
non-GISTs (89.3%) was comparable to or higher than that of 
previous studies. We have developed an AI system for multi-
category classifications of common types of SELs for a more 
clinically relevant differential diagnosis, and an accuracy of 
86.0% was considered acceptable for use in clinical practice.

In this study, we compared the diagnostic performance 
of the AI system with that of experts and non-experts. The 
accuracy of the endoscopists for the five-category clas-
sification in this study ranged from 27.0 to 68.0%, which 
was comparable to the reported accuracy of the differential 
diagnosis of SELs (45.5–66.7%) [11–13]. The accuracy of 
the endoscopists for differentiating GISTs from non-GISTs 
in this study ranged from 44.3 to 71.3%, which was also 
comparable to that in previous studies (53.3–75.9%) [29, 
30]. Overall, the diagnostic performance of the AI system 
was higher than that of all the endoscopists, and that of the 
experts was higher than that of the non-experts. The inter-
observer agreement in this study was not high because of 
the subjective interpretation of EUS imaging findings, and 
the length of experience with EUS was important for the 
accuracy of SELs diagnosis. These results are similar to 
those of the previous studies [36], and the AI system may 
be especially useful for non-experts to predict the patho-
logical diagnosis of SELs during EUS examinations. In the 
five-category classification, both the AI system and experts 
identified schwannomas as GISTs in most misdiagnosed 
cases. The differentiation of schwannomas from GISTs 
with different prognoses was difficult even for experts, and 
this is consistent with previous studies [9, 10]. The AI sys-
tem, with comparable specificity and higher sensitivity and 
accuracy than those of the experts for differentiating GISTs 
from non-GISTs and differentiating GIST/schwannoma from 
other SELs, can be useful in determining the need for tissue 
sampling or surgical resection after EUS examinations.

This study is unique in that it applies DCGAN and semi-
supervised learning to training images of schwannomas 
and ectopic pancreases. Because these lesions are rare, and 
biopsy is not recommended for undoubtedly benign SELs 
such as leiomyomas and ectopic pancreases diagnosed based 
on computed tomography (CT) and/or EUS findings [3, 4, 
16], the number of pathologically confirmed lesions is lim-
ited. In addition to training with pathologically confirmed 
SEL images, training with new images with features of the 
original schwannoma images generated using DCGAN and 
relearning with images of ectopic pancreas cases diagnosed 
on the basis of imaging findings (without pathological 
diagnoses) as unlabeled data using semi-supervised learn-
ing were thought to contribute to improving the diagnostic 
performance of the AI system.

This study included five common types of SELs and 
did not include other rare types of SELs. Therefore, the 
prevalence of GISTs in this study (68.5%) was higher than 
that in previous studies on the diagnosis of SELs by EUS, 
EUS-FNAB, and mucosal cutting biopsy (39.2–67.0%) [12, 
17–21]. This may have affected the PPVs and NPVs of the 
AI system and endoscopists for differentiating GISTs from 
non-GISTs and differentiating GIST/schwannoma from 
other SELs. We are planning to include other types of SELs 
to confirm our results.

Due to the limited number of non-GIST cases, this study 
focused on GISTs and schwannomas in the binary classifica-
tion performance based on prognosis and treatment strategy. 
Before clinical application, we are planning to investigate 
the diagnostic performance in classifications that would be 
more useful for making therapeutic decisions, such as dif-
ferentiating GIST/NET from other SELs and differentiating 
GISTs from schwannomas.

This study has several limitations. First, there might be 
discrepancies between the pathological diagnosis of biopsy 
specimens and actual pathological diagnosis in SELs that 
were not surgically or endoscopically resected, and between 
the image diagnosis and actual pathological diagnosis in 
the ectopic pancreas cases used as unlabeled data. How-
ever, in these cases, immunohistochemical analysis results 
and/or periodic follow-up examinations may have reduced 
the discrepancies. Second, all EUS images including test 
datasets were still images obtained retrospectively from 
affiliated hospitals without randomization, making it dif-
ficult to exclude selection bias. Therefore, the diagnostic 
performance of the AI system might be overestimated. In 
this study, training, validation, and test datasets were divided 
using random sampling. However, the generalizability of 
the system should be evaluated with real-time external vali-
dation. Some EUS images obtained from older endoscopy 
systems had lower resolution than recently adopted systems, 
which may have affected the diagnostic performance of the 
AI system and endoscopists. Third, although we applied 

Table 4  Diagnostic performance of the AI system and endoscopists 
for differentiating GIST/schwannoma from other SELs

AI artificial intelligence, GIST gastrointestinal stromal tumor, SEL 
subepithelial lesion, PPV positive predictive value, NPV negative pre-
dictive value

Diagnostic performance, %

Sensitivity Specificity PPV NPV Accuracy

AI 100.0 76.9 94.1 100.0 95.1
All endoscopists 63.5 70.2 88.1 37.3 65.0
All experts 74.5 76.9 92.7 46.3 75.0
Expert1 84.4 76.9 94.2 55.6 82.8
Expert2 64.6 76.9 91.2 37.0 67.2
All non-experts 52.6 63.5 83.4 28.3 54.9
Non-expert1 35.4 69.2 81.0 22.5 42.6
Non-expert2 69.8 57.7 85.9 34.1 67.2
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DCGAN and semi-supervised learning to overcome the 
imbalance between the training data volume in GISTs and 
non-GISTs, the number of non-GIST cases included in the 
test dataset may have been insufficient to evaluate the diag-
nostic performance of the system. Large-scale multicenter 
prospective studies are needed to develop graphical user 
interfaces that can be used in real clinical practice and to 
confirm the diagnostic performance of the system, using 
not only still EUS images but videos obtained from non-
affiliated hospitals as well.

In conclusion, the AI system for classifying upper gastro-
intestinal SELs showed higher diagnostic performance than 
that of the experts. It may assist endoscopists in improving 
the diagnosis of SELs in clinical practice.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s10120- 021- 01261-x.
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