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Endoscopic Diagnosis of Eosinophilic Esophagitis  
Using a Multi-Task U-Net: A Pilot Study 
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Purpose: Endoscopically identifying eosinophilic esophagitis (EoE) is difficult due to its rare incidence and subtle morphology. 
We aimed to develop a robust and accurate convolutional neural network (CNN) model for EoE identification and classification 
in endoscopic images.
Materials and Methods: We collected 548 endoscopic images from 81 patients with EoE and 297 images from 37 normal patients. 
These datasets were labeled according to the four eosinophilic esophagitis endoscopic reference score (EREFS) features: edema, 
rings, exudates, and furrows. A multi-task U-Net with an auxiliary classifier on various levels of skip connections (scaU-Net) was 
proposed. Then, scaU-Net was compared with VGG19, ResNet50, EfficientNet-B3, and a typical multi-task U-Net CNN. The perfor-
mances of each model were evaluated quantitatively and qualitatively based on accuracy (ACC), area under the receiver operating 
characteristics (AUROC), and gradient-weighted class activation map (Grad-CAM), and were also compared with those of 25 hu-
man endoscopists. 
Results: Our sca4U-Net with 4th-level skip connection showed the best performances in ACC (86.9%), AUROC (0.93), and outstand-
ing Grad-CAM results compared to other models, reflecting the importance of utilizing the deepest skip connection. Moreover, 
the sca4U-Net showed generally better performance when compared with endoscopists with various levels of experience.
Conclusion: Our method showed robust performance compared to expert endoscopists and could assist endoscopists of all experi-
ence levels in the early detection of EoE–a rare but clinically important condition.
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INTRODUCTION

Eosinophilic esophagitis (EoE) is one of the clinically signifi-
cant chronic immune-mediated inflammatory diseases diag-
nosed during endoscopic assessment of dysphagia and food 
impaction.1 The incidence and prevalence of EoE continue to 
increase worldwide, particularly in Asian countries.2,3 Typical 
endoscopic findings of EoE include esophageal rings, white 
plaques or exudates, decreased vascularity or edema, and lin-
ear furrows.4,5 However, these features require additional field 
training owing to their low incidence, and inconsistency in en-
doscopists’ knowledge often leads to misinterpretations.6

Convolutional neural networks (CNNs) have emerged and 
started to show high performance in image classification tasks. 
Therefore, CNNs have now been actively studied to establish a 
computer-aided diagnosis system as a visual biopsy tool in 
medical imaging. There have also been such attempts in EoE to 
differentiate positive endoscopic images of EoE from normal 
images of the esophagus. A trained ResNet-50 model showed 
performance with an accuracy, sensitivity, and specificity of 
94.7%, 90.8%, and 99.0%, respectively.7 Trained DenseNet model 
demonstrated performance with an accuracy of 91.5%, sensi-
tivity of 87.1%, and specificity of 93.6%. However, there are sev-
eral limitations that could be addressed in the prior studies.8

1) Incorporating not only the binary classification of EoE but 
also other indicators of eosinophilic esophagitis endoscopic 
reference score (EREFS) visible on endoscopic images as pre-
diction targets for the model; these can potentially aid in learn-
ing how to inspect endoscopic images. 

2) Their gradient-weighted class activation map (Grad-CAM) 
results are not showing high correlation with fixed rings, plaques, 
or furrows. 

3) The previous studies selected only one kind of CNN model 
for experimentation.

There have been a few studies to date in which endoscopic 
images of EoE were assessed using a CNN.8-10 However, previ-
ous studies had limitations due to insufficient data quantity and 
diversity. 

In this study, we proposed a skip connection auxiliary classi-
fier U-Net (sca4U-Net) model which was built based on the U-
Net model and trained with a multi-task learning method. The 
proposed model was trained to predict whether the given im-
age contains edema, fixed rings, exudate, furrow, as well as EoE. 
For the performance comparison, Visual Geometry Group 
(VGG), ResNet, EfficientNet,11-15 and auxiliary classifier U-Net 
(auxU-Net) models were adopted and trained in the same way 
as the scaU-Net. 

MATERIALS AND METHODS

Patients
Adult patients (age >18 years) diagnosed with EoE via histology 

[15 eosinophils per high-power field (eos/hpf) in esophageal 
biopsies] between 2007 and 2021 at the Asan Medical Center 
were enrolled (Supplementary Fig. 1, only online). We only 
included cases with biopsies taken from at least 5 cm above 
the Z-line to exclude reflux esophagitis. Two experienced en-
doscopists (G.H.K and D.H.K) reviewed these endoscopic im-
ages. First, G.H.K labeled all images for EREFS scores, and all 
data were subsequently reviewed by the more experienced 
endoscopist (D.H.K.). Esophageal eosinophil counts were de-
termined by a gastrointestinal pathologist using hematoxylin 
and eosin stains. Additional clinical data (e.g., age, sex, and pre-
senting symptoms) were collected and analyzed. Controls were 
taken from normal persons who were screened via endoscopy 
and were confirmed with normal findings of five eos/hpf from 
esophageal biopsies. In the case of the normal control group, 
the reason for performing an esophageal biopsy was to diag-
nose systemic infiltrative diseases in the esophageal mucosa 
without symptoms of esophageal dysfunction. This study was 
approved by the Institutional Review Board of the Asan Medi-
cal Center (IRB approval no. 2021–1260), and all methods were 
performed in accordance with its guidelines.
 

Dataset and preprocessing
All endoscopic images were assessed for their EREFS based 
on edema, rings, exudates, furrows, and strictures. However, 
strictures, as an indicator, were excluded from our diagnostic 
judgment since the analysis of still images is unreliable for stric-
tures. EREFS were retrospectively calculated for EoE patients 
by a board-certified endoscopist. Then, EREFS were one-hot 
encoded to build a classification model.

The dataset is composed of 548 endoscopic images from 81 
EoE patients and 297 endoscopic images from 37 normal con-
trols. For the image augmentations, 90°, 180°, and 270° rotations 
were applied to every training set, and Gaussian blur was ap-
plied to 30% of training sets to increase the diversity of the da-
taset. Our dataset was divided into 60% training, 20% valida-
tion, and 20% test sets in all experimental conditions without 
patient overlap.

Deep learning models for EoE classification
The models ResNet and DenseNet were adopted in previous 
works to establish an EoE visual biopsy tool.7,8 To verify the ef-
fectiveness of the shortcut layer of ResNet and DenseNet, we 
adopted the VGG model (which is a model composed of CNN 
layers without any specialized layers). It was also important to 
demonstrate that CNN hyper-parameters found by AutoML 
techniques are effective for EoE classification. To discover the 
effectiveness of an AutoML technique, EfficientNet, which is a 
CNN model constructed with optimal hyper-parameters found 
by AutoML, was adopted for this study. 

Not only were conventional CNN-based classification mod-
els adopted, but U-Net-based classification models were also 
used. To elaborate further, some auxiliary layers were attached 
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to U-Net’s bottleneck, making U-Net able to perform additional 
classification tasks. Such approaches are called multi-task 
learning, and this training method makes certain assumptions: 
the optimal weights for task 1 (i.e., classification) and task 2 
(i.e., segmentation) are approximately equal. As mentioned 
before, this idea can simply be implemented by attaching an 
auxiliary classifier called an auxU-Net to U-Net’s bottleneck.16,17 
Notably, Zhou, et al.18 used auxU-Net to enhance the efficacy 
of different segmentation and classification tasks by training 
them jointly, which was possible since auxU-Net can perform 
two tasks at the same time. Not only can auxU-Net exert syner-
gy between image segmentation and classification tasks, but 
it can also exert synergy between image reconstruction and 
classification tasks as a pair.19-21 Since this idea was inspired by 
the autoencoder concept and is easy to implement, these 
methods were widely used by simply changing the loss for 
segmentation to the loss for regression.12,19 Haghighi, et al.20 ex-
tracted four fixed-coordinate patches from chest X-rays to train 
a network to reconstruct each patch and classify their relative 
locations simultaneously. By doing this multi-task training, 
the model could understand the subtle diversity of each patch 
(i.e., its intensity, shape, and texture). Expecting a similar effect 
on the EoE dataset, auxU-Net was thus adopted for this study.

Since U-Net has such great versatility, various researchers’ 
investigations have shown that U-Net’s skip connection pro-
vides more useful information than its bottleneck.22,23 In order 
to put this idea into practical application, we proposed a skip-
connection aux (sca) U-Net, which uses an auxiliary classifier 

on the skip connection to classify EoE patients versus normal 
controls. Since our U-Net has four skip connections, the nam-
ing convention of the scaU-Net goes from sca1U-Net (whose 
auxiliary classifier was attached to the shallowest skip connec-
tion) to sca4U-Net (whose auxiliary classifier was attached to 
the deepest skip connection). Note that sca1U-Net and sca2U-
Net were excluded in this study, since they required two GPUs 
for their computations with the large feature maps. Fig. 1 pres-
ents the main architectures of the competing models–sca3U-
Net, sca4U-Net, and auxU-Net.
 

Multi-class classification
To achieve this study’s goal of training a model to aid endosco-
pists in inspecting endoscopic images for features including 
edema, fixed rings, exudate, or furrow in diagnosing EoE, the 
conventional CNNs, auxU-Net, sca3U-Net, and sca4U-Net 
were trained. Every experiment was conducted using the same 
training hyper-parameters (Supplementary Table 1, only on-
line). During this multi-class training, the feature vectors of the 
input images were extracted and converted to logit functions; 
the final layer then used sigmoid activation to compute the 
probability of each class.

Evaluation metrics and statistical comparison 
We used a generalized estimation metric to compare models 
with the area under the receiver operating characteristic curve 
(AUROC), sensitivity, specificity, positive predictive value (PPV), 
and negative predictive value (NPV) as parameters. The AU-

Fig. 1. The architecture of the models. (A) sca3U-Net. (B) sca4U-Net. (C) auxU-Net.  CNN, convolutional neural network.
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ROCs were compared using the DeLong test.24 
For interpretability of the model, we used Grad-CAM25 over-

laid on the original image to visualize the model’s performance. 
Grad-CAM is a tool for visual explanations of CNNs, by acti-
vating the mapping that the deep learning network is seeing. 
Thus, Grad-CAM is a tool for explainable AI. 

A comparison of the diagnostic performances between the 
CNN models and the human experts was conducted. Twenty-
five human endoscopists were asked to differentiate between 
30 EoE and 40 normal images. The human endoscopists were 
placed into three groups: faculty members (FAC), fellows ≥1 
year (FEL2), and fellows <1 year (FEL1). Groups FAC, FEL2, and 
FEL1 contained 7, 12, and 6 unique participants, respectively. 
Comparisons between groups were performed using the Mann–
Whitney U Test. 

RESULTS

Baseline characteristics of study patients
The clinicopathologic characteristics of the EoE patients are 
summarized in Table 1. The median age was 44.0 years [inter-
quartile range (IQR): 35.0–56.0 years] and 64 were male. The 
clinical manifestations of these 81 cases were dysphagia/food 
impaction (21 cases, 25.9%), heartburn (20, 24.7%), dyspepsia 
(17, 21.0%), and epigastric pain (16, 19.8%). The median total 
EREFS score was 3.0 (IQR 2.0–4.0). The normal controls (n=37) 
were randomly selected from healthy individuals, 23 males and 
14 females (median age, 56.0 years; IQR 48.0–63.0 years) with 
normal endoscopic findings and no esophageal abnormalities.
 

Diagnostic ability 
This section shows the results of each network’s quantitative 
indicators and their comparisons. In Table 2, the accurate re-
sults of each network are presented. The classical CNNs showed 
marginal EREFS accuracies. However, the sca4U-Net showed 
generally better accuracies except for fixed rings. It also had 
the best AUROC results in EoE, edema, and exudate (0.93, 0.91, 
and 0.89, respectively). The sca3 and auxU-Nets were used for 
ablation studies, showing significantly lower performance, 
even lower than those of the classical CNNs. Also, the sca4U-
Net showed significantly different classification results com-
pared with other models according to the DeLong test. There-
fore, the last layer of the U-Net is the best location for the 
auxiliary classifier. In Fig. 2, the AUROC curves of each class 
from each network are plotted. The results show that the 
sca4U-Net is generally a better model for EoE screening. 

Additionally, we conducted a 10-fold cross-validation using 
the original training data. Specifically, the originally designated 
validation set was retained as fold 0, while the remaining train-
ing data were partitioned into nine additional folds. The result-
ing classification accuracies are summarized in the Supple-
mentary Table 2 (only online). As demonstrated, the model 

exhibited stable and reliable performance across folds, with 
an average EoE classification accuracy of 0.90 and a standard 
deviation of 0.03, thereby supporting the robustness and gen-
eralizability of the proposed approach.
 

Grad-CAM evaluation 
Through Grad-CAM, one can visualize what a deep learning 
algorithm sees using gradients at the image level. Fig. 3 shows 
the randomly selected results of 10 positive and 10 negative 
EoE images from each network. The sca4U-Net Grad-CAM re-
sults are more clinically relevant than those of the other net-
works and capture the detailed disease structure of each im-
age. Overall, the Grad-CAM results showed that the sca4U-
Net successfully captured the pathologic regions, whereas the 
other networks failed.

Table 1. Baseline Characteristics and Endoscopic Findings of the Study 
Participants

Variable Value (n=81)
Age, yr 44.0 (35.0–56.0)
Male 64 (79.0)
Symptom profile

Dysphagia/food impaction 21 (25.9)
Epigastric pain 16 (19.8)
Heartburn 20 (24.7)
Dyspepsia 17 (21.0)
Nausea/vomiting 4 (4.9)
Regurgitation 3 (3.7)

Peak eosinophil count* 36.0 (22.0–58.5)
Endoscopic findings based on EREFS  

Edema
Grade 0: Absent 15 (18.5)
Grade 1: Present 66 (81.5)

Ring  
Grade 0: None 40 (49.4)
Grade 1: Mild 36 (44.4)
Grade 2: Moderate 5 (6.2)
Grade 3: Severe 0

Exudate  
Grade 0: None 25 (30.9)
Grade 1: Mild 51 (63.0)
Grade 2: Severe 5 (6.2)

Furrow  
Grade 0: None 7 (8.6)
Grade 1: Mild 74 (91.4)
Grade 2: Severe 0

Stricture  
Grade 0: Absent 81 (100)
Grade 1: Present 0

Total EREFS score 3.0 (2.0–4.0)
EREFS, eosinophilic esophagitis endoscopic reference score.
Data are presented as n (%) or median (interquartile range).
*Per high-power field.
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Comparison of performances between endoscopists  
and sca4U-Net
Table 3 shows that the accuracy (0.94) and NPV (0.93) of the 
sca4U-Net were greater than those of the FAC, FEL2, and FEL1 
groups (accuracy: 0.92, 0.89, 0.85; NPV: 0.9, 0.88, 0.63, respec-
tively).The specificity (0.95) and PPV (0.93) of the sca4U-Net 
were greater than those of FEL2 (specificity: 0.94; PPV: 0.91) 
but lesser than those in FAC (specificity: 0.98; PPV: 0.97). The 
AUROC curve of the sca4U-Net and the performance of the 
three groups are described in Fig. 4. Moreover, we additionally 
analyzed performance by symptom severity (total EREFS 
score >3 vs. total EREFS score ≤3). There was no significant 
difference between the main categories in the average predic-
tion probability values according to the Mann-Whitney U Test 
(Supplementary Material and Supplementary Table 3, only 
online).
 

DISCUSSION

Recently, CNN-based image classification networks have 
been used to diagnose gastrointestinal malignancies from en-
doscopic images, demonstrating the rapid prediction capabil-
ity of computer-vision methods prior to receiving pathological 
results. Notably, such technology-enabled capabilities pro-
vide great assistance to endoscopists of all skill levels. There-
fore, we developed and validated our novel EoE screening tool 
using sca4U-Net trained with a small dataset of endoscopic 
images, assessed after augmentation with the EREFS scoring 
system. 

Development and evolution of endoscopic imaging, partic-
ularly imaged-enhanced endoscopy, show great potential in 
diagnosing gastrointestinal lesions. However, endoscopists 
often have difficulty detecting and diagnosing EoE due to its 
rarity. For these reasons, the disease may be delayed in diag-
nosis or misdiagnosed. Therefore, early diagnosis is crucial to 
follow-up care and treatment. Our method improves overall 
EoE diagnosis with deep machine learning. 

Table 2. Model Performance Comparison with 95% CI

VGG19 ResNet50 EfficientNet-B3 auxU-Net sca3U-Net sca4U-Net
Edema

ACC 0.72 (0.67–0.76) 0.62 (0.56–0.67) 0.76 (0.72–0.81) 0.68 (0.63–0.73) 0.76 (0.71–0.80) 0.80 (0.75–0.84)
SEN 0.45 (0.37–0.53) 0.14 (0.09–0.20) 0.36 (0.41–0.57) 0.38 (0.30–0.45) 0.52 ​​(0.44–0.60) 0.61 (0.53–0.69)
SPE 0.94 (0.90–0.97) 1.00 (0.98–1.00) 0.88 (0.95–0.99) 0.93 (0.89–0.96) 0.95 (0.91–0.98) 0.95 (0.90–0.97)
AUROC 0.90 (0.87–0.94) 0.73 (0.68–0.78)* 0.86 (0.83–0.90)* 0.81 (0.77–0.85)*** 0.88 (0.84–0.91)* 0.91 (0.89–0.94)

Fixed rings
ACC 0.71 (0.66–0.76) 0.73 (0.68–0.78) 0.74 (0.69–0.78) 0.70 (0.65–0.75) 0.73 (0.68–0.77) 0.69 (0.64–0.74)
SEN 0.25 (0.17–0.35) 0.14 (0.08–0.23) 0.36 (0.27–0.47) 0.03 (0.01–0.09) 0.15 (0.09–0.24) 0.21 (0.14–0.31)
SPE 0.89 (0.84–0.92) 0.96 (0.93–0.98) 0.88 (0.83–0.91) 0.96 (0.93–0.98) 0.95 (0.91–0.97) 0.88 (0.83–0.91)
AUROC 0.79 (0.75–0.83) 0.66 (0.61–0.71)* 0.73 (0.68–0.77) 0.70  (0.65–0.75)** 0.74 (0.69–0.78) 0.76 (0.72–0.81)

Exudate
ACC 0.74 (0.70–0.79) 0.67 (0.62–0.72) 0.68 (0.62–0.72) 0.63 (0.58–0.68) 0.62 (0.56–0.67) 0.77 (0.73–0.81)
SEN 0.45 (0.37–0.53) 0.24 (0.17–0.31) 0.27 (0.20–0.35) 0.13 (0.08–0.19) 0.14 (0.09–0.21) 0.55 (0.46–0.63)
SPE 0.97 (0.93–0.99) 0.99 (0.97–1.00) 0.97 (0.94–0.99) 1.00 (0.98–1.00) 0.96 (0.93–0.98) 0.94 (0.90–0.97)
AUROC 0.88 (0.85–0.91) 0.86 (0.83–0.90)* 0.78 (0.74–0.83) 0.83 (0.79–0.87)** 0.89 (0.86–0.93) 0.89 (0.86–0.93)

Furrows
ACC 0.71 (0.66–0.75) 0.70 (0.65–0.75) 0.77 (0.72–0.81) 0.67 (0.62–0.72) 0.69 (0.64–0.74) 0.80 (0.75–0.84)
SEN 0.45 (0.38–0.53) 0.38 (0.30–0.45) 0.57 (0.49–0.65) 0.36 (0.29–0.44) 0.41 (0.33–0.48) 0.64 (0.56–0.71)
SPE 0.94 (0.89–0.97) 0.99 (0.97–1.00) 0.95 (0.91–0.97) 0.94 (0.89–0.97) 0.95 (0.91–0.97) 0.94 (0.89–0.97)
AUROC 0.87 (0.84–0.91)* 0.91 (0.88–0.94) 0.82 (0.78–0.86)** 0.83 (0.79–0.86)*** 0.87 (0.83–0.90)* 0.90 (0.87–0.93)

EoE
ACC 0.76 (0.71–0.80) 0.66 (0.61–0.71) 0.81 (0.76–0.85) 0.74 (0.69–0.78) 0.78 (0.74–0.82) 0.87 (0.83–0.90)
SEN 0.53 (0.45–0.60) 0.32 (0.25–0.40) 0.62 (0.54–0.69) 0.53 (0.45–0.60) 0.57 (0.49–0.64) 0.76 (0.69–0.82)
SPE 0.99 (0.96–1.00) 0.99 (0.97–1.00) 1.00 (0.98–1.00) 0.95 (0.91–0.98) 1.00 (0.98–1.00) 0.98 (0.95–1.00)
AUROC 0.91 (0.88–0.94)* 0.90 (0.87–0.93)* 0.86 (0.82–0.89)** 0.87 (0.83–0.91)*** 0.91 (0.89–0.94) 0.94 (0.91–0.96)

CI, confidence interval; EoE, eosinophilic esophagitis; ACC, accuracy; SEN, sensitivity; SPE, specificity; AUROC, area under the receiver operating characteristic 
curve; CNN, convolutional neural network.
Values are presented as mean (95% CI). Metrics include ACC, SEN, SPE, and AUROC for each model in detecting edema across different CNN architectures.
Highest metric score; *p<0.05, **p<0.001, ***p<0.0001 by DeLong test comparing sca4U-Net with other models.



117

Ga Hee Kim, et al.

https://doi.org/10.3349/ymj.2024.0404

Fig. 2. AUROC comparisons by class. Blue denotes VGG19; orange denotes ResNet-50; green denotes EfficientNet-B3. Red, purple, brown denote auxU-
Net, sca3U-Net, and sca4U-Net, respectively. (A) Edema. (B) Fixed rings. (C) Exudates. (D) Furrows. (E) EoE. AUROC, area under the receiver operating 
characteristic curve; TRP, true positive rate; FPR, false positive rate.
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Our proposed sca4U-Net reliably outperformed the classi-
cal CNNs11,13,14 in identifying EoE positive vs. EoE negative (ac-
curacy: 86.9%; AUROC: 0.93). Additionally, we determined 

that the deepest skip connection of the U-Net26 offers the best 
feature extraction. The classical CNNs sometimes show good 
(but mixed) performance, but the Grad-CAM25 showed that 
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they are inappropriate from the viewpoint of clinical usage. In 
Fig. 3, clinically, Grad-CAM visualizations can help clinicians 
increase the accuracy of their diagnosis of EoE by visually 
showing the characteristic findings of EoE, such as mucosal 
furrows and circular rings in brightly colored areas, and the 
direction of the lumen. Table 2 shows the accuracy results of 
sca4U-Net in detecting the EoE features using the EREFS scor-
ing system. We also compared the diagnostic performances of 
human endoscopists and sca4U-Net, finding that the sensitiv-
ity and NPV of sca4U-Net were significantly greater than all 
three groups of endoscopists, and the specificity and PPV of 

sca4U-Net were between the FAC and FEL2 groups. Moreover, 
the predicted probabilities from our model (sca4U-Net) between 
groups with low and high EREFS scores showed a significant 
difference, which may imply (but not strictly) that our model 
can detect EoE regardless of its severity (Supplementary Ma-
terial, only online).

In the study, we divided the endoscopists into FAC, FEL2, 
and FEL1 groups based on their experience levels. FEL1 com-
prised medical fellows who lacked experience in endoscopic 
diagnosis of EoE; FEL2 consisted of fellows with some experi-
ence (fellows ≥1 year), whereas those in FAC had abundant 

Fig. 3. Grad-CAM results for endoscopic images. The highlighted regions provide a visual explanation of the model’s decision. (A) Grad-CAM results of 
EoE-positive images. (B) The results of EoE-negative images. EoE, eosinophilic esophagitis.
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experience. The sensitivity and NPV of the sca4U-Net were 
significantly greater than those of the other groups, suggesting 
that sca4U-Net can be used by all endoscopist groups as a 
screening tool to aid in EoE diagnosis. However, it might not be 
a fair comparison, since endoscopists usually diagnose patients 
using video, not still images. The strength of this study is that it 
is the first to validate a novel EoE screening tool using a U-Net 
CNN in the real world, with high accuracy (86.9%). In addi-
tion, there were a relatively large number of normal controls 
and endoscopic images of patients with EoE compared with 
those in previous studies. The dataset comprised 548 endo-
scopic images from 81 patients with EoE and 297 endoscopic 
images from 37 normal controls. Second, we used endoscopic 
images from healthy controls, and we selected them for histo-
logical confirmation by biopsy (<5 eosinophils per high-pow-
er field). EoE is diagnosed histologically based on eosinophilia 
in a biopsy sample. Previous studies have also confirmed this 
histologically in normal control groups, which is a great strength 

of our data. Finally, the dataset used in the present study includ-
ed relatively diverse endoscopic findings. In our study, we se-
lected and analyzed patients with typical endoscopic findings 
of EoE (median total EREFS score: 3.0), which may have con-
tributed to the increased value of AI analysis for the diagnosis 
of EoE.

Our study has several limitations. First, it is a single-center 
study with a retrospective design based on observational data, 
which needs to be re-evaluated in a multi-center study. Second, 
the collected dataset was relatively small, which increases the 
risk of overfitting. To overcome this problem, we applied both 
hard and soft augmentations when considering the rarity of 
EoE. However, the models could not be trained further, since 
their learning curves showed signs of overfitting after epochs 
in the mid-40s. Third, because our study collected data retro-
spectively, we were unable to analyze video footage and only 
analyzed still photographs. We will study video clips in future 
studies. For more clinically meaningful applications, this work 
needs to be applied to video data with a 3D CNN27,28 and multi-
center or multinational studies are required to further expand 
the validity of this tool. However, it is the first study that con-
ducted multitask experiments with multiple CNN models 
with robust accuracy. Additionally, in our study, analysis with-
out the EREFS score was not conducted. EoE is an immune-
mediated inflammatory disorder; therefore, it is not easy to 
identify without specific criteria. EoE does not show changes in 
volume or characteristic mucosal changes from the local area 
to the lumen of the gastrointestinal tract, such as colon polyps 
and stomach cancer, which are the main lesions in AI analy-
ses. Please note that the proposed model, sca4U-Net, used 
EREFS information only during training and does not require 
EREFS information for inference, since it is the target to be pre-
dicted by our model based on our study design. EoE exhibits a 
low prevalence, which makes it difficult to acquire a sufficient 
dataset and leads to overfitting in our model. For this reason, 
EREFS information was adopted to enhance information den-
sity during training, which can reduce overfitting in the model. 

In conclusion, our method showed robust performance 
compared to expert endoscopists, which could assist endosco-
pists of all experience levels in the early detection of the infre-
quent but clinically significant EoE. Multi-center prospective 
studies with mature datasets are needed for clinical application.

Table 3. Comparison of Diagnostic Performance between Three Groups of Endoscopists and sca4U-Net on 70 Images from the Test Dataset with 95% 
CIs (40 Images from Normal Controls and 30 Images from EoE Patients)

ACC SEN SPE PPV NPV
sca4U-Net 0.94 (0.86–0.98) 0.98 (0.87–0.99) 0.93 (0.78–0.98) 0.95 (0.83–0.98) 0.93 (0.82–0.99)

ACC PPV NPV
Group FAC 0.92 (0.88–0.93) 0.97 (0.92–0.98) 0.90 (0.84–0.91)
Group FEL2 0.89 0.92 0.88
Group FEL1 0.85 0.88 0.86
CI, confidence interval; EoE, eosinophilic esophagitis; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive 
value; FAC, faculty members; FEL2, fellows ≥1 year; FEL1, fellows <1 year.

Fig. 4. Comparison of classification performance between physicians and 
sca4U-Net. We sampled 70 images from the test set (eosinophilic esoph-
agitis: 30; normal controls: 40) and asked physicians to classify them. FAC 
is shown as a red point (sensitivity, 82%; specificity, 98%); FEL2 as a blue 
point (sensitivity, 80%; specificity, 94%); and FEL1 as a green point (sensi-
tivity, 77%; specificity, 89%). sca4U-Net shows an AUROC of 0.991. FAC, 
faculty members; FEL2, fellows ≥1 year; FEL1, fellows <1 year; AUROC, 
area under the receiver operating characteristic curve; TRP, true positive 
rate; FPR, false positive rate.
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