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Abstract. In current clinical practice, several treat-
ment methods, including neoadjuvant therapy, are being
developed to improve overall survival or local recurrence
rates for locally advanced rectal cancer. The response to
neoadjuvant therapy is usually evaluated using imaging
data collected before and after preoperative treatment or
postsurgical pathological diagnosis. However, there is a need
to accurately predict the response to preoperative treatment
before treatment is administered. The present study used a
deep learning network to examine colonoscopy images and
construct a model to predict the response of rectal cancer
to neoadjuvant chemotherapy. A total of 53 patients who
underwent preoperative chemotherapy followed by radical
resection for advanced rectal cancer at the Osaka University
Hospital between January 2011 and August 2019 were retro-
spectively analyzed. A convolutional neural network model
was constructed using 403 images from 43 patients as the
learning set. The diagnostic accuracy of the deep learning
model was evaluated using 84 images from 10 patients as the
validation set. The model demonstrated a sensitivity, speci-
ficity, accuracy, positive predictive value and area under the
curve of 77.6% (38/49), 62.9% (22/33), 71.4% (60/84), 74.5%
(38/51) and 0.713, respectively, in predicting a poor response
to neoadjuvant therapy. Overall, deep learning of colonos-
copy images may contribute to an accurate prediction of the
response of rectal cancer to neoadjuvant chemotherapy.
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Introduction

Colorectal cancer (CRC) is the third most common malignancy
worldwide and the second most common cause of cancer-asso-
ciated mortality (1). After the locoregional cancer is treated,
CRC often causes distant metastasis, with the liver being the
most common site (2). Due to anatomical reasons, patients
with rectal cancer (RC) have a higher risk of local recurrence
compared with patients with colon cancer, and locally recur-
rent RC is associated with a poor prognosis (3-5). Therefore,
various neoadjuvant therapy approaches have been attempted
for stage II or stage III RC to prevent distant metastasis and
local recurrence, including neoadjuvant chemotherapy (6-8),
neoadjuvant chemoradiotherapy (9-11) and total neoadjuvant
therapy (12-14).

Previous studies have indicated that tumor regression
detected through imaging after preoperative treatment is asso-
ciated with long-term prognosis in patients with RC (15,16). In
a prospective cohort study, the tumor regression grade assessed
through imaging was significantly associated with overall
survival and disease-free survival (15). Various efforts have
been made to explore the usefulness of serological or genetic
biomarkers as predictors of the response to preoperative treat-
ment, although such biomarkers are costly (17,18). The use
of regular examinations to predict the response of preopera-
tive treatment is desirable in terms of cost-effectiveness and
objectivity. Colonoscopy is typically performed on nearly all
patients suspected of having colorectal cancer before surgery
to assess tumor size, depth and circumference, followed by
biopsy to confirm the diagnosis (19,20). Patients undergoing
preoperative treatment are assessed for treatment response by
comparing endoscopic images taken before and after preop-
erative treatment. Colonoscopy images are thus among the
most readily available tumor images.

Conventional artificial intelligence (AI) techniques and
machine learning have major limitations in analyzing natural
data (21). However, deep learning, which has emerged in
previous years, excels in learning complex structures with
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high-dimensional data and has enabled significant advance-
ments in various fields (21,22). Deep learning is applicable
to medicine, and Al tools developed in collaboration with Al
experts, specialized facilities, companies and physicians are
gradually being implemented in practical settings (23-25).

The present research developed a deep learning prediction
model to assess the treatment response of RC to neoadjuvant
chemotherapy using endoscopic images taken during the
initial examination. The prediction accuracy of the model was
further investigated. To the best of our knowledge, no report
has verified whether deep learning of colonoscopy images
from initial examinations can predict the response of RC to
neoadjuvant chemotherapy.

Materials and methods

Patients and datasets. The present retrospective study included
patients who underwent radical resection for advanced RC
after neoadjuvant chemotherapy at Osaka University Hospital
(Suita, Japan) between January 2011 and August 2019. The
exclusion criteria were incomplete planned neoadjuvant
chemotherapy, lack of preserved endoscopic images or missing
clinical data. The patient characteristics are summarized in
Tables I and SI. The mean age of the patients was 60.2 years
(range, 19-77 years), with 33 men and 20 women.

The information and images of the patients were
obtained from electronic medical records. Clinical and
pathological factors were determined according to the
8th edition of the Union for International Cancer Control
Tumor-Node-Metastasis classification (26). Multidetector
row computed tomography (MDCT) and magnetic resonance
imaging (MRI) were used to preoperatively diagnose progres-
sion, including tumor invasion and lymph node metastasis.
Lymph nodes with a short axis diameter of =7 mm on MDCT
were considered positive (27). The MDCT parameters were
rotation speed of 0.6 s/r, helical pitch of 17.5 mm/r and slice
thickness of 0.625 mm. The reconstruction intervals were set
to 0.5 mm. MRI was performed using a thin, 3-mm section
turbo spin-echo T2-weighted technique with a surface pelvic
phased-array coil and a small field of view. Bowel preparation,
air insufflation or intravenous antispasmodic agents were not
routinely used.

The location and histological grade in response to neoad-
juvant chemotherapy were determined according to the
Japanese Classification of Colorectal, Appendiceal and Anal
Carcinoma (28). The classification of pathological tumor
regression grade was based on the guidelines provided by the
National Comprehensive Cancer Network (29). RO resection
was defined as no evidence of tumor within 1-mm of the distal,
proximal or radial margins, as assessed by the review of the
pathologists who were independent from the present study.

Evaluation of clinical response to neoadjuvant chemo-
therapy. Clinical response to neoadjuvant chemotherapy was
assessed by MRI conducted before and after chemotherapy
according to the Response Evaluation Criteria in Solid Tumors
version 1.1 (30). To simplify the end points, progressive
disease and stable disease were defined as poor responder RC
(PR-RC), and partial response and complete response as good
responder RC (GR-RC).

Colonoscopy. Colonoscopy was performed before and after
neoadjuvant chemotherapy. The images were obtained using
the EVIS LUCERA video system (Olympus Corporation)
and the following colonoscopes: CF-HQ290I, CF-Q260A1,
PCF-H290I, PCF-H290I, PCF-Q260AI, CF-H290I and
CF-H260AI (Olympus Corporation). All these endoscopes
were equipped with high-definition-compatible charge-coupled
devices that enabled high-quality imaging. Although the endo-
scopes had different scope diameters, viewing angles and focal
lengths, they yielded images of similar quality. All images had
at least one RC lesion, and multiple images of the same lesion
were produced to illustrate the differences in angle, distance
and extension of the mucosa. Images that include at least part
of the tumor area within the field of view were selected. The
present study did not limit images of the target by the distance
from the tumor surface. All images were captured under white
light after adjusting white balance. Poor-quality images due to
halos, blurred focus or mucus were excluded from the current
study.

Deep learning. A model was constructed using deep learning
of colonoscopy images to predict PR-RC or GR-RC. Overall,
two models were constructed, one based on pre-treatment
images and the other based on post-treatment images
(Figs. 1B and S1A). AlexNet (31) in Matlab 2022b (MathWorks)
was used as the network for building the models (32). Deep
Learning Toolbox (MathWorks; https://jp.mathworks.
com/products/deep-learning.html) and Image Processing
Toolbox (MathWorks; https://jp.mathworks.com/prod-
ucts/image.html) were used as toolboxes for constructing the
deep learning models. To eliminate unnecessary background
information and focus on the tumor, each image was cropped
to a square shape and resized to a predetermined size prior to
the analysis. Occlusion was used to assess the impact input
images and determine their influence on the classification
results.

Statistical analyses. The differences in clinicopathological
factors between the two groups were analyzed using Fisher's
exact test. Continuous variables that had a non-parametric
distribution were analyzed using the Mann-Whitney U test. The
Shapiro-Wilk test was used to test for normality. The contin-
uous variables are presented as the median + interquartile
range. P<0.05 was considered to indicate a statistically signifi-
cant difference for all analyses. All statistical analyses were
performed using the JMP Pro version 16 (SAS Institute, Inc.).

Results

A total of 53 of the 71 patients were included in the present
study. A total of 322 pre-treatment images from 43 patients
who underwent neoadjuvant chemotherapy for advanced RC
between January 2011 and March 2018 were included in the
learning set (Table I; Fig. 1). A validation set was created
that included 84 images obtained during the pre-treatment
examination of 10 patients who underwent neoadjuvant
chemotherapy between June 2018 and August 2019. All
patients underwent total mesorectal excision with RO resec-
tion 3 to 6 weeks after completing neoadjuvant chemotherapy.
In the learning set, patients with PR-RC had more advanced
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Table I. Clinicopathological backgrounds.

Variables Learning set (n=43) Validation set (n=10) P-value
Age, years
Median (IQR) 64 (56-71) 59 (37-65) 0.069*
Sex, n (%)
Male 28 (65.1) 5(50.0) 0.475°
Female 15 (34.9) 5(50.0)
Body mass index
Median (IQR) 22 (20.4-24.5) 24.1 (16.3-25.5) 0.139*
Carcinoembryonic antigen, ng/ml
Median (IQR) 5(2-9) 4.5 (3-17.8) 0.731*
Carbohydrate antigen 19-9, U/ml
Median (IQR) 18 (6 -39) 27.5 (8.6-52.9) 0.413*
Tumor location, n (%)
Ra 4.(9.3) 1 (10.0) >0.999°
Rb 39 (90.7) 9 (90.0)
Histological grade, n (%)
Tub, no evidence of cancer 38 (88.4) 9(90.0) >0.999°
Muc, Por 5(11.6) 1(10.0)
Lymphatic invasion, n (%)
Present 19 (44.2) 5(50.0) >0.999°
Absent 24 (55.8%) 5(50.0)
Vascular invasion, n (%)
Present 13 (30.2) 3 (30.0) >0.999°
absent 30 (69.8) 7 (70.0)
Pathological tumor invasion, n (%)
TO, Tis, T1, T2 22 (51.2) 5(50.0) >0.999°
T3,T4 21 (48.8) 5(50.0)
Pathological lymph node metastasis, n (%)
Present 15 (34.9) 2 (20.0) 0471°
Absent 28 (65.1) 8 (80.0)
Pathological tumor regression grade, n (%)
Grade 0, 1,2 6 (14.0) 3(30.0) 0.346°
Grade 3 37 (86.0) 7 (70.0)
Clinical response to NAC, n (%)
Poor response 22 (51.2) 5 (50.0) >0.999°
Good response 21 (48.8) 5(50.0)
Regimens of NAC, n (%)
Capecitabine, oxaliplatin containing 42 (97.7) 10 (100.0) >0.999°
Capecitabin and Bevacizumab 1(2.3) 0(0.0)

"Mann-Whitney U test, "Fisher's exact test. Location and histological grade were determined according to the Japanese Classification of
Colorectal Carcinoma (9th edition). Clinical response was determined according to Response Evaluation Criteria in Solid Tumors version
1.1. Progressive disease and stable disease were defined as poor response, and partial response and complete response were defined as good
response. Ra, upper rectum; Rb, lower rectum; IQR, interquartile range; Tub, tubular adenocarcinoma; Por, poorly differentiated adenocarci-
noma; NAC, neo-adjuvant chemotherapy.

pathological tumor invasion and pathological lymph node The present study constructed a prediction model based on
metastasis compared with that observed among patients  deep learning of pre-treatment images and clinical responses
GR-RC, reflecting the clinical efficacy of neoadjuvant in the learning set. The accuracy of pre-chemotherapy deep
chemotherapy (Table II). learning model in predicting the response to chemotherapy in the
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Figure 1. Overview of the deep learning model. (A) Study population diagram. (B) Deep learning was performed using 322 colonoscopy images taken before
neoadjuvant chemotherapy. The validity of the constructed prediction model was verified with an independent validation set including 84 images.
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Figure 2. Receiver operating characteristic curves of the deep learning model. (A) Area under the curve value of the learning set was 0.990. (B) Area under

the curve value of the validation set was 0.713.

validation set is shown in Table III. In the validation dataset, 49
images were taken from five patients who were clinically diag-
nosed as PR-RC, and 35 images were taken from five patients who
were clinically diagnosed as GR-RC. When using the validation
set, the sensitivity, specificity, positive predictive value, accuracy
and area under the curve (AUC) of the model in predicting
PR-RC status were 77.6% (38/49), 62.9% (22/35), 74.5% (38/51),
71.4% (60/84) and 0.713, respectively (Table II; Fig. 2).

Prediction errors where the model was unable to predict
response occurred when the Al focused on areas other than
the tumor (Fig. 3). The percentages of incorrect predictions
where the Al focused on tumor area were 36.4% for PR-RC
and 15.4% for GR-RC. The percentage of incorrect predictions
where the Al focused on the normal mucosa was 54.5% for
PR-RC and 46.1% for GR-RC (Table IV). The percentages
of incorrect predictions focused on bleeding were 9.1% for
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Variables Poor responder (n=21) Good responder (n=22) P-value
Age, years
Median (IQR) 62 (56-71) 64.5 (54-70) 0913*
Sex, n (%)
Male 16 (76.2) 12 (54.5) 0.203°
Female 5(23.8) 10 (45.5)
Body mass index
Median (IQR) 22.8 (20.4-24.8) 21.9 (20.1-23.6) 0.671*
Carcinoembryonic Antigen, ng/ml
Median (IQR) 6 (3-10) 3 (2-9.75) 0.413*
Carbohydrate antigen 19-9, U/ml
Median (IQR) 18 (5.75-46.5) 12 (5-40) 0913*
Tumor location, n (%)
Ra 2(9.5) 0(0.0) 0.233°
Rb 19 (90.5) 22 (100.0)
Histological grade, n (%)
Tubular adenocarcinoma 17 (81.0) 21 (95.5) 0.185°
Muc or por 4(19.0) 1(4.5)
Lymphatic invasion, n (%)
Present 11 (52.4) 8(364) 0.364°
Absent 10 (47.6) 14 (63.6)
Vascular invasion, n (%)
Present 8 (38.1) 522.7) 0.332°
Absent 13 (61.9) 17 (77.3)
Pathological tumor invasion, n (%)
T1,T2 6 (28.6) 16 (72.7) 0.006°¢
T3,T4 15(71.4) 6(7.3)
Pathological lymph node metastasis, n (%)
Present 11 (52.4) 4(18.2) 0.027°¢
Absent 10 (47.6) 18 (81.8)
Pathological tumor regression grade, n (%)
Grade 0, 1,2 1(4.8) 522.7) 0.185°
Grade 3 20 (95.2) 17 (77.3)

“"Mann-Whitney U test, *Fisher's exact test. °P<0.05. Location and histological grade were determined according to the Japanese Classification
of Colorectal Carcinoma (9th edition). Clinical response was determined according to Response Evaluation Criteria in Solid Tumors version
1.1. Progressive disease and stable disease were defined as poor response, and partial response and complete response were defined as good
response. Ra, upper rectum; Rb, lower rectum; NAC, neo-adjuvant chemotherapy; IQR, interquartile range.

PR-RC and 38.5% for GR-RC. Al focus on non-tumor areas
was considered to be partly responsible for the incorrect Al
predictions.

Finally, the present study constructed another predic-
tion model based on deep learning of clinical responses and
colonoscopy images of the same patient dataset after preop-
erative chemotherapy, and its accuracy was verified. The same
learning and validation sets were used to test the model based
on colonoscopy images after preoperative chemotherapy. The
accuracy of the model is shown in Table SII. The post-chemo-
therapy model had a sensitivity of 40.5% (17/42), specificity of
56.1% (23/41), accuracy of 48.2% (40/83) and AUC value of

0.592 (Fig. S1C). The post-chemotherapy deep learning model
had inferior predictive performance to the model based on
pre-chemotherapy endoscopic images.

Discussion

Al technology has achieved unprecedented success in various
fields. Deep learning, which is a subset of machine learning
that focuses on deep artificial neural networks (21,25), has
been used in numerous areas of oncology, ranging from
cancer detection and classification to the molecular charac-
terization of tumors and their microenvironment (33,34), drug
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Table III. Prediction accuracy in the validation set of Al prediction models constructed by deep learning of colonoscopy images

before neoadjuvant chemotherapy.

Al prediction
Clinical response Poor responder Good responder Total
Poor responder 38 images 11 images 49 images
Good responder 13 images 22 images 35 images

Sensitivity, 77.6% (38/49); specificity, 62.9% (22/35); positive predictive value, 74.5% (38/51); accuracy, 71.4% (60/84). Clinical response was
determined according to Response Evaluation Criteria in Solid Tumors version 1.1. Progressive disease and stable disease were defined as poor
response, and partial response and complete response were defined as good response. Al, artificial intelligence.

Table IV. Focused area of incorrect Al prediction in the validation set.

Focused area of incorrect Al prediction

Other area
Clinical response Tumor area Normal mucosa Bleeding Total
Poor responder 4 images (36.4%) 6 images (54.5%) 1 image (9.1%) 11 images
Good responder 2 images (15.4%) 6 images (46.1%) 5 images (38.5%) 13 images

Clinical response was determined according to Response Evaluation Criteria in Solid Tumors version 1.1. Progressive disease and stable
disease were defined as poor response, and partial response and complete response were defined as good response. Al, artificial intelligence.

discovery (35) and prediction of distant metastasis (36). In the
context of predicting the efficacy of preoperative treatment for
RC,deep learning based on MRIimages and hematoxylin-eosin
(HE) staining images has been reportedly useful in predicting
complete response to preoperative chemoradiotherapy (37).
The colonoscopy that was the source of images in the current
study was an examination conducted for nearly all patients
with RC who received preoperative treatment, meaning it was
relatively straightforward to implement a deep learning model
using this modality in clinical practice.

The present study examined the ability of deep learning
models based on colonoscopy images to predict the response
of RC to preoperative chemotherapy. This study did not
include the patients who were provided neoadjuvant radia-
tion therapy or neoadjuvant chemoradiotherapy because the
mechanisms of antitumor effects of chemotherapy and
radiation therapy differ. The model based on colonoscopy
images taken before preoperative chemotherapy was able to
differentiate PR-RC from GR-RC with a sensitivity of 77.6%
and accuracy of 71.4% with an AUC of 0.713. Furthermore,
the present study created a program to visualize the parts
of the image that the Al recognized and diagnosed using a
color map (38-40). Al-based image recognition detects the
location of the tumor as well as the information around
the tumor, including the bleeding area, which might influ-
ence the prediction accuracy. Implementing a program that
accurately recognizes the tumor surface may improve the
accuracy of the prediction. The analyses in the study did
not exclude patients who used molecularly targeted drugs.

The present study also attempted to create another model
using pre-treatment images except for the patients who used
molecularly targeted drugs and the accuracy was assessed.
The sensitivity and accuracy of the model that excluded the
patient on targeted therapy were 71.4% (35/49) and 65.5%
(55/84), respectively.

The current study defined MRI-detected clinical response
as the outcome of deep learning models because MRI assess-
ments of tumor regression grade are imaging markers that
predict survival outcomes (15). Pathologic tumor regression
grading is based on the percentage of fibrosis in the surgical
specimen and correlates with survival at a greater statistical
significance (15,16); however, by applying a similar approach
with MRI, the present study was able to assess tumor response
and predict the outcome of patients before surgery (15). Future
validation studies are needed to determine the tumor response
and survival outcome before chemotherapy using deep
learning and endoscopic images.

To the best of our knowledge, the present study was
the first to report on the utility of deep learning based on
pretreatment endoscopic images to predict the treatment
response to neoadjuvant chemotherapy. The current results
had several important implications. The first was the possi-
bility of improving the model by combining the modality
with other modalities, such as MRI images and clinicopatho-
logical factors. Recently, deep learning prediction models
have combined multiple modalities to predict the clinical
efficacy of preoperative RC treatment. Predictive models
combining multiple modalities significantly outperform
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Figure 3. Examples for attention color mapping on six colonoscopy images. (A) Examples of correct Al prediction. (B) Incorrect Al prediction due to focus on
normal mucosa or bleeding. White arrows indicate the normal mucosa that the Al focused on. White arrow heads indicate the bleeding that the Al focused on.
Al, artificial intelligence; CNN, convolutional neural network; PR, poor response; GR, good response.

predictive models involving individual modalities (37).
Secondly, the application of deep learning to pretreatment
endoscopic images could serve as a potential method for
predicting the complete response to preoperative chemora-
diotherapy. In the future, if deep learning models based on
endoscopic images demonstrate improved predictive accu-
racy compared with models based on histological images,
their significance must be further emphasized through future
validation. Thirdly, pre-chemotherapy endoscopic images
may be more useful compared with post-chemotherapy

images to build models predicting the effect of chemotherapy.
The present study revealed that the deep learning model
based on pre-chemotherapy images was more accurate in
predicting chemotherapy efficacy compared with that using
post-chemotherapy images. Furthermore, the present study
validated a combination model; however, the sensitivity
(20.0%) and accuracy (40.0%) were so low that the model
was not considered useful. The deep learning model based
on pre-chemotherapy images may capture features of tumor
surface structures that reflect chemotherapy responsiveness.
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The present results were limited by the potential risk of
overfitting due to the use of data from a single-center and
small sample size. Additionally, the current results are limited
by uncertain reproducibility due to the lack of prospective
validation; therefore, additional validation is required.

In conclusion, deep learning based on endoscopic images
may allow for enhanced accuracy when predicting the response
of RC to neoadjuvant chemotherapy. There is a need to collect
more images and investigate additional image features to
improve prediction accuracy.
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