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DESCRI PTI ON

A di sease di agnosi s support nethod enpl oyi ng endoscopi c
i mges of a digestive organ, a diagnosis support system a
di agnosi s support program and a conputer-readabl e recordi ng
medi um havi ng the di agnosi s support program stored therein

Field

[ 0001] The present invention relates to a disease

di agnosi s support nethod enpl oyi ng endoscopi c i nages of a
di gestive organ using a neural network, a diagnosis support
system a diagnosis support program and a conputer-readabl e
recordi ng medi um havi ng the di agnosi s support program

stored therein.

Backgr ound

[ 0002] Wher e endoscopi c exam nation is performed in many
cases for digestive organs such as a larynx, a pharynx, an
esophagus, a stonach, a duodenum a bile duct, a pancreatic
duct, a small intestine, and a col on, endoscopic

exam nation for upper digestive organs is often perforned
for screening of gastric cancer, esophageal cancer, peptic
ul cer, and refluxed gastritis, and endoscopi c exam nation
for colon is often performed for screening col on cancer,
colon polyp, colitis ulcerosa, and the like. In particular,
endoscopi ¢ exam nation for upper digestive organs is al so
useful for the detail ed exam nation of various epigastric
synpt ons, positive bariumneal studies for gastric diseases,
and abnormal serum pepsinogen | evels, which are conmon
conponents of a routine health check-up in Japan.
Additionally, in recent years, conventional barium neal
studies for gastric cancer screening have becone

I ncreasingly replaced by gastroscopy.
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[ 0003] Gastric cancer is one of the nbst comon

mal i gnancies, with approximately one mllion cases
estimated several years ago worldw de. Anobng the

underl ying causes of gastric cancer, Helicobacter pylori
(hereinafter can be referred to as H pylori), infection

I nduces atrophic gastritis and intestinal netaplasia,
eventually resulting in the devel opnment of gastric cancer.
It is considered that H pylori contributes to 98% of non-
cardi a gastric cancers worldwi de. Gven the increased risk
of gastric cancer in H pylori-infected patients, and the
decreased incidence of gastric cancer following H pylori
eradi cation, the International Agency for Research on
Cancer has classified H pylori as a definite carcinogen.
Fromthis result, eradicating H pylori is beneficial to
reduce the risk of onset of gastric cancer. Eradication
with an antibacterial agent is covered by nedical service
under health insurance in Japan and is strongly recomended
treatment now and in the future froma vi ewpoi nt of
sanitation.

[ 0004] To differential diagnosis for the presence of H.
pylori infection, gastroscopy gives extrenely useful
information. \While regular arrangenment of collecting
venul es (RAC), in which blood capillaries are clearly seen,
and fundic gl and pol yps are characteristic to gastric
mucosa that is H pylori-negative, atrophy, diffuse redness,
mucosal swelling, and enlarged folds are representative
findings for H pylori-infected gastritis. An accurate
endoscopi ¢ di agnosis of H pylori infection wll trigger
confirmation by various tests such as blood or urine anti-H
pylori 1gG | evels neasurenent, fecal antigen test, urease
breath test, or rapid urease test. Subsequently, patients
with a positive test result are considered for H pylori
eradi cation. Wth endoscopi c exam nation being w dely used
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for the gastric disease screening, capability in
identifying H pylori infection during confirnmation of
gastric di sease, w thout depending on the analysis of
clinical sanples, elimnates uniformy perfornmed bl ood and
urine tests, largely reduces burden on patients, and wl|
contribute to nedi cal econom cs.

[ 0005] Moreover, in particular in advanced industria
countries, disease rate of colitis ulcerosa (UC), is
steadily increasing, and it is suggested that one of the
causes for colitis ulcerosa is Western-style dietary life
and environment. Several options for curing colitis

ul cerosa include nesal azi ne, corticosteroid, and antitunor
necrosi s factor nonoclonal antibody. It is significant to
use these nedications followi ng clinical synptons and

di sease activity index of patients so as to hold activated
di seases in rem ssion status.

[ 0006] In addition to scores of clinical synptons, using
col onoscopy of colitis ulcerosa patients, the degree and
the severity of colitis ulcerosa are nainly evaluated. The
previ ous studies reported a conbination of the eval uation
and measurenent of disease activities with the endoscope.
Anmong t he conbi nati on, Mayo endoscopi ¢ score used to

eval uate di sease activities of colitis ulcerosa patients is
one of the nost reliable and wi dely used i ndexes.
Specifically, Mayo endoscopic score is classified into the
followng four levels. That is, O0: normal or non-active,
1: mld (diffuse redness, unclear visible vascular pattern,
mld easy bleeding), 2: noderate (marked diffuse redness,
visible blood pattern extinction, easy bl eeding, erosion),
3: heavy (natural bl eeding, ulcer).

[ 0007] It is indicated that an endoscopic rem ssion
status that is defined as Mayo endoscopi ¢ score<l and

call ed "nmucosal healing" correlates to lowering in



10

15

20

25

30

corticosteroid usage rate, adm ssion rate, clinica
recurrence rate, and colectony rate. However, according to
reports until now, disease activity evaluation by non-
endoscopists has substantial difference in x-coefficient
anong observers, ranging fromO0.45 to 0.53, and di sease
activity evaluation even by endoscopi sts has difference in
the degree of matching with the x-coefficient ranging from
0.71 to 0.74. It should be noted that the kx-coefficient is
a paraneter to evaluate the degree of natching for

di agnosi s anong observers. A value of the paraneter ranges
fromO to 1, and the degree of matching is deternmined to
beconme hi gher as the val ue becones greater.

[ 0008] Duri ng such endoscopi c exam nation for the

di gesti ve organ, many endoscopic i mages are acquired. For
t he accuracy managenent, doubl e checki ng of endoscopic

I mages by endoscopists is obligated. Wth several tens of
t housands of endoscopi c exam nation annually perfornmed, the
nunber of inages hourly read by one endoscopist in
secondary reading is approximtely 2, 800. This nunber is
huge and burdensone on site.

[ 0009] A di agnosi s based on endoscopi c i mages requires
training for endoscopists, and is tine-consunmng in
checking stored images. It is a subjective diagnosis and
can cause fal se-positive and fal se-negative rates.
Furthernore, fatigue of an endoscopist can adversely affect
the diagnostic yield of this investigation. Such huge
burden and | owered accuracy can lead to limtation in
nunber of exam nees, and give rise to concern that nedica
servi ces neeting demand cannot be sufficiently provided.

[ 0010] In order to inprove the endoscopic exam nation in
t he above-descri bed workl oad and | owered accuracy, it is
expected to make use of artificial intelligence (Al).

Using Al the image recognition ability of which has
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exceeded that of human beings in these years as an

assi stant of endoscopists is expected to inprove the
accuracy and the speed of second reading.

Recent reports suggest that Al using deep | earning has been
remarked in various nedical fields, the Al having the
ability to screen nedical inmages in areas including

radi ati on oncol ogy, skin cancer classification, and

di abetic retinopathy, as a substitute for specialists in
correspondi ng fields.

[ 0011] In particular, screening in mcro-endoscope | evel
has proved that Al is capable of providing accuracy equa

to that with specialists (Non Patent Literature 1).

Der mat ol ogi sts have already rel eased that Al having a deep
| earning function exerts the image di agnostic ability equal
to that of the specialists (Non Patent Literature 2). Sone
pat ent docunents use various types of machine | earning

nmet hods (refer to Patent Literature 1 and Patent Literature
2). However, whether Al diagnostic ability for endoscopic
images is able to satisfy the accuracy (precision) and the
performance (speed) that are useful in actual medical front
is yet validated, and di agnosis based on endoscopic i nmges
usi ng machi ne | earni ng has not been put into practice.
[0012] Deep learning is able to | earn high-order feature
values frominput data by using a neural network that is
conposed of stacked multiple layers. Furthernore, deep

|l earning is able to update internal paraneters, by using a
backpropagation algorithm that are used to cal cul ate
respective representations of the layers fromthe
representations in the previous |layers, through indication
of what change is to be nade to a system

[ 0013] Deep learning is capable of training association
of medical images by using the previously stored nedical

I mages, and can be a strong machi ne-| earning techni que that
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al lows users to acquire clinical characteristics of
patients directly fromthe nedical inmages. The neural
network is a mathematical nodel in which characteristics of
a brain neural circuit are represented with sinulation on a
conputer, and is an approach of an algorithmthat support
deep | earni ng.

Ctation List

Patent Literature

[ 0014] Patent Literature 1. Japanese Patent Application
Lai d- open No. 2017-045341

Patent Literature 2: Japanese Patent Application Laid-open
No. 2017-067489

Patent Literature 3: Japanese Patent Application Laid-open
No. 2013-113689

Non Patent Literature

[ 0015] Non Patent Literature 1:

http://ww. gi ejournal .org/article/S0016-5107(14), 02171-
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col orectal |esions by using endocytoscopy” Yuichi Mri et
al . Presented at Digestive D sease Wek 2014, My 3-6, 2014,
Chicago, Illinois, USA

Non Patent Literature 2: "Nature" February, 2017, Opening
article "Learning skin lesion: Artificial intelligence
reinforces ability to detect skin cancer based on inages"
(http://ww. nat ureasi a. com j a-j p/ nat ur e/ hi ghli ghts/82762),
Non Patent Literature 3:
http://gentai kyo. or. | p/ about/pdf/report/131119. pdf

Non Patent Literature 4: Kumagai Y, Minma K, Kawada K
"Magni fyi ng chronpbendoscopy of the esophagus: in-vivo
pat hol ogi cal di agnosis using an endocytoscopy system",
Endoscopy, 2004, vol. 36, p590-4.



10

15

20

25

30

Non Patent Literature 5: Esteva A, Kuprel B, Novoa RA et
al . "Dermatol ogist-level classification of skin cancer with
deep neural networks", Nature, 2017, vol. 542, pl15-8.

Summary

Techni cal Probl em

[ 0016] In determ nation of endoscopic inmages in

gastroi ntesti nal endoscopi c exam nation, pronoting
efficiency with high accuracy mai ntai ned has been | argely
demanded. Furthernore, when Al is to be used in inmage
analysis in this field, inprovenent in the Al techniques is
| argel y demanded. Furthernore, as far as the inventors
know, there have been no reports regarding the ability of
neural networks to diagnose H pylori-infected gastritis,
colitis ulcerosa, and esophageal disease, in particular, to
di agnose esophageal di sease using Endocyt oscopy (ECS)

i mages, and no exanples in which the neural networks have
been optimzed to H pylori-infected gastritis test,
colitis ulcerosa test, and esophageal disease test, based
on the analysis of these gastrointestinal endoscopic inages,
t hrough deep | earning, and inplenmented and used in nedica
front, which is a problemto be solved in future.

[ 0017] For upper endoscopy, images of not only a stonach
but also a plurality of different organs such as a | arynx,
a pharynx, an esophagus, and a duodenum are acquired
together in a mxed manner. |In particular, for screening
for gastric cancer through endoscopi c exam nation, sorting
the acquired i mages by organs or regions with Al can reduce
bur dens on endoscopists in witing remarks and second

r eadi ng.

[ 0018] An object of the present invention is to provide
a di sease di agnosis support nethod enpl oyi ng endoscopi c

I mges of a digestive organ, a diagnosis support system a
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di agnosi s support program and a conputer-readabl e recording
medi um havi ng the di agnosi s support program stored therein
that are able to accurately diagnose di seases such as H.
pylori-infected gastritis, colitis ulcerosa and esophageal
di seases, by using endoscopic i mages of a digestive organ

and using a neural network.

Solution to Probl em
[ 0019] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a first
aspect of the present invention is
a di sease di agnosi s support mnethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network, the nmethod training a neural network by using
first endoscopic i mages of the digestive organ, and
corresponding to the first endoscopic i mages, at | east
one definitive diagnosis result of being positive or
negative for a di sease of the digestive organ, a past
di sease, a severity level, and information corresponding to
an i maged region,
the trained neural network outputting, based on second
endoscopi ¢ i mages of the digestive organ, at |east one of a
probability of being positive and/or negative for the
di sease of the digestive organ, a probability of a past
di sease, a severity level of the disease, and the
i nformati on corresponding to the imged region.
[ 0020] Wth the di sease di agnosis support nethod
enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the first aspect, the neura
network is trained based on first endoscopi c inages
conposed of endoscopic inmages of a plurality of digestive
organs, which are obtained in advance for a plurality of
correspondi ng subjects, and at | east one definitive
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di agnosis result of being positive or negative for the

di sease, a past disease, a severity level, and information
corresponding to an i maged region, which are each obtained
i n advance for each of the subjects, and thus it is
possible to provide, in a short tine with such accuracy
that is substantially conparable to that with endoscopists,
at |l east one of a probability of being positive and/or
negative for the disease of the digestive organ of the
subject, a probability of a past disease, a severity |evel
of the disease, and the information corresponding to the

i maged region, thereby making it possible to sort a subject
who is to be separately subjected to definitive diagnosis.
Furt hernore, the diagnosis support nethod all ows autonmated
di agnosis for at |east one of a probability of being
positive and/ or negative for a disease, a probability of a
past di sease, a severity level of the disease, and

i nformati on corresponding to an inaged region, by conparing
with test data conposed of endoscopic inages of a plurality
of digestive organs of a | arge nunber of subjects. This
aut omat ed di agnhosis nmakes it easier for endoscopists to
perform check and correction, and al so reduce workl oad for
creating sets of inmages associates wth di seases.

[ 0021] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a second aspect of the present
invention is characterized in that, in a disease diagnosis
support nethod system enpl oyi ng endoscopi ¢ i nages of a

di gestive organ using a neural network according to the
first aspect, the first endoscopic imges are adjusted in
contrast.

[ 0022] Wth the di sease di agnosi s support nethod

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the second aspect, all of the



10

15

20

25

30

10

first endoscopic imges are adjusted in contrast so as to
substantially have the same gray level, and thus the
detection accuracy is inproved in respective probabilities
of being positive and bei ng negative for a disease, and a
severity |evel

[ 0023] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a third aspect of the present
invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi c i nages of a
di gestive organ using a neural network according to the
first or the second aspect, the first endoscopic i nages are
associated with respective i nmaged regi ons.

[ 0024] In some cases, with an untrai ned neural network,
it is difficult to identify fromwhat region a specific
endoscopi ¢ i mage of a digestive organ was acquired. Wth
t he di sease di agnosi s support nethod enpl oyi ng endoscopi c
i mages of a digestive organ using a neural network
according to the third aspect, the neural network is to be
trai ned using endoscopic i mages classified by different
regions, thereby making it possible to finely train the
neural network according to different regions.
Consequently, the neural network will inprove in the
detection accuracy with respect to the second endoscopic

| mages regarding, for exanple, respective probabilities of
bei ng positive and being negative for a disease, a
probability of a past disease, and a severity |level of the
di sease.

[ 0025] A di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to a fourth aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
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di gestive organ using a neural network according to the
third aspect, the region includes at |east one of a pharynx,
an esophagus, a stonach, and a duodenum

[ 0026] Wth the di sease di agnosis support nethod

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the fourth aspect,
classification by each region can be accurately perforned
for a pharynx, an esophagus, a stomach, and a duodenum and
thus the detection accuracy for each of the regions is

i nproved in respective probabilities of being positive and
bei ng negative for a disease, a probability of a past

di sease, a severity level of the disease, and the liKke.

[ 0027] A di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to a fifth aspect of the present
invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi c i nages of a
di gestive organ using a neural network according to the
third or the fourth aspect, the region is segnented in a
plurality of portions for at |east one of the digestive

or gans.

[ 0028] Because di gestive organs each have a conpli cated
shape, in sone cases, with a small nunber of
classifications for the region, it is difficult to
recogni ze fromwhat region a specific endoscopic i mge of a
di gestive organ was acquired. Wth the di sease diagnosis
support nethod enpl oyi ng endoscopi c i mages of a digestive
organ using a neural network according to the fifth aspect,
di gestive organs are each segnented in a plurality of
portions, thereby making it possible to provide a high-
accuracy diagnosis result in a short tine.

[ 0029] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
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network according to a sixth aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to the
fifth aspect, when the region is of a stomach, the segnents
i ncl ude at | east one of an upper stonach, a m ddl e stonach,
and a |l ower stomach. A disease diagnhosis support nethod
enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to a seventh aspect of the present
invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi c i nages of a
di gestive organ using a neural network according to the
fifth aspect, when the region is of a stonmach, the segnents
include at | east one of a cardia, a gastric fundus, a
gastric corpus, an angular region, an antral zone, an
antrum and a pyl orus.

[ 0030] Wth the disease diagnosis support nethod

enpl oyi ng endoscopi ¢ i mages of a digestive organ using a
neural network according to the sixth or the seventh aspect
of the present invention, classification by each segnent or
region can be accurately perforned for a stomach, and thus
the detection accuracy for each of the segnents or the
regions is inproved in respective probabilities of being
positive and being negative for a disease, a probability of
a past disease, a severity level of the disease, and the
like. It should be noted that selection between the
segnents and the regions may be nade as appropriate
according to necessities.

[ 0031] A di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to an ei ghth aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
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di gestive organ using a neural network according to any one
of the third to the seventh aspects, when the nunber of the
first endoscopic inmages in one of the inmaged regions is
smal l er than that in another region, by using at |east one
of rotation, enlargenent, reduction, change in the nunber
of pixels, extraction of bright and dark portions, and
extraction of portions having change in hue, for the first
endoscopi ¢ i mages, the nunber of the first endoscopic

i mages i s made substantially equal in every region.

[ 0032] In sone cases, the nunmber of first endoscopic

i mages conposed of endoscopic inages of a plurality of

di gesti ve organs, which have been obtained in advance for a
plurality of corresponding subjects are largely different
for different regions. Wth the di sease di agnosis support
nmet hod enpl oyi ng endoscopi c i mages of a digestive organ
using a neural network according to the eighth aspect, also
in such a case, by using at |east one of rotation,

enl argenent, reduction, change in the nunber of pixels,
extraction of bright and dark portions, and extraction of
portions having change in hue, for the first endoscopic

i mages of a certain region, it is possible to increase the
nunber of pixels for training the neural network, thereby
reducing variation in the detection accuracy, which is
caused by difference in the regions, in respective
probabilities of being positive and being negative for a

di sease, a probability of a past disease, a severity |evel
of the disease, and the like. It should be noted that in

t he di sease di agnosis support nethod enpl oyi ng endoscopi c

I mges of a digestive organ using a neural network
according to the eighth aspect, the nunber of endoscopic

i mges for each region does not always need to be the sane,
but it is sufficient that variation in nunber is reduced.

[ 0033] A di sease di agnosi s support nethod enpl oyi ng
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endoscopi ¢ i mages of a digestive organ using a neural
network according to a ninth aspect of the present
Invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to any one
of the third to the eighth aspects, the trained neura
network i s capable of outputting information correspondi ng
to a region at which the second endoscopi ¢ i nages have been
I maged.

[ 0034] Nor mal | y, many endoscopi ¢ i mages or continuously
captured i mages of digestive organs are obtained for one
subject. Wth the di sease di agnosis support nethod

enpl oyi ng endoscopi ¢ i mages of a digestive organ using a
neural network according to the ninth aspect, respective
probabilities of being positive and being negative for a

di sease and a region nane are output for each of the second
endoscopi ¢ i mages, thereby naking it easy to grasp regions
at which the disease is positive and distribution of the
regi ons.

[ 0035] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a tenth aspect of the present
Invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to the
ninth aspect, the trained neural network outputs the
probabilities or the severity |level together with

i nformati on corresponding to the region.

[ 0036] Wth the di sease di agnosi s support nethod

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the tenth aspect, the
probabilities or the severity, and regi on nanes are out put
i n a descending order of probabilities of being positive of
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a di sease and a severity level, thus making it easy to
grasp regions to be accurately exam ned.

[ 0037] A di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to an el eventh aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to any one
of the first to the tenth aspects, the first endoscopic

I mages i nclude gastroscopic i mages, and the di sease

i ncludes at |east one of with or without H pylori
infection and with or without H pylori eradication.

[ 0038] Wth the disease diagnosis support nethod

enpl oyi ng endoscopi c i mages of a digestive organ using a
neural network according to the eleventh aspect, it is
possi bl e to predict respective probabilities of being
positive and being negative of H pylori infection of a
subject and with or without H pylori eradication, with
accuracy equal to that with Board Certified
Gastroenterol ogi sts of the Japanese Gastroenterol ogi cal
Endoscopy Society, thereby making it possible to accurately
select in a short tine a subject to be separately subjected
to definitive diagnosis. It should be noted that the
definitive diagnosis can be perforned to a sel ected subject
t hrough bl ood or urine anti-H pylori 1gG |levels
nmeasurenent, fecal antigen tests, or urease breath tests.

[ 0039] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a twelfth aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to any one
of the first to the tenth aspects, the first endoscopic



10

15

20

25

30

16

i mges include colon fiberscope i nages, the di sease

I ncludes at least colitis ulcerosa, and the trained neura
network outputs a result after being segnented in a
plurality of stages according to the severity level of the
colitis ulcerosa.

[ 0040] Wth the di sease di agnosis support nethod

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the twelfth aspect, it is
possible to the predict severity level of colitis ulcerosa
of a subject with accuracy equal to that with the Board
Certified Gastroenterol ogi sts of the Japanese
Gastroenterol ogi cal Endoscopy Society, thereby naking it
possible to accurately select in a short tinme a subject to
be separately subjected to additional close exam nation.

[ 0041] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a thirteenth aspect of the present
invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi c i nages of a
di gestive organ using a neural network according to any one
of the first to the tenth aspects, the first endoscopic
I mges i nclude esophagus endoscopic images with

Endocyt oscopy, the disease includes at | east one of
esophageal cancer, gastroesophageal reflux di sease, and
esophagitis, and the trai ned neural network outputs a
result after being segnented, for at |east one of the
esophageal cancer, the gastroesophageal reflux disease, and
t he esophagitis.

[ 0042] Wth the di sease di agnosi s support nethod

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to the thirteenth aspect, it is
possible to mnimze overdiagnosis, in which a non-

cancerous | esion is diagnosed cancerous based on esophagus
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endoscopi ¢ i mages with Endocyt oscopy, thereby making it
possible to reduce the nunber of subjects to be subjected
to tissue biopsy.

[ 0043] A di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to a fourteenth aspect of the present

I nvention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to any one
of the first to the thirteenth aspects, the second
endoscopi c i mages are at | east one of images that are being
captured with an endoscope, inmges transmtted via a
comuni cati on network, images to be provided froma renote
operation systemor a cloud system images stored in a
comput er - r eadabl e recordi ng medi um and novi ng i mages.

[ 0044] Wth the disease diagnosis support nethod

enpl oyi ng endoscopi ¢ i mages of a digestive organ accordi ng
to the fourteenth aspect, it is possible to output, in a
short tine, respective probabilities of being positive and
bei ng negative or a severity level for a disease of a

di gestive organ with respect to the second endoscopic

I mges that were input, thereby making it possible to use

I mages transmtted froma renote site, for exanple, and
novi ng i mages, regardless of the input format of the second
endoscopi ¢ i mages.

[ 0045] It should be noted that avail abl e conmuni cati on
networks include the Internet that is well known, intranet,
extranet, LAN, |SDN, VAN, CATV communi cation networks,
virtual private networks, telephone networks, nobile
conmuni cati on networks, and satellite comunication
networks. Moreover, available transm ssion nedia
constituting comuni cation networks include wred nedia
such as the | EEE1394 serial bus that is well known, USB,
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power |ine conmmunication, cable TV circuit, tel ephone line
circuit, and ADSL circuit, and wirel ess nedia such as
infrared radiation, Bluetooth (registered trademark),

| EEE802. 11, nvobil e tel ephone network, satellite circuit,
and terrestrial digital network. These comrunication
networ ks and nedi a all ow the di agnosis support systemto be
used in fornms of what is called cloud service and a renote
support service.

[ 0046] Avai | abl e comput er-readabl e storage nedi a i ncl ude
tape based nedia that are well known, such as magnetic
tapes and cassette tapes, disc based nedia including floppy
(registered trademark) disks, magnetic discs such as hard
di scs, optical discs such as conpact discs (CD)-ROM MO, M,
digital video discs, and conpact disc-R card based nedi a
such as I C cards, nenory cards, and optical cards, and

sem conduct or nenory based nedi a such as mask ROV EPROM
EEPROM and flash ROM These conput er-readabl e storage
media provide a formin which the systemcan be easily

i nplanted and installed in what is called nedica
institution and health exam nation institution.

[ 0047] A di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to a fifteenth aspect of the present
Invention is characterized in that, in the disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to any one
of the first to the fourteenth aspects, a convol utional
neural network is used as the neural network.

[ 0048] The convol utional neural network serving as a
neural network is a mathematical nodel in which brain
characteristics in a visual cortex are sinulated, and is
extrenely excellent in the ability of |earning imges.

Thus, the di sease di agnosis support method enpl oyi ng
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endoscopi ¢ i mages of a digestive organ using a neural
network according to the fifteenth aspect has higher
sensitivity and higher specificity, thereby providing
extrenely | arge benefits.

[ 0049] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a

si xteenth aspect of the present invention is a disease

di agnosi s support system enpl oyi ng endoscopi ¢ i nages of a
di gestive organ including an endoscopi c image input unit,
an output unit, and a conmputer having a neural network
enbedded therein. The conputer includes a first storage
area having first endoscopic i mages of a digestive organ
stored therein, a second storage area having, corresponding
to the first endoscopic inmages, at |east one definitive

di agnosis result stored therein, the result being positive
or negative for the disease of the digestive organ, a past
di sease, a severity level, and information corresponding to
an i maged region, and a third storage area having the
neural network program stored therein. The neural network
programis trained based on the first endoscopi c i mages
stored in the first storage area and the definitive

di agnosis result stored in the second storage area, and
out puts, based on second endoscopi c i nages of the digestive
organ input fromthe endoscopic image input unit, at |east
one of a probability of being positive and/or negative for
the di sease of the digestive organ with respect to the
second endoscopi c i mages, a probability of a past disease,
a severity level of the disease, and information
corresponding to the inmaged region.

[ 0050] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
sevent eenth aspect of the present invention is
characterized in that, in the disease diagnosis support
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system enpl oyi ng endoscopi c i nages of a di gestive organ
according to the sixteenth aspect, the training/validation
data are adjusted in contrast.

[ 0051] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to an

ei ghteenth aspect of the present invention is characterized
in that, in the disease diagnosis support system enpl oying
endoscopi ¢ i mages of a digestive organ according to the

si xteenth or the seventeenth aspect, the first endoscopic
I mages are each associated with an i maged region.

[ 0052] A di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to a

ni net eent h aspect of the present invention is characterized
in that, in the disease diagnosis support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to the

ei ghteenth aspect, the region includes at | east one of a
pharynx, an esophagus, a stomach, and a duodenum

[ 0053] A di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to a
twenti eth aspect of the present invention is characterized
in that, in the disease diagnosis support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to the

ei ghteenth or the nineteenth aspect, the region is
segnmented in a plurality of portions for at |east one of
the di gestive portions.

[ 0054] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-first aspect of the present invention is
characterized in that, in the disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
according to the twentieth aspect, when the region is of a
stomach, the segnments include at |east one of an upper
stomach, a m ddl e stomach, and a | ower stonmach
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[ 0055] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-second aspect of the present invention is
characterized in that, in the disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
according to the twentieth aspect, when the region is of a
stomach, the segnents include at |east one of a cardia, a
gastric fundus, a gastric corpus, an angular region, an
antral zone, an antrum and a pyl orus.

[ 0056] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-third aspect of the present invention is
characterized in that, in the disease diagnosis support
syst em enpl oyi ng endoscopi ¢ i mages of a di gestive organ
according to any one of the sixteenth to the twenty-second
aspects, when the nunber of the first endoscopic inmges in
one of the imged regions is smaller than that in another
region, by using at |east one of rotation, enlargenent,
reducti on, change in the nunber of pixels, extraction of
bri ght and dark portions, and extraction of portions having
change in hue, for the first endoscopic images, the nunber
of pieces of training/validation data is nade substantially
equal in every region.

[ 0057] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-fourth aspect of the present invention is
characterized in that, in the disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
according to any one of the sixteenth to the twenty-third
aspects, the trained neural network programis capabl e of
outputting information corresponding to a region at which
the second endoscopi ¢ i nages have been i maged.

[ 0058] A di sease di agnosi s support system enpl oyi ng
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endoscopi ¢ i mages of a digestive organ according to a
twenty-fifth aspect of the present invention is
characterized in that, in the disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
according to the twenty-fourth aspects, the trained neural
networ k program outputs the probabilities and the severity
| evel together with the information corresponding to the
regi on.

[ 0059] A di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to a
twenty-si xth aspect of the present invention is
characterized in that, in the disease diagnosis support
syst em enpl oyi ng endoscopi ¢ i mages of a di gestive organ
according to any one of the sixteenth to the twenty-fifth
aspects, the first endoscopic inmages include gastroscopic
i mages, and the disease includes at |east one of with or
wi thout H pylori infection with or without H pylori
eradi cati on.

[ 0060] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-seventh aspect of the present invention is
characterized in that, in the disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
according to any one of the sixteenth to the twenty-fifth
aspects, the first endoscopic i mages include col on

fi berscopic i mages, the disease includes at least colitis
ul cerosa, and the trained neural network program outputs a
result after being segnented in a plurality of stages
according to the severity level of the colitis ulcerosa.

[ 0061] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-ei ghth aspect of the present invention is
characterized in that, in the disease diagnosis support
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system enpl oyi ng endoscopi c i nages of a di gestive organ
according to any one of the sixteenth to the twenty-fifth
aspects, the first endoscopic i nages include esophagus
endoscopi c i mages w th Endocytoscopy, the di sease includes
at | east one of esophageal cancer, gastroesophageal refl ux
di sease, and esophagitis, and the trained neural network
outputs a result after being segnented, for at |east one of
t he esophageal cancer, the gastroesophageal reflux disease,
and the esophagitis.

[ 0062] A di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to a
twenty-ninth aspect of the present invention is
characterized in that, in the disease diagnosis support
syst em enpl oyi ng endoscopi ¢ i mages of a di gestive organ
according to any one of the sixteenth to the twenty-eighth
aspects, the second endoscopic i nmages are at | east one of

i mages that are being captured with an endoscope, inages
transmtted via a comruni cati on network, imges to be
provided froma renote operation systemor a cloud system
i mages stored in a conputer-readable recordi ng nedium and
novi ng i mages.

[ 0063] A di sease di agnosi s support system enpl oyi ng
endoscopi c i mages according to a thirtieth aspect of the
present invention is characterized in that, in the disease
di agnhosi s support system enpl oyi ng endoscopi ¢ i nages of a
di gestive organ according to any one of the sixteenth to
the twenty-ninth aspects, the neural network is a

convol utional neural network.

[ 0064] Wth the di sease di agnosi s support system

enpl oyi ng endoscopi ¢ i nages of a digestive organ using a
neural network according to any one of the sixteenth to the
thirtieth aspects, it is possible to exert the sane effect
as that with the disease diagnosis support nethod enpl oyi ng
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endoscopi ¢ i mages of a digestive organ according to any one
of the first to the fifteenth aspects.

[ 0065] A di agnosi s support program based on endoscopic
I mges of a digestive organ according to a thirty-first
aspect of the present invention is a product that causes a
conputer to operate as neans in the di sease diagnosis
support system enpl oyi ng endoscopi c i mages of a digestive
organ according to any one of the sixteenth to the
thirtieth aspects.

[ 0066] Wth the diagnosis support program based on
endoscopi ¢ i mages of a digestive organ according to the
thirty-first aspect of the present invention, it is
possi bl e to provide a diagnosis support program based on
endoscopi ¢ i mages of a digestive organ, in which the
program causes a conputer to operate as nmeans in the

di sease di agnosi s support system enpl oyi ng endoscopi c

i mages of a digestive organ according to any one of the
sixteenth to the thirtieth aspects.

[ 0067] A di agnosi s support program based on endoscopi c
i mages of a digestive organ according to a thirty-second
aspect of the present invention has the diagnosis support
program based on endoscopi c i mages of a digestive organ
according to the thirty-first aspect stored therein.

[ 0068] Wth the diagnosis support program based on
endoscopi c i mages of a digestive organ according to the
thirty-second aspect of the present invention, it is
possi bl e to provide a conputer-readabl e storage nedi um
havi ng the di agnosi s support program stored therein based
on endoscopi c i mages of a digestive organ according to the
thirty-first aspect.

[ 0069] A region determ nation nethod for a digestive
organ enpl oyi ng endoscopi ¢ i nages of the digestive organ
using a neural network according to a thirty-third aspect



10

15

20

25

30

25

of the present invention is a region determ nati on nethod
for a digestive organ enpl oyi ng endoscopi ¢ i mages of the

di gestive organ using a neural network, the determ nation
met hod i ncluding training the neural network by using first
endoscopi ¢ i mages of the digestive organ and definitive

I nformation, corresponding to the first endoscopi c i nmages,
on information corresponding to an i maged region, the
trained neural network outputting, based on second
endoscopi ¢ i mages of the digestive organ, infornmation
corresponding to the imaged regi on of the digestive organ.
[ 0070] Wth the region determ nation nethod for a

di gesti ve organ enpl oyi ng endoscopi ¢ i mages of the

di gestive organ using a neural network according to the
thirty-third aspect of the present invention, the neural
network is trained by using first endoscopic inmages of a

di gestive organ and definitive information, correspondi ng
to the first endoscopic images, on informtion
corresponding to the imaged region, and thus, it is
possible to provide in a short tine information
corresponding to an i maged region of a subject with
accuracy substantially conparable to that with endoscopi sts,
and determne in short tine a region of a digestive organ
that is a diagnosis target. Furthernore, the determ nation
met hod all ows auto determ nation for information
corresponding to an i maged region, by conparing wth test
data conposed of a plurality of endoscopic inmges of a

di gestive organ of a |large nunber of subjects. This

aut omat ed determ nati on nmakes it easier for endoscopists to
perform check or the like, and al so reduce workl oad for
anal yzi ng i mages associ ates with di seases.

[ 0071] A region determ nation systemfor a digestive
organ enpl oyi ng endoscopi ¢ i nages of the digestive organ
using a neural network according to a thirty-fourth aspect
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of the present invention is a region determ nation system
for a digestive organ enpl oyi ng endoscopi ¢ i mages of the

di gestive organ, the determ nation systemincluding an
endoscopi c image input unit, an output unit, and a conputer
havi ng a neural network enbedded therein. The conputer
includes a first storage area having first endoscopic

I mages of a digestive organ stored therein, a second
storage area having definitive information, corresponding
to the first endoscopic images, on informtion
corresponding to an i maged region of the digestive organ
stored therein, and a third storage area having the neural
network program stored therein. The neural network program
is trained based on the first endoscopic inages stored in
the first storage area and the definitive information
stored in the second storage area, and outputs, based on
second endoscopi c i mages of the digestive organ input from
t he endoscopic image input unit, information correspondi ng
to the inmaged region of the digestive organ with respect to
t he second endoscopi c inmages.

[ 0072] Wth the region determ nation systemfor a

di gesti ve organ enpl oyi ng endoscopi ¢ i mages of the

di gestive organ using a neural network according to a
thirty-fourth aspect of the present invention, it is
possible to exert the sane effect as that with the region
determ nation nethod for a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ using a neura
network according to the thirty-third aspect.

[ 0073] A region determ nation programfor a digestive
organ enpl oyi ng endoscopi ¢ i mages of the digestive organ
according to a thirty-fifth aspect of the present invention
Is a product for a conputer to operate as neans in the
region determ nation systemfor a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ according to the
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thirty-fourth aspect.

[ 0074] Wth the region determ nation programfor a

di gestive organ enpl oyi ng endoscopi c i mages of the

di gestive organ according to the thirty-fifth aspect of the
present invention, it is possible to provide a region
determ nation systemfor a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ for a conputer to
operate as neans in the region determ nation systemfor a
di gesti ve organ enpl oyi ng endoscopi c i mages of the

di gestive organ according to the thirty-fourth aspect.

[ 0075] A conput er-readabl e recordi ng nedi um according to
a thirty-sixth aspect of the present invention has the
regi on determ nation programfor a digestive organ

enpl oyi ng endoscopi c i mages of the digestive organ
according to the thirty-fifth aspect stored therein.

[ 0076] Wth the conputer-readabl e recordi ng nedi um
according to a thirty-sixth aspect of the present invention,
it is possible to provide a conputer-readabl e recording
medi a having the region determ nation programfor a

di gesti ve organ enpl oyi ng endoscopi c i mages of the

di gestive organ according to the thirty-fifth aspect stored

t her ei n.

Advant ageous Effects of Invention

[ 0077] As in the foregoing, with the present invention,
a conputer program having a neural network enbedded therein
Is trained based on a plurality of endoscopic images of

di gestive organs, which are obtained in advance for a
plurality of correspondi ng subjects, and definitive

di agnosi s results of being positive or negative for the

di sease, which are obtained in advance for the
correspondi ng subjects, and thus it is possible to provide,
in a short time with such accuracy that is substantially
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conparable to that with endoscopists, a probability of
bei ng positive and/or negative for the disease of the

di gestive organ of the subject, a probability of a past

di sease, a severity level of the disease, the information
corresponding to the inaged region, and the |ike, thereby
making it possible to sort in a short tine a subject who is
to be separately subjected to definitive diagnosis.

Brief Description of Draw ngs

[ 0078] Fig. 1A is an exanple of gastroscopic inages of a
H. pylori positive subject;

Fig. 1B is an exanple of gastroscopic inmages of a H pylori
negati ve subj ect;

Fig. 2 is a diagramillustrating sorting of patients so as

to prepare test data sets;

Fig. 3 is a schematic diagramillustrating operations of
GooglLeNet ;
Fig. 4 is a diagramillustrating a receiver operating

characteristic (ROC) curve, the curve representing first

| earning results and H pylori infection diagnosis results
by an endoscopi ¢ exam ner;

Fig. 5is a diagramillustrating an ROC curve representing
second execution results and H pylori infection diagnosis
results by an endoscopi c exam ner;

Fig. 6 is a diagramillustrating a maj or anatom ca
classification and quasi-anatom cal classification for a
stomach based on the guideline in Japan;

Fig. 7 is a schematic diagramillustrating a flowhart of a
convol utional neural network (CNN) system according to a
second enbodi nent;

Fig. 8Ais a diagramillustrating an ROC curve for a | arynx
image with a CNN system according to the second enbodi nent;
Fig. 8Bis a diagramillustrating an ROC curve for an
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esophagus i mage according to the second enbodi nent;

Fig. 8Cis a diagramillustrating an ROC curve for a
stomach i mage according to the second enbodi nent;

Fig. 8Dis a diagramillustrating an ROC curve for a
duodenum i nage according to the second enbodi nent;

Fig. 9Ais a diagramillustrating an ROC curve for an upper
stomach according to the second enbodi nent;

Fig. 9B is a diagramillustrating an ROC curve for a mddle
stomach according to the second enbodi nent;

Fig. 9Cis a diagramillustrating an ROC curve for a | ower
stomach according to the second enbodi nent;

Fig. 10Ais a diagramillustrating an i nage of a duodenum
in which the image is incorrectly classified as a | ower

st omach;

Fig. 10Bis a diagramillustrating an inmage of a | ower
stomach, in which the inage is correctly classified;

Fig. 11Ais a diagramillustrating an i mage of an esophagus,
in which the image is incorrectly classified as a | owner

st omach;

Fig. 11Bis a diagramillustrating an i nmage of a | ower
stomach that is correctly classified as a | ower stonach;
Fig. 12Ais a diagramillustrating an i mage of a duodenum
in which the image is incorrectly classified as a | owner

st omach;

Fig. 12Bis a diagramillustrating an i nage of an upper
stomach, in which the inage is correctly classified,

Fig. 13Ais a diagramillustrating an i mage of a pharynx,
in which the image is incorrectly classified as an
esophagus;

Fig. 13Bis a diagramillustrating an i nage of an esophagus
that is correctly classified,

Fig. 14 is a diagramillustrating a typical colon
fiberscope image that is classified into Mayo O to Mayo 3;
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Fig. 15 is a schematic diagramillustrating a CNN based

di agnostic system according to a third enbodi nent;

Fig. 16 is a diagramillustrating a typical imge of the
CNN of the third enbodi nent and an exanple of three Mayo
cl assifications;

Fig. 17 is a diagramillustrating an ROC curve in two Mayo
classifications according to the third enbodi nent;

Fig. 18 is a diagramillustrating an exanple of |ow
magni fi cation inmages (a to e), and hi gh-nagnification

i mages (f to j), according to a fourth enbodi nent;

Fig. 19 is a diagramillustrating an exanple of inmages that
are classified into Type 1 (Fig. 19A), Type 2 (Fig. 19B)
and Type 3 (Fig. 19C), respectively according to the fourth
enbodi nent ;

Fig. 20Ais a diagramillustrating an ROC curve for all of
the images in the fourth enbodi nment;

Fig. 20Bis a diagramillustrating an ROC curve for HWP;
Fig. 20Cis a diagramillustrating an ROC curve for LM
Fig. 21 illustrates an exanple of inages where the CNN of
the fourth enbodi nent m sdi agnoses as non-nal i gnancy;

Fig. 21Ais a diagramillustrating a regular endoscopic

I mage;

Fig. 21Bis a diagramillustrating an endocytoscopy i nmage;
Fig. 21Cis a diagramillustrating a histopathol ogi cal
exam nation i nage;

Fig. 22 is a diagramillustrating an exanpl e of inmages
where an endoscopi st m sdi agnoses as nal i gnancy;

Fig. 22Ais a diagramillustrating a regul ar endoscopic

I mage,;

Fig. 22Bis a diagramillustrating an endocytoscopy i nmage;
Fig. 22Cis a diagramillustrating a histopathol ogi cal
exam nation i nage;

Fig. 23 is a block diagramillustrating the di sease
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di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using a neural network according to a fifth
enbodi ment ;

Fig. 24 is a block diagramillustrating a di sease di agnosi s
support system enpl oyi ng endoscopi c i mages of a digestive
organ using a neural network according to a sixth

enbodi nent, a di agnosis support program based on endoscopic
I mages of a digestive organ, and a conputer-readabl e
recordi ng medi um

Fig. 25 is a block diagramillustrating a region

determ nation nethod for a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ using a neura
network according to a seventh enbodi nent; and

Fig. 26 is a diagramillustrating a region determ nation
system for a digestive organ enpl oyi ng endoscopi ¢ i mages of
t he di gestive organ using a neural network according to an
ei ght h enbodi ment, a region determ nation programfor a

di gesti ve organ enpl oyi ng endoscopi c i mages of the

di gestive organ, and a conputer-readabl e recordi ng nedi um

Description of Enbodi nents

[ 0079] The follow ng describes in detail a disease

di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ, a diagnosis support system a diagnosis
support program and a conputer-readabl e recordi ng nedi um
havi ng the di agnosi s support program stored therein,
according to the present invention, first by taking cases
of H pylori-infected gastritis and classification by
organs as exanples, and then taking cases of colitis

ul cerosa and esophageal di seases as next exanples. However,
enbodi nents descri bed bel ow i ndi cate exanpl es to enbody
techni cal thought of the present invention, but not intend
tolimt the present invention to these enbodi nents. That
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I's, the present invention extends to general diseases
specifiable with endoscopic i nages of digestive organs, and
iIs equally applicable to matters in other enbodi nents
included in the clains. Furthernore, in the present
invention, a term image includes not only a static imge
but al so a noving i mage.

[ 0080] First, with reference to a quadrant table |isted
in Tabl e 1, accuracy of general tests, the sensitivity, and
the specificity will be briefly explained. GCenerally, test
val ues are continuous anmounts, and thus, determ nation is
performed such that a val ue higher than a cut-off point
(threshold) is positive, and a value | ower than the cut-off
point is negative (this may be opposite).

[ 0081] [ Tabl e 1]

Di sease
Wth W t hout
positive |a true b fal se
Test positive positive

results negative |c false d true

negati ve negative

Sensitivity al (a+c)

d/ (b+d)

Specificity

[ 0082] As listed in Table 1, depending on presence or
absence of a disease of a patient and a test result being
positive or negative for a disease, the patient is
classified into one of four areas, a to d. It should be
noted that, a patient having a disease is classified into
with disease (wth) and a patient having no disease is
classified into without disease (wthout). Patients in an
area a have a disease and the test results are positive,
whi ch neans the area a is a true positive area. Patients
in an area b have no disease, but the test results are
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positive, which neans the area b is a false positive area.
Patients in an area ¢ have a disease and the test results
are negative, which neans the area c is a fal se negative
area. Patients in an area d have no di sease and the test
results are negative, which nmeans the area d is a true
negati ve area.
[ 0083] By contrast, the sensitivity is a probability
that the test result of a patient having a disease is
positive (specificity true positive rate), and is expressed
as al/(a+c). The specificity is a probability that the test
result of a patient having no di sease is negative
(specificity true negative rate), and is expressed as d/
(b+d). It should be noted that the fal se-positive rate is
a probability that the test result of a patient having no
di sease is positive (specificity false negative rate), and
is expressed as b/ (b+d). The false-negative rate is a
probability that the test result of a patient having a
di sease is negative (specificity false positive rate), and
Is expressed as c/ (a+c).
[ 0084] Furt hernore, where the sensitivity and the
specificity are calculated each tine the cut-off value is
changed, and the cal cul ated values are plotted with the
absci ssa representing the sensitivity and the ordinate
representing the fal se-positive rate (=1-specificity), an
ROC curve (Receiver Qperating Characteristic: receiver
operation characteristic curve) is provided (refer to Fig.
4 and Fig. 5).
[ 0085] [ First enbodi nent]

A first enbodi nent describes a case in which a disease
di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages, a
di agnosi s support system a diagnosis support program and a
conput er - r eadabl e recordi ng nmedi um havi ng the di agnosi s
support program stored therein, which are of the present
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I nvention, are applied to the case of H pylori-infected
gastritis. A total of 33 endoscopic exan ners perfornmed
esophagogast r oduodenoscopy (hereinafter referred to as
"EAD') using an endoscope at regular nmagnification with
white light at a clinic to which one of the inventors

bel ongs. The indications for EGD were referral froma
primary care physician for evaluation of various epigastric
synptons, positive results fromgastric di sease screening
by barium neal, abnormal serum pepsi nogen |evels, a

previ ous history of gastroduodenal di sease, or screening.
Al'l the endoscopists were directed to i nage overal

pi ctures of a larynx, an esophagus, a stomach, and a
duodenum even if no abnornality is observed. The typi cal
nunber of inages of patients w thout gastrointestina

di sease was 34 (larynx: 1, esophagus: 6, Stonmach: 25, and
duodenum 2).

[ 0086] We used standard endoscopes (such as EVIS 4d F-
XP290N, d F- XP260, G F- XP260NS, G F-N260, and the Iike;

A ynpus Medi cal Systens, Co., Ltd., Tokyo, Japan) to
capture inmages, using white light, so as to perform EGD
therefor. The obtained i mages are i mages havi ng regul ar
magni fi cation, and we did not use magnified images in this
study. Fig. 1 shows the typical gastric-endoscopic inages.
It should be noted that Fig. 1A shows an exanpl e i mage that
was di agnosed as H pylori-positive, and Fig. 1B is an
exanpl e i mage that was di agnosed as H. pylori-negative.

[ 0087] Al the included patients were tested for H
pylori infection by at |east one of the follow ng tests:

bl ood or urine anti-H pylori 1gG |evels neasurenent, feca
anti gen neasurenent, and urease breath test. Patients who
tested positive on any of these assays were classified as H.
pylori-positive. Anong patients who were not classified as
H. pylori-positive, those who had no history of H pylori
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eradi cation were classified as H pylori-negative.
Patients who successfully underwent H pylori eradication
wer e excluded fromthe measurenent target.

[ 0088] [ Regardi ng data set]

We prepared a data set (referred to as
"training/validation data") to be used to educate and
construct the Al-based diagnostic system by retrospectively
reviewi ng the i mages of EGD perfornmed for 1768 cases from
January 2014 to Decenber 2016. Patients with the presence
or the history of gastric cancer, ulcer, or subnucosa
tunor were excluded fromthe training/validation data set.
Sonme of the images of the stonmach di agnosed as H. pylori-
positive or H pylori-negative were excluded by
endoscopi sts for various reasons including food residue in
the stomach, bl eeding foll ow ng biopsy, and halation. W
al so prepared a data set of endoscopic inmages that are to
be evaluation target (referred to as "test data"). It
shoul d be noted that this "training/validation data"
corresponds to the "first endoscopic i nages" of the present
i nvention, and the "test data" corresponds to the "second
endoscopi ¢ i mages" of the present invention. Table 2 shows
t he denographi cal characteristics of patients and the
characteristics of the inages.

[ 0089] [ Tabl e 2]

Training/validation | Test data
data set set
Nunber of i nmages 32, 208 11, 481
Nunber of endoscopi sts 33 13
Nunber of patients 1768 397
Patient age (SD (years)) 52.7(13. 2) 50.4(11. 2)
Pat i ent gender Mal e (9% 480( 45) 168(43)
Femal e 598( 55) 226(57)
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(%
H pylori Positive 753(43) 73(18)
di agnosi s Negati ve 1, 015(57) 335(82)
resul t

SD: standard devi ati on

[ 0090] As shown in Table 2, we prepared a
training/validation data set consisting of 32,208 sheets by
using images from 753 patients determned as H pylori-
positive and 1,015 patients classified as negative. In
this data set, RGB signals are adjusted so as to provide
the sane contrast ratio to all the images. Wth the RGB
colors each having 8 bits, that is, the values of which
each ranging fromO to 255 bits, the inages were adj usted
in contrast so that the imge includes at | east one white
poi nt, at which respective values of the RG colors are 255,
255, 255 (white color). Normally the quality of endoscopic
i mages i s favorable, and thus actually in nany cases, the
endoscopi c i mages were not adjusted in contrast. The
endoscope has a screen with a black frame. On the screen,
aut omat ed croppi ng was perfornmed for enlargenment and

reduction of an image, so that all the inages had the sane

si ze.
[ 0091] For classification, digestive organs nmay be each
segnented in a plurality of portions. In the first

enbodi nent, only for a stomach, inmages were obtained to be
classified into a plurality of portions according to their
| ocation in the stomach, and for the other regions, imges
were used as they were w thout being segnented.
Furthernore, with data being input by attributes such as
gender and ages, diagnosis can be perforned for each
attribute

[ 0092] It is ideal to obtain equal nunber of pieces of
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data for every classification. However, for classification
with a small er nunber of pieces of data, inmages were
rotated between 0 and 359 degrees and enl arged or reduced
as appropriate with a certain tool, so as to increase
pi eces of data in nunber. As a result, we obtained 32, 208
ori gi nal endoscopic imges for training/validation.
[ 0093] First, the first construction of a neural network
was performed with all inmages conbi ned w thout i ncluding
classified data. Next, the second construction of the
neural network was perforned using inmages classified into a
plurality of portions as described above. It should be
noted that the construction of these neural networks had a
|l ot of iterative processing, and a conputer accel erated
with parallel processing was used.
[ 0094] [ Preparing test data]

To eval uate the diagnostic accuracy of the neural
net wor k constructed using the above-descri bed
training/validation data set in the first enbodi nent, and
to conpare it with endoscopi c exam ners, a test data set
was prepared. Anong inmage data from 587 patients who
under went endoscopi ¢ exam nation from January to February
2017 at a clinic to which one of the inventors bel ongs,
I mage data from 166 patients who conpleted H pylori
eradi cation, inmage data from 23 patients havi ng unknown H.
pylori infection status, and inmage data from one patient
who underwent gastrectony (refer to Fig. 2). As a result,
I mage data fromthe remaining 397 patients determ ned to be
H. pylori-positive or H pylori-negative for a di sease was
used as test data.
[ 0095] The di agnosi s was established by fecal antigen
test in 72 (43%, and urine anti-H pylori 1gGlevels in 87
(21%9. The test data set included a total of 11,481 inmages
from 397 patients, out of which 72 patients are di agnosed
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as H pylori-positive, and 325 patients as H pylori-
negative. There was no overlap between the test and the
trai ning/validation data set.
[ 0096] [ Trai ni ng al gorithni

To construct an Al -based di agnostic system nmaking use
of a Caffe framework as devel opnent infrastructure of the
deep | earning neural network, we used GooglLeNet t hat
consists of 22 layers as the convol utional neural network
(CNN) architecture.
[ 0097] The CNN used in the first enbodi nent is trained
by using backpropagation as illustrated in Fig. 3. Al
| ayered of the CNN were fine-tuned by using Adam
(https://arxiv.org/abs/1412.6980), a method for paraneter
optim zation with a global |earning rate of 0.000L1.
[ 0098] To optim ze all imges for GooglLeNet, each inmage
was resized to 244x244 pixels. W used a pre-trained
nodel that |earned natural-inage features through | nageNet.
| mageNet (http://ww.inmage-net.org/) is a database having
14 million or nore inages stored therein in the beginning
of 2017. This training procedure, known as transfer
| earning, is useful even with sparse training data.
[ 0099] [ Eval uati on al gorithm

The trai ned neural network outputs a probability score
(PS) between 0 and 1 as a diagnosis result for H pylori
bei ng positive or H pylori being negative for a disease,
corresponding to the input inmge. Receiver operating
characteristic (ROC) curves were made by plotting the PS by
varying the threshold to identify being positive or
negati ve for a di sease.
[ 0100] [ Conpari son between CNN and endoscopi ¢ exam ners
on performance of test data sets]

Patients were classified as H pylori-positive or H
pyl ori-negative for a disease based on their endoscopic
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I mages respect to the test data sets by 23 endoscopic
exam ners havi ng experiences of CNN and EGD. Furthernore,
the accuracy of H pylori infection diagnosis and a tine
needed for evaluation were neasured, and the neasurenents
wer e conpared between the CNN and the endoscopi sts.
[0101] Si x of the 23 endoscopic exam ners are the Board
Certified Gastroenterol ogi sts of the Japanese
Gastroenterol ogi cal Endoscopy Society. The other 17
endoscopi sts, who have experience of EG, are further
classified as: endoscopi sts having perfornmed for nore than
1,000 patients (n=9), classified as a "relatively
experienced group”, and endoscopi sts having perfornmed for
| ess than 1,000 patients (n=8), classified as a "begi nners
group”. The ROC curve with which the diagnostic accuracy
of the CNN is displayed was described by using the R
software (statistical analysis free software). Information
on all the patients displayed on these i nages was de-
identified prior to the data anal yses for naintaining
patient anonymty. Information on identifiable patients
was not accessible to any of the endoscopic exam ners
i nvolved in the evaluation. This study was approved by the
I nstitutional Review Board of the Japan Medi cal Associ ation
(1D JVA- 11 A00283).
[0102] [Results from endoscopi c exam ner s]

Tabl e 3 shows the sensitivity, the specificity, and
the tine needed for evaluation on the diagnosis of H
pylori infection by the endoscopic exam ners. The average
sensitivity and the average specificity of all the
endoscopi ¢ exam ners were 79.6% and 83. 2% respectively.
The tinme needed to evaluate all the inmages of the test data
sets (evaluation tine) was 23065 (average = standard
deviation (SD)) m n.
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[ 0104] The sensitivity and the specificity of the Board
Certified Gastroenterol ogi sts (n=6) anong the 23 endoscopic
exam ners were 85.2% and 89.3% respectively. The
endoscopi sts had an extrenely high sensitivity and
specificity conpared with the begi nners group (n=8) the
sensitivity of which was 72. 2% and the specificity thereof
was 76.3% It should be noted that while the eval uation
time of the Board Certified Gastroenterol ogi sts was
252.5+92. 3 mn that of the beginners group was 206. 6+54.7
mn. The sensitivity, the specificity, and the eval uation
time by the relatively experienced group (n=9) each have
m ddl e val ues between those of the Board Certified
Gastroenterol ogi sts and the begi nners group.
[ 0105] [ Performance of CNN|

The CNN constructed in the first enbodi nent provided
an out put of the probability P of H pylori infection per
image. This was followed by cal cul ati ng standard devi ati on
(SD) of sanples per patient. Firstly, we exam ned
characteristics of a primary CNN constructed by using al
the training/validation data sets not having classified
data included therein. Fig. 4 shows an ROC curve obtai ned
fromthe examnation. It should be noted that while the
RCC curve originally has the abscissa representing "1-
specificity", the left end serving as the origin "0", and
the right end being "1", in Fig. 4 (simlar in Fig. 5), the
absci ssa representing "specificity", the left end serving
as the origin "1", and the right end being "0".
[ 0106] Each endoscopi c exam ner predicted H pylori
I nfection for each patient. Wite circles indicate the
prediction results plotted for each endoscopi ¢ exam ner.
The bl ack circle indicates the average predicted val ue for
all the endoscopic exam ners. The CNN outputs an H pylori
probability P per image and then the program cal cul ates a
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standard deviation (SD) of the probabilities per patient.
[0107] In Fig. 4, the area under the ROC curve is 0.89,
and at a cut-off value of 0.53 defined, the sensitivity and
the specificity of the primary CNN were 81. 9% and 83. 4%
respectively. The tinme needed to diagnose all the images
with the primary constructed CNN was 3.3 min. Wth this
primary constructed CNN, 350 out of 397 patients were
accurately diagnosed (88.2% . The average accuracy = SD by
t he endoscopi c exam ners for the cases of 47 patients

m sdi agnosed with the primary constructed CNN was
43.5+33. 4%

[ 0108] Next, an ROC curve of the secondary CNN
constructed by using the sane training/validation data set
classified into a plurality of portions was obtained. Fig.
5 shows the resulting ROC curve. In Fig. 5 the CNN was
structured through learning with the training/validation
data set classified, only for a stomach, to a plurality of
portions according to their location in the stomach, and
the thus structured CNN out puts probabilities better than
those with the primary CNN. The area under the ROC curve
is 93% \Wiite circles indicate the prediction results for
each endoscopic exam ner. The black circle indicates the
average predicted value for all the endoscopi c exam ners.
Both circles are plotted in the sanme manner as in Fig. 4.

[ 0109] In Fig. 5 the area under the ROC curve increased
to 93% from89%in Fig. 4. At the optinum cut-off val ue,
which was 0.42, the sensitivity and the specificity of the
CNN was 88.9% and 87.4% respectively. These values were
conparable to the diagnosis results fromthe Board
Certified Gastroenterol ogi sts of the Japanese
Gastroent erol ogi cal Endoscopy Society, and were far higher
than the begi nners group. The tine needed to diagnose al
the images with a secondary CNN was 3.2 mn.
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[0110] From the foregoing, the diagnostic ability of the
primary CNN is approxi mately m ddl e between that of the
begi nners group and that the rel atively experienced group,
and the diagnostic ability of the secondary CNN is
conparabl e to that of experienced endoscopists. Both of
the primary and the secondary CNNs have the ability to

di agnose in a dramatically shorter tinme conpared with
endoscopi sts. The result indicates that the H pylori

i nfection screening systemw th the CNN of the first

enbodi ment has sensitivity and specificity sufficient
enough to be applied to clinical practice.

[0111] Unlike the skin or retina, stomach is conplex in
its form and gastroscopy inmages includes imges that are
acquired fromdifferent regions of the stomach, which have
di fferent appearances. Thus, use of CNN structured through
| earning by using the training/validation data sets not
classified according to their location in the stonmach nmakes
it difficult to identify, in sone cases, from what region
the i mage was acquired. Thus, the use of the CNN
structured with the training/validation data set cl assified,
only for a stonmach, to portions according to their |ocation
in the stomach increases the sensitivity from81.9%to
88.9% and increases the ability to diagnose H pylori-

I nfected gastritis.

[0112] It should be noted that endoscopi c exam ners and
the CNN can be considered to recogni ze and di agnose i nmages
in different manners from each other. The gastric nucosal
changes caused by H pylori infection such as atrophy and
intestinal netaplasia initially occur at the distal stonmach
(pylorus), and gradually expand to involve the proxinma
stomach (cardia). As such, in those stomachs having mld
changes therein, the normal nucosa may be m sdi agnhosed as
an abnormal nucosa. Endoscopists performa diagnosis after
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identifying the location of the stomach in the inage, in
particul ar after recognizing the pylorus, the angle, the
overall image, or the |ike.

[0113] In Japan, H pylori infection is prevalent,
especially anong the elderly. The endoscopi ¢ mass screening
for gastric cancer started in 2016 has resulted in
necessitating a nore efficient nethod of screening the

I mages. The results obtained in the first enbodi nent
suggest that connecting a | arge anmount of stored imges to
this automated system | argely hel ps screening of H pylori
i nfection even w thout eval uation of endoscopic exam ners,
and further testing can lead to confirmation of H pylori
infection, and finally result in eradication therapy.
[0114] The CNN of the first enbodi nent extrenely
shortens, without fatigue, the screening tine for H pylori
i nfection, thus providing reports and results imredi ately
after the endoscopi c exam nation. Consequently, the CNN
can contribute to reduction in burdening endoscopic

exam ners who performH pylori infection diagnosis and
reduction in nmedical costs, which are inportant problens
with global inplications. Furthernore, the H pylori

di agnosis with the CNN of the first enbodi nent can pronptly
provi de results when i nages obtai ned during endoscopic
exam nation are input, thereby enabling the H pylori

di agnosi s support to be done conpletely "online", and
solving the problem of inadequate distribution of doctors
in renote and di stant |ocations through what is called

"tel emedi ci ne".

[ 0115] Wil e the secondary CNN of the first enbodi nent
descri bes a case of learning with the training/validation
data set classified into a plurality of portions according
to their location, the nunber of the classified portions
may be three to ten, which nay be determ ned by the skilled
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person in the art as appropriate. It should be noted that
in the construction of the secondary CNN, not only imges
of the stonmach but al so those of the pharynx, the esophagus,
and the duodenum were included. To inprove the diagnostic
accuracy for H pylori-positive or H pylori-negative for a
di sease, the latter images were excl uded.

[0116] Furthernore, the first enbodi nent describes a
case of using training/trained i mages obtai ned by using the
endoscope at regular magnification with white |ight.
However, for a |arge nunber of images, it is also possible
to use inages obtained with an inage-reinforcing endoscope
or a magni fying endoscope and i mages obtai ned with Narrow
Band I maging (NBI, a nmethod of observation by radiating

| aser beans having difference wavel engths. Refer to the
above-descri bed non-patent literature 3), an endoscope
usi ng stinul ated Raman scattering mcroscopy (refer to the
above-descri bed patent literature 3), and the like.

[0117] The first enbodi ment uses both

trai ning/validation data set and test data set that were
obtained at a single clinic alone. It is thought that
addi ng exanpl es in which i mages obtai ned at ot her
facilities with other endoscope devices and techni ques are
used can nake it possible to further inprove the
sensitivity and the specificity of the CNN. Furthernore,
while in the first enbodi nent, patients who underwent H.
pylori eradication were excluded, the CNN having | earned

I mages followng H pylori eradication beconmes able to be
used for determ nation whether H pylori eradication is
successful .

[0118] The status of H pylori infection is confirned
with various tests such as blood or urine anti-H pylori

| gG | evel s neasurenent, fecal antigen tests, and urease
breath test. |In any of these tests, 100% sensitivity or
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100% specificity cannot always be provided. Thus, the

trai ning/validation data set can contain an inmage that

I nvol ves m sdiagnosis. To solve this m xing of

m sdi agnosi s, only inmages that are di agnosed as H pylori-
negative in a plurality of |aboratory tests are increased,
or inmages corresponding to classification such that

di agnosis is nade as H pylori-negative in one test but H
pylori-positive in other tests, for exanple, are acquired
and the CNN is trained by using training/validation data
sets corresponding to the classification.

[0119] In the first enbodinent, difference in the

di agnostic ability was not eval uated according to the
status of a stomach such as the degree of atrophy and the
presence of diffuse redness. However, when the nunber of

i mages for training is increased in future, the imges for
training are further classified according to such findings,
so as to be nenorized by the CNN. This can nmake it

possi ble not only to determ ne whether H pylori-infected
gastritis occurs but also to performdeterm nation on the
findings equally to the Board Certified Gastroenterol ogists.
In addition, in the first enbodi ment, endoscopic

exam nation is described as support for diagnosis of H
pylori infection status of the stomach, the endoscopic
exam nation is perfornmed for not only the stomach but al so
the |l arynx, the pharynx, the esophagus, the duodenum the
bile duct, the pancreatic duct, the small intestine, the
colon, and the like. Wen imges for these regions are

I ncreasi ngly acquired and the nunber of images for training
I's increased, the images for training can be available in
di agnhosi s support for these regions.

[0120] In particular, when a disease is colitis ulcerosa,
extraction of features and analysis algorithmare simlar

to those in the case of determ ning the presence or absence
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of H pylori-infected gastritis. Consequently, training a
CNN using colon fiberscope inages allows the CNN to easily
output a result after being segnented in a plurality of
stages according to the severity of the colitis ulcerosa.
The colon fiberscope images that are training/validation
data are classified into a plurality of portions according
to their location in the colon in the sane manner as in a
stomach, and have definitive diagnosis results
corresponding to being positive or negative for a disease
of a disease of colitis ulcerosa and severity stages added
thereto. By using the CNN trained based on the

trai ning/validation data conposed of the colon fiberscope

i mages and the definitive diagnosis results, it is possible
to perform autonated di agnosis for being positive or
negative for a di sease of the disease and the severity

| evel on the test data conposed of a plurality of colon

fi berscope images for many subjects to be eval uated.

[0121] Because a process of creating data for training
endoscopi ¢ i mages i ncludes human manual operation, there
can be an error in sone pieces of data in training data.

M xing of the training data error has an adverse effect on
determ nati on accuracy of the CNN. Because endoscopic

I mages used in the first enbodi nent are processed to have
anonymty, it is inpossible to confirmwhether the training
data has an error. To prevent an error from being
contained in the training data as nuch as possible, imges
are nechanically classified based on the results of

| aboratory tests, so as to create training data sets with
high quality. The CNN having learned with this training
data can further inprove the determ nation accuracy thereof.
[0122] It should be noted that while the first

enbodi nent describes a case in which GoogLeNet is used as a
CNN architecture, the CNN architecture has been devel opi ng
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on a daily basis, and enploying the latest CNN architecture
can give nore favorable results. Wile Caffe, which is
al so an open source, was used as a deep |earning franmework,
ot her frameworks such as CNTK, TensorFl ow, Theano, Torch,
and MXNet are usable. Furthernore, while Adam was used as
an optim zation nethod, other well-known nethods such as
Stochastic G adient Descent (SGD), a MonentuntSGY net hod
havi ng Monentum added to SGD, an AdaG ad net hod, an
AdaDel ta nmet hod, a NesterovAG net hod, and an RVSpropG aves
nmet hod are sel ectabl e and usabl e as appropri ate.
[0123] As in the foregoing, the diagnostic accuracy of H.
pylori infection enploying endoscopic inmages of a stonach
with the CNN of the first enbodi mrent was conparable to that
of endoscopi c exam ners. Therefore, the CNN of the first
enbodi nent is beneficial to selecting H pylori-infected
patients from obtai ned endoscopi c i mages for various
reasons such as screening. Furthernore, the CNN havi ng
| earned i nages following H pylori eradication can be used
for determ nation whether H pylori is eradicated. Wether
H pylori is eradicated is easily known by interview, and
thus the pylori infection diagnosis has usability that
allows i mediate applicability in clinical site with this H
pyl ori-negative of a disease determ nation al one.
[ 0124] [ di agnosi s support systeni

A conputer having the CNN of the first enbodi nent,
whi ch serves as a di agnosis support system enbedded
thereto basically includes an endoscopic image input unit,
a storage unit (hard disk or sem conductor nenory), an
I mage anal yzer, a determ nation display device, and a
determ nati on out put device. The conputer may additionally
I nclude a direct endoscopic inmage imagi ng device. A
conmput er system i ncludi ng the conputer having the system
enbedded therein can be installed away from an endoscopic
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exam nation facility, so as to receive inmage information
froma renote site and serve as a central diagnosis support
system and al so serve as a cloud conputer systemvia the

I nt er net.

[ 0125] This conmputer includes a first storage area that
stores therein a plurality of endoscopic inmages of

di gesti ve organs, which are obtained in advance for a
plurality of correspondi ng subjects, a second storage area
that stores therein definitive diagnosis results of being
positive or negative for the disease, which are obtained in
advance for the correspondi ng subjects, and a third storage
area that stores therein a CNN program In this case, the
nunber of the endoscopic inmages of a plurality of digestive
organs, which are obtained in advance for the correspondi ng
subjects, is large and the anount of data thereof is |arge,
and the | arge anmount of data is processed during the
operation of the CNN program and thus the conputer
favorably perfornms parallel processing and the storage unit
t hereof favorably has a mass storage.

[0126] Recently, CPU and GPU have renmarkably devel oped
in their performances. Conputers having a CNN enbedded
therein, the CNN serving as a diagnosis support system used
in the first enbodi nent, can process 3,000 or nore cases
per hour as an H pylori-infected gastritis diagnostic
system when the conputers are commercial personal
conputers having high efficiency to sone extent. Such
conputers can process one image per approximtely 0.2
second. Thus, providing inmage data that is being captured
Wi th an endoscope to the conputers having the CNN used in
the first enbodi nent enbedded therein nakes it possible to
performH pylori infection determ nation real-tine, and to
renotely di agnose gastroscopic i mages transmtted from
wor | dw de and renote places even if the inmages are noving
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I mages. In particular, conputers in these years have been
provi ded with GPU havi ng excel | ent performance, so as to be
able to performfast inage processing with high accuracy by
having the CNN of the first enbodi nent bei ng enbedded

t herein.

[0127] Endoscopi ¢ i mages of digestive organs of subjects
to be input to the input unit of the conputer having a CNN
bei ng enbedded therein, the CNN serving as the diagnosis
support system of the first enbodi nent, may be images that
are being captured with an endoscope, imges transmtted
via a conmuni cati on network, or images recorded in a
conmput er -readabl e recordi ng nmedium Specifically, the
comput er havi ng enbedded therein the CNN of the first

enbodi nent, which serves as the diagnosis support system
can output, in a short tine, respective probabilities of
bei ng positive and bei ng negative for a disease of a

di gestive organ with respect to the endoscopic inmages of

t he di gestive organ of the subjects that were input, so
that the endoscopic inmages of the digestive organ of the
subj ects can be used regardless of the input fornmat thereof.
[0128] It should be noted that, comrunication networks
avai |l abl e i nclude the well -known I nternet, intranet,
extranet, LAN, |SDN, VAN, CATV communi cation networks,
virtual private network, tel ephone networks, nobile

conmuni cati on networks, and satellite comunication
networks. Furthernore, transm ssion nedia available in
configuring comruni cati on networks include well-known

| EEE1394 serial buses, USB, power line carriers, cable TV
lines, telephone line circuits, wire transm ssion such as
ADSL circuits, infrared rays, Bluetooth (trademark),

Wi rel ess transm ssion such as | EEE802. 11, nvobil e phone
networks, satellite circuit, and radio transm ssion such as

ground wave digital networks. Conputer-readabl e recording
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nmedi um avai |l abl e i ncl ude wel | - known tapes such as magnetic
tapes and cassette tapes, disc-based nedia including
magneti ¢ di scs such as floppy disk (trademark) and hard

di sk, and optical discs such as conpact disc-

ROM MO MD/ di gital video disc/conpact disc-R, card-based
nmedi a such as |1 C cards, nenory cards, and optical cards,
and sem conductor nenory such as mask

ROM EPROM EEPROM f 1l ash ROM

[0129] [ Second enbodi nent ]

The H. pylori-infected gastritis diagnostic system
that includes the conputer having enbedded therein the CNN
of the first enbodi nent, can automatically determ ne at
what region an input inmge was captured. Thus, for
classified seven regions, that is, cardia, gastric fundus,
gastric corpus, angular region, antral zone, and antrum
this H pylori-infected gastritis diagnostic system can
di splay their respective H pylori infection probabilities,
and can display five regions with the highest five H
pylori infection probabilities, for exanple, out of the
seven regions. Displaying H pylori infection
probabilities with correspondi ng classified regions
eventual ly requires definitive diagnosis with bl ood and
urine tests, and is useful for determnation with
endoscopi st s.

[ 0130] In the second enbodi nent, validation was
perforned that at what region an i nage was captured can be
automatically determned. First, anong EGD i nages obtai ned
in the first enbodi nent, images that are unclear due to
cancer, ulcer, residue/foreign object, bleeding, halation,
partial blurring, or partial defocusing were excluded by

t he endoscopi sts, and remaining 27,335 images from 1750
patients were classified into six major categories (larynx,
esophagus, duodenum upper stomach, m ddl e stonmach, and
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| ower stonmach). Each of the mmjor categories of a stonach
i ncl udes, as shown in Fig. 6, a plurality of subcategories.
The | ower stomach includes pylorus, antrum and antral zone,
and the upper stomach includes cardia and gastric fundus,
and the mddl e stomach includes angul ar region and gastric
cor pus.

[0131] These original 27,335 endoscopi c i nages were
randomy rotated fromO degree to 359 degree with a tool in
the same manner as in the first enbodi nent so that the

i mages can be increased in nunber, and bl ack franes
surroundi ng respective i mages were automatically cropped,
the i mages were enlarged or reduced as appropriate, only
regular white-light imges with regular nagnification were
i ncl uded, enhanced i nages such as narrow band i mages were
excl uded, and training image data in excess of 1 mllion
was obtai ned. The thus obtained training i mage data of the
second enbodi nent is resized such that each inage has
244%x244 pixels so as to be conpatible with GoogLeNet. The
CNN system used in the second enbodi nent was trained by
using the sanme training i mge data as for the CNN system of
the first enbodi ment except that a |earning rate was
changed to 0. 0002.

[0132] The trai ned CNN system of the second enbodi nent
created a probability score (PS) for each image ranging
from0O to 100% The PS shows the probability for a given

i mge bel onging to each of the anatom cal classifications.
The category with the highest PS was adopted as the final
classification for the CNN, and the CNN-cl assified inmages
were then eval uated nmanually by two endoscopists, so as to
access whether they had been correctly classified. |If the
di agnosis differed between the two endoscopi sts, discussion
was made to arrive at a satisfactory resol ution

[ 0133] Moreover, in order to evaluate the diagnostic
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accuracy of the CNN system an independent set of 17,081

I mages from 435 patients receiving endoscopi c exam nation

at a clinic to which one of the inventors bel ongs between

February 2017 and March 2017 were col |l ected and prepared as

a validation i mge set.

only regular white |ight
Enhanced i mages or
cl assification could not

i mages with regul ar

The validation image set included
magni fi cati on.
i mges in which the anatom ca

be recogni zed were excl uded from

the validation image data in the sane manner as for the

trai ni ng i nage dat a.
featured 17,081 i nages including 363 | arynx inages,
and 1,528

esophageal

i mages,

Finally, the validation i mage data

13,047 stomach i mages,

duodenum i mages (refer to Table 4).

2,142

[ 0134] [ Tabl e 4]
Maj or Sub- Tr ai ned Val i dati on
classification classification|imges cases (%
(%
Phar ynx 663 (2) 363 (2)
Upper and 1,460 (5)
Esophagus m ddl e 2,142 (13)
Bott om 1,792 (7)
Cardi a 1,830 (7)
Upper stonach Gastric fundus | 3, 649 3,532 (21)
(13)
Angul ar region | 2,247 (8)
M ddl e stomach Gastric corpus | 4,937 6, 378 (37)
(18)
Ant rum 2,517 (9)
Pyl or us 3,012
Lower stomach 3,137 (18)
(11)
Antral zone 2,010 (7)
Duodenum Bul b 1,578 (6) |1,528 (9)
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Descendi ng 1,640 (6)
part
Tot al 27, 335 17,081
(100) (100)
[ 0135] First, we eval uated whether the CNN system of the

second enbodi nent was able to recogni ze i mages for the
Next ,
as shown in Fig. 6, we eval uated whether the CNN system

| arynx, the esophagus, the stomach, and the duodenum

thereof was able to recogni ze the stonmach | ocation (upper

stomach, m ddl e stomach, |ower stonmach) based on the
Then,

sensitivity and specificity were cal cul ated for the

Japanese C assification of Gastric Carcinona
anatom cal classifications by the CNN system of the second

receiver
and t he

enbodi nent. For the classification of each organ,
operating characteristic (ROC) curves were plotted,
area under the curves (AUC) was cal cul ated by G aphPad
California, U S A).
7 shows a brief summary of these study design

[ 0136] First,

cat egories (larynx,

Prism7 (G aphPad software, Inc., Fig.
G E inages were classified into four main
and duodenum). The
CNN system of the second enbodi nent accurately classified

16,632 (97% out of 17,081

esophagus, stonmach,

t he anatomi cal | ocation for

i mages. The PS that the CNN system cal cul ated ranged from
0 to 100% and the individual highest PSs of 96% of the
i mages were 90% or higher (refer to Table 5).
[0137] [ Tabl e 5]
Probability Nor mal Total (% Accuracy (%
score (PS) cl assification
(%
>99% 15. 168 (91) 15, 265 (89) 99.4
99- 90% 980 (6) 1,101 (6) 89.0
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90- 70% 336 (2) 437 (3) 76.5
70- 50% 143 (1) 264 (2) 54.2
<50% 5 (0) 14 (0) 35.7
Tot al 16, 632 (100) 17,081 (100) 97. 4
[ 0138] Specifically, the CNN system of the second

enbodi nent automatically recogni zed the anatom cal | ocation
of the G E imges with AUC val ues of 1.00 [1.00[95%
confidence interval (Cl): 1.00 to 1.00, p<0.0001] for a
pharynx, 1.00 (95%Cl: 1.00 to 1.00, p<0.0001) for an
esophagus, 0.99 (95%l: 0.99 to 1.00, p<0.0001) for a
stomach, and 0.99 (95%Cl: 0.99 to 0.99, p<0.0001) for a
duodenum (refer to Fig. 8Ato Fig. 8D). It should be noted
that the sensitivity and the specificity of the CNN system
of the second enbodi ment for recognizing the anatom cal

| ocati on of each category were 93.9% and 100% for a | arynx;
95.8% and 99. 7% for an esophagus; 89.9% and 93. 0% for a
stomach; and 87.0% and 99. 2% for a duodenum (refer to Table

6) .
[0139] [ Tabl e 6]
Phar ynx Esophagus St omach Duodenum
Qut put (n=363) ((n=2,142) |(n=13,048) |(n=1, 528)
(% (% (% (%
Phar ynx 341 (94) 3 (0 1 (0) 0 (0)
Esophagus 5 (1) 2,053 (96) |28 (0) 9 (0)
12,908
St omach 17 (5) 75 (4) 189 (12)
(99)
Duodenum 0 (0) 11 (1) 111 (1) 1, 330 (87)
Sensitivity
93.9 95.8 89.9 87.0
(%
Specificity
100 99.7 93.0 99.2
(%
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[ 0140] Next, we exam ned whet her the CNN system of the
second enbodi nent was able to correctly classify the
anatom cal |ocation of inmage data obtained fromdifferent
parts of a stomach. It is inportant to correctly classify
the anatom cal |ocation in the stomach because sonme gastric
di seases tend to occur in specific areas of the stomach.
Training the CNN system of the second enbodi nent used a
total of 13,048 stonach images, including 3,532 images from
t he upper stomach, 6,379 inages fromthe m ddl e stomach,
and 3,137 images fromthe | ower stomach.

[0141] The CNN system of the second enbodi nment
accurately recogni zed the anatom cal |ocation of these
stomach i mages wi th AUC val ues of 0.99 (95%Cl: 0.99 to 0.99,
p < 0.0001) for the upper stomach, the mddle stomach, and
the | ower stomach, as shown in Fig. 9. The sensitivity and
the specificity of the CNN in classifying the anatom ca

| ocati on of each region were: 96.9% and 98.5% for the upper
stomach, 95.9% and 98.0% for the m ddl e stomach, and 96. 0%
and 98.8% for the | ower stomach (refer to Table 7).
Specifically, the CNN system of the second enbodi nent
correctly classified the GE image data into three

anatomi cal locations in the stomach (upper stomach, m ddl e
stomach, and | ower stomach).

[0142] [ Tabl e 7]
M ddl e
Qut put Upper stonach <t omach Lower stomach
(n=3,532) (% (n=6.379) (% (n=3,173) (%
Upper stomach | 3,423 (97) 148 (2) 15 (0)
M ddl e stomach | 60 (2) 6,119 (96) 75 (2)
Lower stomach |8 (0) 32 (1) 3,012 (96)
O her 41 (1) 80 (1) 35 (1)
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Sensitivity(% |96.9 95.9 96.0
Specificity(% |98.5 98.0 98.8
[0143] [ Eval uati on of inmages that were incorrectly

cl assified]

Finally, we reviewed i mages that had been incorrectly
classified by the CNNin order to provide a basis for
I nproving the performance of the CNN. Fig. 10 to Fig. 13
show typi cal exanples of incorrectly classified inmages.
Fig. 10A shows an inmage of the duodenum that was m ss-
classified as the | ower stomach. Fig. 10B shows an i mge
of the | ower stonmach that was correctly classified. As
seen in these imges, in | andscape view, the duodenum
sonmeti nmes shows a resenbl ance to the | ower stomach; we
bel i eve that this was the cause of the incorrect
cl assification.
[ 0144] Fig. 11A shows an inmage of the esophagus that was
incorrectly classified as the | ower stomach. Fig. 11B
shows an i nage of the |ower stomach that was correctly
classified as the | ower stonmach. Fig. 12A shows an i nmage
of the duodenumthat was incorrectly classified as the
m ddl e stomach. Fig. 12B shows an i mage of the upper
stomach that was correctly classified. Fig. 13A shows an
i mage of the pharynx incorrectly classified as the
esophagus. Fig. 13B shows an inage of the esophagus that
was correctly classified.
[ 0145] Fig. 11A and Fig. 12A show i mages i n which gross
structure could not be used for recognition due to
insufficient insufflation of the lumen and/or the proximty
of the scope to the lumnal wall. |In contrast, Fig. 13A
shows an inmage of the larynx that was apparently different
in its gross appearance, and was incorrectly classified as
t he esophagus.
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[ 0146] Architecture for the classification of inmages is
constantly advanci ng. Using such technol ogy, the
classification error rate was reported 3.0%to 7.3%
according to the latest results of the |Inmagenet Large Scal e
Vi sual Recognition Chall enge 2016 (I LSVRC2016,
http://image-net.org/ chal |l enges/ LSVRC/ 2016/ results). In
contrast, the CNN system of the second enbodi nent showed a
hi ghly accurate classification results with high AUCs of
0.99 to 1.00, thus denonstrating the significant potenti al
of CNNin the classification of G E imges according to
anatomical location. This ability to recogni ze anatom ca
classification was an inportant step in clarifying whether
CNN systens can be used in the diagnosis of
gastroi ntestinal diseases by detecting |esions or abnornal
findings automatically on images acquired from patients.
[0147] Because physicians need significant training,
over several years, to becone specialists of GE this CNN
system can help to reduce their burden and al so be
beneficial for patients. In this regard, the results of the
present invention show prom sing potential for the CNN
systemto establish a novel G E support system
Furthernore, G E imges classification can itself be
beneficial in the clinical setting because G E i nages,
which are automatically collected and stored el ectronically,
are often reviewed by a second observer in order not to
m ss di seases; anatom cally classified i nages are easier
for the second observer to interpret and will thus reduce
their burden.
[0148] [ Third enbodi nment ]

A third enbodi nent describes a case in which a disease
di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages,
di agnosi s support system diagnosis a support program and a
conput er - r eadabl e recordi ng nmedi um havi ng the di agnosi s
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support program stored therein, which are of the present

I nvention, are applied to the case of colitis ulcerosa. A
retrospective review was perforned for the patients’
clinical data who underwent col onoscopy at a clinic to

whi ch one of the inventors bel ongs. Synptons, endoscopic
findi ngs, and pathol ogi cal findings of total 958 cases of
patients are included. Al of the patients underwent total
col onoscopy and acquired col on fiberscope i nages were
reviewed by three specialists of gastroenterology.

[ 0149] In the Third enbodi nent, only regular white-1|ight
i mages Wi th regular nagnification were included, enhanced

i mages such as narrow band i mages were excluded. Unclear

i mages wWith stool, blur, halation, or insufflation were

al so excluded, and the other clear inages were classified
by the | ocations of the colorectum specifically, right

col on (cecum ascending and transverse colon), left col on
(descendi ng and signoid colon) and rectum and al so by each
endoscopi ¢ di sease activity according to the three Mayo
endoscopi ¢ scores (Mayo O, Mayo 1, and Mayo 2-3). Fig. 14
shows col on fiberscope images classified to typical rectum
Mayo O to Mayo 3. It should be noted that Fig. 14A shows
an exanple of Mayo 0, Fig. 14B shows an exanple of Mayo 1,
Fig. 14C shows an exanple of Mayo 2, and Fig. 14D shows an
exanpl e of Mayo 3.

[ 0150] When each of the reviewed i mages has different
classfications with the reviewers, each inmage was revi ewed
by at |l east two of the three specialists of
gastroent erol ogy above and the Mayo endoscopi c score was
re-assigned for each image. The thus re-assigned

Mayo endoscopic score is called "true-Mayo cl assification”
[ 0151] Total 26,304 inmages from 841 patients of colitis
ul cerosa that were taken between October, 2006 to March,
2017 were used as a training data set, and 4,589 inmages
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from 117 patients of colitis ulcerosa that were collected
between April to June, 2017 were used as a validation data
set. Table 8 shows details of the patient characteristics
of training data set and validation data set.

[ 0152] [ Tabl e 8]

o Val i dati on
) Trai ni ng data
Mayo score Regi on data set(n)
set(n) (%9
(%
CT (right
10, 549 (40) 1,882 (41)
col on)
0-1 D, S (left
6, 720 (26) 1,480 (32)
col on)
Rect um 4,451 (17) 821 (18)
CT (right
539 (2) 33 (1)
col on)
2-3 D, S (left
1,342 (5) 105 (2)
col on)
Rect um 2,703 (10) 268 (6)
Tot al 26, 304 (100) 4,589 (100)

C-T. cecum ascending and transverse col on

D, S: descending and signoid col on

[ 0153] These ori gi nal endoscopi c i mages were randonly
rotated between 0 and 359 degrees, the black frane
surroundi ng each i mage was cropped on each side and
software was used to either zoomin or out by a factor of
0.9 or 1.1. Finally, the nunber of training i rages was
anplified to in excess of 1 mllion.

[ 0154] Al'l of the inmages were taken using standard col on
fi berscope (EVIS LUCERA ELI TE, O ynpus Medical Systens, Co.,
Ltd., Tokyo, Japan).

Al'l acconpanying patient informati on was annotated prior to
data anal ysis, and none of the endoscopists involved in the

study were able to access any identifiable patient
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I nformation. This study was approved by the Institutional
Revi ew Board of Japan Medical Association (1D JNMA-

1 A00283). Infornmed consent was opted out because of the
retrospective nature of this study using conpletely

anonym zed dat a.

[ 0155] The thus obtained training i mage data of the
third enbodinent is resized such that each i nage has
244x%x244 pixels so as to be conpatible with GoogLeNet. The
CNN system used in the third enbodi nent was trai ned by
using the sanme training i mge data as for the CNN system of
the first enbodi ment except that a |earning rate was
changed to 0.0002.

[ 0156] The trai ned CNN-based di agnostic system creates a
probability score (PS) for each inage ranging fromO to 1,
and the probability score indicates a probability that each
i mage bel ongs to each Mayo endoscopic score. The category
with the highest PS was adopted as the final classification
for the CNN. Fig. 15 shows a brief sumary of the CN\
based di agnostic systemof the third enbodinment. Fig. 16
shows typical imges with the CNN of the third enbodi nent
and an exanpl e of the obtained three Mayo endoscopi c scores.
It should be noted that, Fig. 16A is an exanple of the
transverse colon classified to Mayo 0, Fig. 16B is an
exanple of the rectumclassified to Mayo 1, and Fig. 16C
shows an exanple of the rectumclassified to Mayo 2 or Mayo
3.

[ 0157] We validated the performance of the CNN by

eval uati ng whether the CNN was able to classify each i mage
into two classifications of Mayo 0-1 and 2-3. This is
because Mayo 0 and Mayo 1 indicate a rem ssion state
(synptons can be controlled) and Mayo 2 and Mayo 3 indicate
the occurrence of inflammtion. Receiver operating
characteristic (ROC) curves were plotted for the
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classification of the Mayo endoscopic score, and the area
under the ROC curves (AUC) with 95% confi dence i nterval
(Cl) was calculated by G aphPad Prism 7 (G aphPad software,
Inc., California, U S A). Furthernore, AUC was eval uated
in each |l ocation of the colorectum (right-sided col on,

| eft-sided colon, and rectun).

[ 0158] Tabl e 9 shows associ ati on between true Mayo
endoscopi ¢ scores and the two classifications of Mayo 0-1
and Mayo 2-3 by the CNN. Fig. 17A shows exanpl es of
probability scores with gray scal es corresponding to the
two Mayo endoscopi c scores of Mayo 0-1 and Mayo 2-3. Fig.
17B shows an ROC curve for two Mayo endoscopi c scores of
Mayo 0-1 and Mayo 2-3.

[ 0159] [ Tabl e 9]

True di agnosis results(n) (%
Mayo O-1 Mayo 2-3
CNN di agnosis [ Mayo 0-1 | 4,095 (96) 208 (51)
Resul ts Mayo 2-3 |138 (4) 198 (49)
Tot al 4,183 (100) 406 (100)

[ 0160] According to the results shown in Table 9 and Fig.
17, the CNN correctly classified 96% of Mayo 0-1 i mages and
49% of Mayo 2-3 images were correctly to respective Mayo
endoscopic scores with the CNN. The ROC curve in Fig. 17B
shows the high performance of the CNN with high AUC val ue
of 0.95 (95%Cl: 0.94-0.95) with respect to the two
cl assifications of Mayo 0-1 and Mayo 2-3.
[0161] [ The associ ati on between the true Mayo
classification and the CNN classification by each |ocation
of col orectuni

Because there was a possibility that the | ocation of
the colorectum affects the performance of the CNN, we

eval uated the performance of the CNN by each | ocation of
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colorectum (right sided colon, |eft sided colon, and
rectun.

[0162] Tabl e 10 shows the concordance between the AUC of
the ROC curve, the true Mayo cl assification, and the CNN
results in each location. The performances of the CNN were
better in right-sided colon (AUC=0.96) and | eft-sided colon
(AUC=0.97) than in rectum (AUC=0.88) in two classifications
of Mayo 0-1 and Mayo 2-3.

[ 0163] [ Tabl e 10]

Mayo score 01-vs-2-3

Regi on AUC (95% Cl) Concor dance

C- T (right colon) 0.96 (0.95-0.98) 96%

D, S (left colon) |0.97 (0.96-0.98) 95%

Rect um 0.88 (0.86-0.90) |82%

C-T. cecum ascending and transverse col on
D, S: descending and signoid col on

[ 0164] As in the foregoing, we confirned that, according
to the third enbodi nent, the trained CNN was able to

I dentify endoscopic disease activities in colitis ulcerosa
I mges, and showed prom sing performance to differentiate

i mages wWith severe inflammtion (Mayo 2, Mayo 3) from

i mages with a rem ssion state (Mayo 0, Mayo 1).

[ 0165] According to the results of the third enbodi nent,
the CNN showed extrenely favorabl e performance in
recognition of a mucosal healing state (Mayo 0, Mayo 1),
with recognition in rectumbeing better than in right colon
and left colon. One of the reasons for this is the inages
were nostly fromcolitis ul cerosa patients who were under
treatnment. The treatnent nodifies the inflanmmation
severity and this leads the inflamation to "patchy" or
"skip lesion", thereby making it difficult to classify the

Mayo endoscopic score properly. This can lead to the | ower
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performance of the CNN classification in the rectum
because rectum has several treatnment options and patchi ness
or skip lesion often occurs.
[0166] Furthernore, in the third enbodi nent, we defi ned
the CNN cl assification as the Mayo endoscopic score with
t he hi ghest probability score. Therefore, even the inmages
with PS of 0.344 (the |lowest value) for Mayo 1 probability
score was classified as Mayo 1 that is the sane as that for
the images with PS of 1.00 for Mayo 1. This is one of the
reasons that the concordance between the true Mayo score
and the CNN classification is relatively | ow conpared to
AUC val ues. Thus, by setting an optimal cut-off value for
the PS to define the CNN cl assification, the performance of
the CNN can be i nproved.
[0167] There are several limtations in the third
enbodi ment. First, this is the retrospective study and the
prospective study is necessary to evaluate the perfornance
of the CNNin the real clinical settings. Second, because
all of the col onoscopy images were collected in a famly
clinic that does not have an adm ssion facility, the nunber
of images with Mayo 2-3 was relatively small in both
training and validation data sets. Therefore, training the
CNN with much nore Mayo 2-3 images may nmake the performance
of the CNN better.
[0168] [ Fourt h enbodi nent |

A fourth enbodi nent describes a case in which a
di sease di agnosi s support nethod enpl oyi ng endoscopi c
I mges, a diagnosis support system a diagnosis support
program and a conputer-readabl e recordi ng nedi um havi ng the
di agnosi s support program stored therein, which are of the
present invention, are applied to the case of an esophagus
di sease by usi ng Endocytoscopy (ECS) system The ECS
systemused in the fourth enbodi nent is a new magni fying
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endoscopi ¢ exam nation systemthat allows users to observe
surface epithelial cells in vivo real-tinme by using vita
stain such as nethylene blue. The inventors perfornmed
clinical test with the ECS for the first tine in 2003, and
reported characteristics of normal squanous and
characteristics of surface epithelial cells of esophagea
cancer (refer to non-patent literature 4). The fourth
generation ECS currently on the market has optically 500
magni fi cations, and can expand the magnifications to

maxi mum 900 magni fications with a digital expansion
function built in a video processor.

[0169] Bet ween Novenber 2011 and February 2018, at a
clinic to which one of the inventors belongs, to 241
patients in the clinic, 308 cases of esophagus ECS

exam nation were perforned. For scopes, two types of
prototype ECS (A ynpus Medical Systens, Co., Ltd.) were
used, specifically, G F-Y0002 (optical magnification: 400
(digital nagnification: 700)), and G F-Y0074 (optical
magni fi cation: 500 (digital magnification: 900)). For
endoscope vi deo scope system a standard endoscope vi deo
system (EVI S LUCERA CV- 260/ CLV-260, EVIS LUCERA ELI TE CV-
290/ CLV-290SL: d ynpus Medical Systens, Co., Ltd.) was used.
[0170] As shown in Fig. 18, endoscopic imges with the
maxi mum opti cal magnification of the ECS (| ow magnification
images, a to e in Fig. 18) and endoscopic imges of 1.8

di gital magnifications (high-magnification inmages, f to j
in Fig. 18) were saved together. Anmong 308 cases of the
ECS exam nation, 4,715 inmages from 240 cases between
Novenber 2011 and Decenber 2016 were adopted for training
data sets for the devel opnent of algorithmto anal yze the
ECS i mages.

[0171] Training data sets were constituted of 126 cases
of esophageal cancer (58 cases of superficial cancer, 68
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cases of progressive cancer), 106 cases of esophagitis (52
cases of radiation related esophagitis, 45 cases of gastro-
esophagus reflux di sease, candi da esophagitis, two cases of
eosi nophilic esophagitis, three cases of esophagitis), and
ei ght cases of normal squanous disease. Al the | esions
were histologically diagnosed by using biopsy tissues or
resected specinens. Finally, the training data sets were
classified into "malignant inmages (the nunber of inmages:
1,141 (low nmagnification inmages: 231, high-magnification

i mages: 910)), and "non-malignant images (the nunber of

i mages: 3,574 (Il ow magnification imges: 1,150, high-
magni fi cation inmages: 2,424))". In the fourth enbodi nent,
the CNN was trained by using both of | ow nmagnification

i mages and hi gh-magni fi cation i mges.

[0172] Test data sets for the evaluation of the

di agnostic ability of the constructed CNN used 55 cases in
whi ch the form of superficial cells of esophagus was abl e
to be favorably observed with the ECS. The test data used
1,520 i mages (|l ow nmagnification inmages: 467 and hi gh-
magni fi cation images: 1,053) constituted of 27 cases of
mal i gnant | esion and 28 cases of non-nmalignant |esion. Al
the cases of malignant | esion were esophagus squanous
cancer. These 27 cases of malignant |esion are constituted
of 20 cases of superficial cancer and seven cases of
progressive cancer. The 28 cases of non-nmalignant | esion
are constituted of 27 cases of esophagitis (14 cases of
radi ation rel ated esophagitis, nine cases of gastro-
esophagus reflux di sease (GERD), and four cases of
esophagitis) and one case of esophagus papill oma

[0173] The thus obtained training i mage data of the
third enbodinent is resized such that each i nage has
244x%x244 pixels so as to be conpatible with GoogLeNet. The
CNN system used in the fourth enbodi nent was trained by
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using the sanme training imge data as for the CNN system of
the first enbodi nent.
[0174] [ CNN di agnosi s resul ts]

W exam ned the test data after the construction of
the CNN using the training data set. For each inmage of the
test data, a probability of being malignant was cal cul at ed,
recei ver operating characteristic (ROC) curves were plotted,
and the area under the ROC curves (AUC) were cal culated. A
cut-of f value was determ ned considering the sensitivity
and the specificity of the ROC curves.

[0175] In exam nation for each case, when at |east two

i mages out of a plurality of the ECS i mages obtai ned from

the sane | esion, the case was di agnosed as nalignant. The
sensitivity, a positive predictive value (PPV), a negative
predictive value (NPV), and the specificity of the CNN t hat
di agnoses esophageal cancer were cal cul ated as foll ows:

Sensitivity = Nunber of inages that the CNN
correctively diagnosed as mal i gnant/ Nunber of
hi stol ogi cal |y proven esophageal cancer | esions

PPV = Nunber of inages that the CNN correctly
di agnosed as mal i gnant/ Nunber of | esions diaghosed by the
CNN as esophageal cancer

NPV = Nunmber of inmages that the CNN correctly
di agnosed as non-nmalignant |esion (no nore than one ECS
I mge was di agnosed as mal i gnant)/ Nunber of | esions
di agnosed by the CNN as non-nmalignant | esion

Specificity = Nunber of inmages that the CNN correctly
di agnosed as non-nmalignant | esion/H stologically proven
non- mal i gnant | esi on
[0176] Prior to the CNN di agnosi s, one experienced
endoscopi st performed di agnosis during endoscopic
exam nation. The endoscopist classified all the cases
based on the follow ng type cl assification:
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Type 1: Superficial cells have a | ow nucl eo-
cytoplasmc ratio and a low cell density. No dyskaryosis
I's recogni zed (refer to Fig. 19a).

Type 2: A nuclear density is high, but no apparent
dyskaryosis is recogni zed. Boundary between cells is
unclear. (Refer to Fig. 19b.)

Type 3: Apparent increase in a nuclear density and
dyskaryosis are recogni zed. Nuclear swelling is also
recogni zed. (Refer to Fig. 19c.)

[0177] [Cinical diagnosis on test data and pathol ogi cal
fi ndi ngs]

Tabl e 11 shows clinical diagnosis of test data cases

and pat hol ogi cal findings.

[ Tabl e 11]
Cinical diagnosis |Pathological diagnosis Nunber of
cases
Esophageal cancer Squanous cancer 27
Gast r o- esophagus Esophagitis 2
reflux disease Esophagiti s regenerated 4
squanous
Esophagus ul cer 3
Radi ati on Esophagitis 8
esophagitis Esophagiti s regenerated 2
squanous
Esophagus ul cer 1
Esophagitis due to
i di obl ast
Granul ation tissue 1
Necrotic tissue 1
O her esophagitis |Esophagitis 4
Papi | | oma Papi | | oma 1

[0178] As shown in Table 11, all the 27 cases di agnosed
by the clinical diagnosis as esophageal cancer were
squanous cancer. Anong ni ne cases di agnosed by the
clinical diagnosis as gastro-esophagus reflux disease, four
cases were di agnosed as histologically regenerated

epithelial, three cases as esophagus ulcer, and two cases



10

15

20

25

69

as esophagitis. Anmong 14 cases di agnosed by the clinical

di agnosi s as radi ation esophagitis, two cases were

hi st ol ogi cal | y di agnosed as regenerated epithelial, eight
cases as esophagitis, and other cases as esophagus ul cer,
esophagitis with atypical cells, granulation tissue and
necrotic tissue.

[0179] [ ROC curve, area under the ROC curve and the cut-
of f val ue]

The CNN of the fourth enbodi nent requires 17 seconds to
anal yze 1,520 i mages (0.011 sec per image). The AUC

cal culated fromthe ROC curve plotted fromall the inmages
(Fig. 20A) was 0.85. The AUC cal cul ated for an ROC curve
plotted from hi gh-nmagnification inmages (Fig. 20B) was 0. 90,
and the AUC for an ROC curve plotted froml ow magnification
i mges (Fig. 200 was 0.72.

[ 0180] Wth expectation for high specificity to non-
mal i gnant lesion, a cut-off value of a probability of
mal i gnant tunmor was set to 90% fromthe ROC curve. As
shown in Table 12, for all the inages, the sensitivity was
39.4, the specificity was 98.2, PPV was 92.9, and NPV was
73.2. Wen high-magnification i mages and | ow magni fication
I mges are separately analyzed, for the high-magnification
I mages, the sensitivity, the specificity, PPV, and NPV are
respectively, 46.4, 98.4, 95.2, and 72.6, and for the | ow
magni fi cation images, the sensitivity, the specificity, PPV,
and NPV are respectively 17.4, 98.2, 79.3, and 74. 4.

[0181] [ Tabl e 12]

CNN Specificity | Positive Negati ve
sensitivity predictive | predictive
val ue val ue
(PPV) (NPV)
Al'l i mages 39.4 98. 2 92.9 73.2
Hi gh- 46. 4 98.4 95.2 72.6
magni fi cati on
I mage (HWP)
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Low 17. 4 98. 2 79.3 74. 4
magni fi cation
I mage( LIVP)

[0182] Among 622 cases clinically diagnosed as non-
mal i gnant for high-magnification i mges, 10 imges (1.6%
have probabilities of malignant tunor exceeding 90% These
10 i mages included seven i mages obtained froma white spot
part, two images obtained fromatypical epithelia, and one
i mge obtained fromnormal epithelia. Anbng 332 cases
clinically diagnosed as non-malignant for | ow magnification
I mges, seven inmages (2.1% diagnosed as esophagitis had
probabilities of malignant exceedi ng 90%
[ 0183] [ Conpari son between eval uati on of types
classified by the endoscopi st for each case and CNN
di agnosi s]

Tabl e 13 shows rel ati ons between diagnosis results
with the CNN constructed in the fourth enbodi ment and types
classified by the endoscopi st, anbng 27 cases di agnosed as

esophagus squanous cancer

[ Tabl e 13]
CNN di agnosi s Cl assification by
endoscopi st
Mal i gnant | Non- Type 3 |Type 2 |Type 1
mal i ghant
Mal i gnant | 25 2 27 0 0
Non- 3 25 3 12 13
mal i gnant
[ 0184] According to the results shown in Table 13, anong

27 cases di agnosed as esophagus squanous cancer, the CNN
correctly diagnosed 25 cases (sensitivity 92.6% as
mal i gnant (including at least two images with probabilities
of malignant tunor exceeding 90%. The nmedi an (range) of
percentage of pictures with cancer cells that the CNN
recogni zed as malignant was 40.9(0 to 88.9)% The CNN
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correctly diagnosed 25 cases as non-nmalignant (specificity
89.3% out of 28 cases of non-nalignant |esion. The PPV,
the NPV, and the overall accuracy were 89.3% 92.6% and
90.9% respectively.

[ 0185] The endoscopi st di agnosed all the nalignant

| esions as Type 3. The endoscopi st di agnosed, out of 28
cases of non-nalignant |esions, 13 lesions as Type 1 and 12
| esions as Type 2, and three |lesions as Type 3. Wen it is
consi dered that Type 3 corresponds to nalignant tunor, the
sensitivity, the specificity, the PPV, the NPV, and the
endoscopi ¢ exam nation were 100% 89.3% 90.0% 100% and
94.5% respectively, in the conprehensive accuracy of

di agnosi s.

[ 0186] Two cases of malignant | egion diagnosed by the
CNN as non-nmal i gnant were correctly diagnosed by the
endoscopi st as Type 3. These two cases were of superficial
cancer and apparently had increase in a nuclear density and
abnormality in nucleus. However, nuclear swelling was not
recogni zed (refer to Fig. 21). It should be noted that Fig.
21A shows a regul ar endoscopic i mge, Fig. 21B shows an ECS
i mage, and Fig. 21C shows a hi st opat hol ogi cal exam nation

I mage.

[0187] Among three cases in which the CNN di agnosed non-
mal i gnant | egion as malignant, two cases were of
esophagitis after radiati on exposure, and one case was of
gastro- esophagus refl ux di sease of Gade C. Fromthe non-
magni fyi ng endoscopi c i mages of these |esions, the
endoscopi st did not recognize the i mages as nalignant.
However, the endoscopi st classified the case of the
esophagitis after radiati on exposure as Type 3 due to
apparent increase in a nuclear density and nucl ear
abnormality therefor. The histol ogical exam nation for the
| esion part revealed that this case was of granul ation
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tissue (refer to Fig. 22). It should be noted that, Fig.
22A shows a regul ar endoscopic imge, Fig. 22B shows an ECS
I mage, and Fig. 22C a hi stopat hol ogi cal exam nation i nage.
[0188] The nost prom sing object of ECS diagnosis for
esophagus is to omt biopsy tissue diagnosis for esophagus
squanpous cancer. According to the results of the fourth
enbodi nent, the ROC curve for high-magnification imges, in
particul ar, showed high AUC. Previously, we tested whether
one clinical pathologist was able to differentiate a
mal i gnant ECS i mage from ECS i mages al one. A pat hol ogi st

di agnosed approximately two-thirds the esophagitis as
mal i gnant by using | ow magnification inmages alone. 1In this
case, it was possible to recognize increase in a nuclear
density, but not possible to recognize dyskaryosis due to

| ow magni fication. After that, for recognition of
dyskaryosis, we performed re-test with inages of 1.8
digital magnifications (high-magnification). As a result,

t he pat hol ogi st dramatically inproved in the sensitivity
and the specificity by 90% or higher.

[0189] In the fourth enbodi nent, all the non-malignant

| ow- magni fication i mages di agnosed as nalignant were
obt ai ned from esophagitis cases. Wile these i mages showed
a high nuclear density, abnormality in nucleus therefor
coul d not be evaluated due to | ow magnification. Therefore,
it is recomendable to refer to high-magnification i mges

I nstead of | owmagnification inmages. |In contrast, nost of
t he non-mal i gnant hi gh-magnification i mages m sdi agnosed as
mal i gnant were obtai ned based on observation on a white
spot part. One of the characteristics of ECS i nages from
the white spot part is aggregation of inflammtory cells.

It is estimated that these ECS i nages were recogni zed as

| ow- magni fication i mages for squanous cancer (refer to Fig.
18). Thus, two different CNNs are desirably established in



10

15

20

25

30

73

future for high-magnification i mages and | ow magni fication
I mges, separately.

[ 0190] To omt tissue biopsy, mnimzing m sdiagnhosis
(fal se-positive), in which non-malignant |legion is taken as
mal i gnant, is essential. Overdiagnosis on squanous tunor
by the endoscopi st using ECS | eads to surgery with risk of
death. In paper discussing application of Al for early
detection of cancer, a certain false-positive rate is
allowed. This cut-off value is set conparatively with | ow
probability. In the present study, we set a cut-off val ue
for the probability of malignant tunor to 90% The reason
for this is to mnimze the above-described fal se-positive.
[0191] For eval uation for each case, the endoscopi st
adopted Type classification for diagnosis with ECS. Type 1
and Type 3 correspond to non-neoplastic epithelia and
esophagus squanobus cancer, respectively. In these cases,

ti ssue biopsy can be omtted. However, because Type 2

i ncl udes various histological statuses, to decide the
treatment policy, it is required to performtissue biopsy.
According to the results of the fourth enbodi nent, the

di agnosis result by the CNN on the ECS i nages showed
accuracy exceeding 90% which is close to the result of the
endoscopi st .

[0192] This result is allowable despite the high cut-off
value. Wth the support by the CNN, these cases can omt
ti ssue biopsy. Furthernore, two malignant cases not

di agnosed by the CNN as nmalignant were accurately di agnosed
by the endoscopist as Type 3. These cases are apparently
seen as malignant tunor through regul ar endoscopic
observation for |esion, and thus the cases need only ECS

I mges al one and can omt tissue biopsy w thout support by
t he CNN.

[ 0193] In contrast, the specificity in the fourth
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enbodi nent was 89. 3% and t hree cases of non-nmalignant

| esi on were di agnosed by the CNN as nmalignant. One case
was a gastro-esophagus reflux di sease of Gade C and the

ot her two cases were radiation esophagitis. Pathol ogical

di agnoses of these | egions were regenerated epithelial,
granul ation tissue, and esophagus ulcer. It is difficult
even for experienced pathologists to differentiate
regenerated epithelial from esophagus squanbus cancer.

[ 0194] One case of radiation esophagitis was di agnosed
by the endoscopi st as Type 3 and by the CNN of the fourth
enbodi nent as malignant. |In some cases, it is difficult to
di agnose recurrence or residual esophageal cancer even with
ti ssue biopsy after radiation exposure. In addition to ECS
observation, tissue biopsy is required to follow up
esophageal cancer after radiation exposure.

[ 0195] According to the results of the fourth enbodi nment,
in the present CNN study, sonme |imtations can be pointed
out. First, the nunber of pieces of test data was small.
To solve this problem acquiring a huge nunber of inmages
fromnoving images is being projected. It is expected that
CNN that has further deeply learned will inprove in

di agnosis results. Second, two different ECS systens
having different optical magnifications of 400 and 500 were
used. Difference in nmagnification between these two ECS
systens can have an effect on the CNN di agnosis results.
Thus, images wll be required to be limted to those
obt ai ned by using commercially avail abl e ECS havi ng optica
magni fi cati on of 500.

[ 0196] In conclusion, the CNN of the fourth enbodi nment
Is able to strongly support endoscopists in omtting tissue
bi opsy based on ECS i nages. Furthernore, to recognize
dyskaryosis it is required to refer to high-magnification

I mages with digital zoon being used instead of |ow
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magni fi cati on i nmages.
[ 0197] [Fifth enbodi nent]

Wth reference to Fig. 23, a disease diagnosis support
nmet hod enpl oyi ng endoscopi c i mages of a digestive organ
using a neural network of a fifth enbodi nent is descri bed.
In the fifth enbodinent, it is possible to use the disease
di agnosi s support nethod enpl oyi ng endoscopi ¢ i nages of a
di gestive organ using the neural network according to the
first to the fourth enbodi nents. At Sl1, the neural network
is trained by using first endoscopic i mages of a digestive
organ, and corresponding to the first endoscopic inmages, at
| east one definitive diagnosis result of being positive or
negative for the di sease of the digestive organ, a past
di sease, a severity level, and information corresponding to
an i maged region. At S2, the neural network trained at Sl
out puts, based on second endoscopi c i mages of the digestive
organ, at |east one of a probability of being positive
and/ or negative for the disease of the digestive organ, a
probability of a past disease, a severity |evel of the
di sease, and the information corresponding to the inmaged
regi on.

[ 0198] At S1, the first endoscopic i nages nay be
adjusted in contrast. Furthernore, at Sl1, each of the
first endoscopic inmages may be associated with the inmged
region. The region may include at |east one of a pharynx,
an esophagus, a stomach, and a duodenum and the regi on may
be segnented in a plurality of portions for at |east one of
a plurality of digestive organs. Wen the regionis a
stomach, the segnent can include at |east one of an upper
stomach, a m ddl e stomach, and a | ower stomach. The
segnent can include at |east one of a cardia, a gastric
fundus, a gastric corpus, an angul ar region, an antral zone,

an antrum and a pyl orus.
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[ 0199] when the nunber of the first endoscopic inmages in
one of the imaged regions is snmaller than that in another
region, by using at |east one of rotation, enlargenent,
reduction, change in the nunber of pixels, extraction of
bright and dark portions, and extraction of portions having
change in hue, for the first endoscopic inmages, the nunber
of the first endoscopic i nages can be nmade substantially
equal in every region.

[ 0200] The trai ned neural network may be capabl e of
outputting information corresponding to a region at which

t he second endoscopi c i mages have been imaged, and may

out put the probability and the severity |evel together with
i nformati on corresponding to the region.

[ 0201] The first endoscopic images that include
gastroscopi c i nages may i nclude at |east one of with or

wi thout H pylori infection and with or without H pylori
eradi cation. The first endoscopic inages that include
colon fiberscope inages may include at |east colitis

ul cerosa as a disease, and the trained neural network may
output a result after being segnented in a plurality of
stages according to the severity level of the colitis

ul cerosa. The first endoscopic i nmages that include
esophagus endoscopi ¢ i nages nay include at | east one of
esophageal cancer, gastro-esophagus reflux di sease, and
esophagitis, as a disease, and the trained neural network
may output a result after being segnented for at |east one
of esophageal cancer, gastro-esophagus reflux di sease, and
esophagi tis.

[ 0202] The second endoscopic i nages may be at |east one
of inmages that are being captured with an endoscope, i nmages
transmtted via a conmuni cati on network, inmages to be
provided froma renpte operation systemor a cloud system

I mges stored in a conputer-readable recording nedium and
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novi ng i mages. A convol utional neural network may be used
as a neural networKk.
[ 0203] [ Si xt h enbodi nent ]

Wth reference to Fig. 24, a disease diagnosis support
system enpl oyi ng endoscopi c i nages of a di gestive organ
using a neural network of a sixth enbodi nent, a diagnosis
support program based on the endoscopi c i nages of the
di gestive organ, and a conputer-readabl e recordi ng nmedi um
are described. In the sixth enbodinent, it is possible to
use the di sease diagnosis support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ described in the
first enbodinent to the fourth enbodi nent. The di sease
di agnosi s support system enpl oyi ng endoscopi c i nages of a
di gestive organ includes an endoscopic inmage input unit 10,
an output unit 30, and a conputer 20 having the neural
net wor k enbedded therein. The conputer 20 includes a first
storage area 21 that stores therein first endoscopic inages
of a digestive organ, a second storage area 22 that stores
therein at | east one definitive diagnosis result,
corresponding to the first endoscopic images, of being
positive or negative for the disease of the digestive organ,
a past disease, a severity level, and infornmation
corresponding to an imged region, and a third storage area
23 that stores therein the neural network program The
neural network programstored in the third storage area 23
I's trained based on the first endoscopic inmages stored in
the first storage area 21 and the definitive diagnosis
result stored in the second storage area 22. The neural
net wor k program out puts, based on the second endoscopic
I mages of the digestive organ input fromthe endoscopic
I mage i nput unit 10, at |east one of a probability of being
positive and/or negative for the di sease of the digestive
organ with respect to the second endoscopi c i nages, a
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probability of a past disease, a severity |level of the

di sease, and information corresponding to the inmaged region,
to the output unit 30.

[ 0204] The first endoscopic images nmay be adjusted in
contrast. Each of the first endoscopic i mges my be
associated with the imaged region. The region may include
at | east one of a pharynx, an esophagus, a stomach, and a
duodenum The region nmay be segnented in a plurality of
portions for at |east one of a plurality of digestive
organs. Wen the region is a stomach, the segnment can

i nclude at | east one of an upper stomach, a m ddle stomach,
and a |l ower stomach. The segnent can include at | east one
of a cardia, a gastric fundus, a gastric corpus, an angul ar
region, an antral zone, an antrum and a pyl orus.

[ 0205] when the nunber of the first endoscopic inages in
one of the imged regions is smaller than that in another
region, by using at |east one of rotation, enlargenent,
reducti on, change in the nunber of pixels, extraction of

bri ght and dark portions, and extraction of portions having
change in hue, for the first endoscopic i mages, the nunber
of the first endoscopic i mages can be nade substantially
equal in every region.

[ 0206] The trai ned neural network may be capabl e of
outputting information corresponding to a region at which

t he second endoscopi ¢ i nages have been i maged, and may
output the probability and the severity |evel together with
i nformati on corresponding to the region.

[ 0207] The first endoscopic images that include
gastroscopi c i mages may include at | east one of with or

wi thout H pylori infection and with or without H pylori
eradi cation. The first endoscopic imges that include
colon fiberscope inmages may i nclude at least colitis

ul cerosa as a disease, and the trained neural network may
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output a result after being segnented in a plurality of
stages according to the severity level of the colitis
ul cerosa. The first endoscopic i nmages that include
esophagus endoscopi ¢ i nages nay include at | east one of
esophageal cancer, gastro-esophagus refl ux di sease,
esophagitis, as a disease, and the trained neural network
may output a result after being segnented, for at |east one
of esophageal cancer, gastro-esophagus reflux di sease, and
esophagi tis.
[ 0208] The second endoscopi c i nages nmay be at | east one
of images that are being captured with an endoscope, i nmages
transmtted via a comruni cati on network, imges to be
provided froma renote operation systemor a cloud system
i mages stored in a conputer-readable recordi ng nedium and
novi ng i mages. A convol utional neural network may be used
as a neural networKk.
[ 0209] The di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ includes a diagnosis
support program based on endoscopi c i mages of a digestive
organ as neans for the conputer to operate. The diagnosis
support program based on endoscopic i mages of a digestive
organ can be stored in a conputer-readable recordi ng nedi um
[0210] [ Sevent h enbodi nent ]

Wth reference to Fig. 25, a region determ nation
nmet hod for a digestive organ enpl oyi ng endoscopi c i mages of
the digestive organ using a neural network of a seventh
enbodi nent is described. In the seventh enbodinent, it is
possible to use the region determ nation nethod for a
di gestive organ enpl oyi ng endoscopi c i mages of the
di gestive organ using the neural network described in the
first to the fourth enbodi nents. At S11, the neura
network is trained using the first endoscopic i mages of the

di gestive organ and definitive information anong
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i nformati on corresponding to the i maged region
corresponding to the first endoscopic images. At Sl12, the
trai ned neural network outputs, based on the second
endoscopi ¢ i mages of the digestive organ, information
corresponding to the imaged region of the digestive organ.
[0211] [ Ei ght h enbodi nment |

Wth reference to Fig. 26, a region determ nation
system for a digestive organ enpl oyi ng endoscopi ¢ i mages of
the di gestive organ using a neural network of an eighth
enbodi nment, a region determ nation programfor a digestive
organ enpl oyi ng endoscopi ¢ i mages of the digestive organ,
and a conputer-readabl e recording nedium are described. In
the eighth enbodinent, it is possible to use the region
determ nation systemfor a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ using the neura
network described in the first to the fourth enbodi nents.
The regi on determ nati on systemfor a digestive organ
enpl oyi ng endoscopi ¢ i mages of the digestive organ of the
ei ght h enbodi ment i ncludes an endoscopi c i nmage i nput unit
40, an output unit 60, and a computer 50 having the neura
net wor k enbedded therein. The conputer 50 includes a first
storage area 51 that stores therein first endoscopic i nmages
of the digestive organ, a second storage area 52 that
stores therein definitive informati on anong i nformation
corresponding to an i maged region of the digestive organ,
corresponding to the first endoscopic inmages, and a third
storage area 53 that stores therein the neural network
program The neural network programstored in the third
storage area 53 is trained based on the first endoscopic
I mages stored in the first storage area 51 and definitive
information stored in the second storage area 52. The
neural network program outputs, based on the second
endoscopi ¢ i mages of the digestive organ input fromthe
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endoscopi c image input unit 40, information correspondi ng
to the imaged region of the digestive organ correspondi ng
to the second endoscopic i nages, to the output unit 60.
[0212] The region determ nation systemfor a digestive
organ enpl oyi ng endoscopi ¢ i mages of the digestive organ
i ncl udes the region determ nation programfor a digestive
organ enpl oyi ng endoscopi ¢ i nages of the digestive organ,
the program causing a conputer to operate as neans. The
regi on determ nation programfor a digestive organ

enpl oyi ng endoscopi ¢ i mages of the digestive organ can be

stored in a conputer-readabl e recordi ng medi um

Ref erence Si gns Li st
[ 0213] 10 endoscopic inmage input unit
20 conputer
21 first storage area
22 second storage area
23 third storage area
30 output unit
40 endoscopic inmage input unit
50 conputer
51 first storage area
52 second storage area
53 third storage area
60 output unit
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CLAI M5

1. A di sease di agnosi s support method enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network, the method conprising training a neural network by
usi ng

first endoscopic inmges of the digestive organ, and

corresponding to the first endoscopic i mages, at | east
one definitive diagnosis result of being positive or
negative for a di sease of the digestive organ, a past
di sease, a severity level, and information corresponding to
an i maged region,

the trained neural network outputting, based on second
endoscopi c i mages of the digestive organ, at |east one of a
probability of being positive and/or negative for the
di sease of the digestive organ, a probability of the past
di sease, a severity level of the disease, and the

i nformati on corresponding to the i maged region.

2. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to claiml1l, wherein the first endoscopic

I mges are adjusted in contrast.

3. The di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to claiml1l or 2, wherein the first
endoscopi c i mages are associated with respective i mged

regi ons.

4. The di sease di agnosi s support net hod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to claim3, wherein the region includes
at | east one of a pharynx, an esophagus, a stomach, and a
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duodenum

5. The di sease di agnosi s support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to claim3 or 4, wherein the region is
segnented in a plurality of portions for at |east one of
t he di gestive organs.

6. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to claim5, wherein when the region is a
stomach, the segnments include at |east one of an upper

stomach, a m ddl e stomach, and a | ower stomach

7. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to claim5, wherein when the region is a
stomach, the segnments include at |east one of a cardia, a
gastric fundus, a gastric corpus, an angular regi on, an

antral zone, an antrum and a pyl orus.

8. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 3 to 7, wherein when
the nunber of the first endoscopic inmages in one of the

I maged regions is smaller than that in another region, by
using at | east one of rotation, enlargenent, reduction,
change in the nunber of pixels, extraction of bright and
dark portions, and extraction of portions having change in
hue, for the first endoscopic inages, the nunber of the
first endoscopic inmages is nmade substantially equal in

every region.
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9. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 3 to 8, wherein the
trai ned neural network is capable of outputting information
corresponding to a region at which the second endoscopic

I mages have been i nmaged.

10. The di sease di agnosis support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to claim9, wherein the trained neura
network outputs the probabilities and the severity | evel

together with information corresponding to the region.

11. The di sease di agnosis support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 1 to 10, wherein the
first endoscopic i mages include gastroscopic i mages, and

t he di sease includes at | east one of with or wthout H

pylori infection and with or without H pylori eradication.

12. The di sease di agnosis support nethod enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to any one of clains 1 to 10, wherein the
first endoscopic imges include colon fiberscope inages,
the di sease includes at least colitis ulcerosa, and the
trai ned neural network outputs a result after being
segnented in a plurality of stages according to the
severity level of the colitis ulcerosa.

13. The di sease di agnosis support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 1 to 10, wherein the
first endoscopic i mges include esophagus endoscopi c i mages
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wi th Endocytoscopy, the disease includes at |east one of
esophageal cancer, gastro-esophagus reflux di sease, and
esophagitis, and the trai ned neural network outputs a
result after being segnented, for at |east one of the
esophageal cancer, the gastro-esophagus reflux di sease, and
t he esophagitis.

14. The di sease di agnosis support mnethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 1 to 13, wherein the
second endoscopic i mages are at | east one of inmages that
are being captured with an endoscope, imges transmtted
via a conmuni cati on network, inages to be provided froma
renote operation systemor a cloud system inages stored in

a conput er-readabl e recordi ng nmedium and novi ng i mages.

15. The di sease di agnosi s support nethod enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clainms 1 to 14, wherein a

convol uti onal neural network is used as the neural network.

16. A di sease diagnosis support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ, the system
conprising an endoscopi c image input unit, an output unit,
and a conputer having a neural network enbedded therein,
wherei n the conputer includes

a first storage area having first endoscopic inages of
a digestive organ stored therein,

a second storage area having, corresponding to the
first endoscopic inmages, at |east one definitive diagnosis
result stored therein, the result being of being positive
or negative for the disease of the digestive organ, a past
di sease, a severity level, and information corresponding to
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an i maged region, and

a third storage area having the neural network program
stored therein,

the neural network programis trained based on the
first endoscopic inmages stored in the first storage area
and the definitive diagnosis result stored in the second
storage area, and

t he neural network program outputs, based on second
endoscopi ¢ i mages of the digestive organ input fromthe
endoscopic image input unit, at |east one of a probability
of being positive and/or negative for the disease of the
di gestive organ with respect to the second endoscopic
i mages, a probability of a past disease, a severity |evel
of the disease, and information corresponding to the inmged

regi on.

17. The di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to claim
16, wherein the first endoscopic images are adjusted in

contrast.

18. The di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to claim
16 or 17, wherein the first endoscopic inmages are
associated wth respective i maged regi ons.

19. The di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to claim
18, wherein the region includes at |east one of a pharynx,
an esophagus, a stonach, and a duodenum

20. The di sease diagnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to claim
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18 or 19, wherein the region is segnented in a plurality of
portions for at |east one of the digestive organs.

21. The di sease di agnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ according to claim
20, wherein when the region is a stomach, the segnents

i ncl ude at | east one of an upper stonach, a m ddl e stonach,
and a | ower stomach.

22. The di sease diagnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to claim
20, wherein when the region is a stomach, the segnents
include at | east one of a cardia, a gastric fundus, a
gastric corpus, an angular region, an antral zone, an

antrum and a pyl orus.

23. The di sease diagnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to any one
of clainms 16 to 22, wherein when the nunber of the first
endoscopic images in one of the inmaged regions is snaller
than that in another region, by using at |east one of
rotation, enlargenent, reduction, change in the nunber of

pi xel s, extraction of bright and dark portions, and
extraction of portions having change in hue, for the first
endoscopi ¢ i mages, the nunber of pieces of
training/validation data is nmade substantially equal in

every region.

24. The di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to any one
of clains 16 to 23, wherein the trained neural network
programis capable of outputting information correspondi ng
to a region at which the second endoscopi ¢ i nages have been
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I maged.

25. The di sease diagnosis support system enpl oyi ng
endoscopi c i mages of a digestive organ according to claim
24, wherein the trained neural network program outputs the
probabilities or the severity |level together with the

I nformati on corresponding to the region.

26. The di sease diagnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ according to any one
of clains 16 to 25, wherein the first endoscopi c i mages

i ncl ude gastroscopic i mages, and the di sease includes at

| east one of with or without H pylori infection and with

or without H pylori eradication.

27. The di sease diagnosi s support system enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to any one of clains 16 to 25, wherein
the first endoscopic i mages include colon fiberscopic

I mages, the disease includes at least colitis ulcerosa, and
the trained neural network programoutputs a result after
bei ng segnented in a plurality of stages according to the
severity level of the colitis ulcerosa.

28. The di sease di agnosi s support system enpl oyi ng
endoscopi ¢ i mages of a digestive organ using a neural
network according to any one of clains 16 to 25, wherein
the first endoscopic i mages i nclude esophagus endoscopic

I mges w th Endocyt oscopy, the disease includes at | east
one of esophageal cancer, gastro-esophagus refl ux disease,
and esophagitis, and the trained neural network outputs a
result after being segnented, for at |east one of the
esophageal cancer, the gastro-esophagus reflux di sease, and
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t he esophagitis.

29. The di sease diagnosis support system enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to any one of clains 16 to 28, wherein
the second endoscopi c i nages are at | east one of inages
that are being captured with an endoscope, i nages
transmtted via a conmuni cati on network, inmages to be
provided froma renote operation systemor a cloud system
i mages stored in a conputer-readable recordi ng nedium and

novi ng i mages.

30. The disease diagnosis support system enpl oyi ng
endoscopi c i mages of a digestive organ using a neural
network according to any one of clains 16 to 29, wherein

the neural network is a convol uti onal neural network.

31. A diagnosis support program based on endoscopi c i nhages
of a digestive organ, the program causing a conmputer to
operate as neans in the disease diagnosi s support system
enpl oyi ng endoscopi ¢ i mages of a digestive organ accordi ng

to any one of clainms 16 to 30.

32. A conputer-readabl e recordi ng nedi um havi ng the

di agnosi s support program stored therein based on
endoscopi c i mages of a digestive organ according to claim
31.

33. A region determnation nethod for a digestive organ
enpl oyi ng endoscopi ¢ i nages of the digestive organ using a
neural network, the determ nation nethod conprising
trai ning the neural network by using

first endoscopic inmges of the digestive organ, and
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definitive information, corresponding to the first
endoscopi ¢ i mages, on information corresponding to an
I maged region,

the trai ned neural network outputting, based on second
endoscopi c i mages of the digestive organ, information
corresponding to the imaged region of the digestive organ.

34. A region determnation systemfor a digestive organ
enpl oyi ng endoscopi ¢ i mages of the digestive organ using a
neural network, the determ nation system conprising an
endoscopi c i mage input unit, an output unit, and a conputer
havi ng a neural network enbedded therein, wherein
t he conputer includes
a first storage area having first endoscopic
I mages of a digestive organ stored therein,
a second storage area having definitive
i nformati on, corresponding to the first endoscopi c inmages,
on information corresponding to an inaged region of the
di gestive organ stored therein, and
a third storage area having the neural network
program stored therein, and
the neural network programis trained based on the
first endoscopic inmages stored in the first storage area
and the definitive information stored in the second storage
area, and
t he neural network program outputs, based on second
endoscopi c i mages of the digestive organ input fromthe
endoscopi c image input unit, information corresponding to
the i maged region of the digestive organ with respect to
t he second endoscopi c i nages.

35. A region determnation programfor a digestive organ
enpl oyi ng endoscopi ¢ i nages of the digestive organ, the



91

program causi ng a conputer to operate as neans in the
region determ nation systemfor a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ according claim 34.

36. A conputer-readabl e recordi ng nmedi um havi ng the region
determ nation programfor a digestive organ enpl oyi ng
endoscopi ¢ i mages of the digestive organ according to claim
35, stored therein.



