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The development of computer-aided detection (CAD) using artificial intelligence (Al) and machine
learning (ML) is rapidly evolving. Submission of Al/ML-based CAD devices for regulatory approval
requires information about clinical trial design and performance criteria, but the requirements vary
between countries. This study compares the requirements for Al/ML-based CAD devices approved by
the US Food and Drug Administration (FDA) and the Pharmaceuticals and Medical Devices Agency
(PMDA) in Japan. A list of 45 FDA-approved and 12 PMDA-approved Al/ML-based CAD devices was
compiled. In the USA, devices classified as computer-aided simple triage were approved based on
standalone software testing, whereas devices classified as computer-aided detection/diagnosis were
approved based on reader study testing. In Japan, however, there was no clear distinction between
evaluation methods according to the category. In the USA, a prospective randomized controlled trial
was conducted for Al/ML-based CAD devices used for the detection of colorectal polyps, whereas in
Japan, such devices were approved based on standalone software testing. This study indicated that
the different viewpoints of Al/ML-based CAD in the two countries influenced the selection of different
evaluation methods. This study’s findings may be useful for defining a unified global development and
approval standard for Al/ML-based CAD.

Software development for medical devices utilizing artificial intelligence (AI) and machine learning (ML) has
been evolving rapidly. The amount of AI/ML-based software used in medical devices approved by the US Food
and Drug Administration (FDA) has been increasing every year?. An annual survey by the American College
of Radiology showed that more than 30% of radiologists used Al to improve diagnostic interpretation accuracy”.
The use of AI/ML for computer-aided detection (CADe), computer-aided diagnosis (CADx), and computer-aided
simple triage (CAST*) has allowed practitioners to use these computer-aided methods to their full potential.
However, owing to the rapid progress of AI/ML-based CAD, there is a demand to properly evaluate the efficacy
and safety of the methods used to acquire approval®~’.

Evaluation methods for AI/ML-based CAD devices can be classified into standalone software testing and
reader study testing. Standalone software testing is defined as a performance test of the Al-only using test data
that are collected retrospectively. The advantage is cost and time savings because there is no need to recruit read-
ers for performance evaluation. However, because it cannot be used to evaluate performance in clinical practice,
it cannot evaluate usability and the affection of AI assistance. Reader study testing is defined as a performance
test that evaluates the interaction of AI with physicians on diagnostic or detection accuracy. It is necessary to
recruit readers for testing, which is more costly and time-consuming than standalone software testing. Reader
study testing can be performed not only prospectively but also retrospectively using previously collected images.
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Figure 1. Flowchart for extraction of AI/ML-based CAD devices approved in the USA and Japan.

A recent prospective randomized controlled trial (RCT) for evaluating the performance of AI/ML-based
CAD for cataract detection failed to demonstrate diagnostic accuracy comparable to that of the pilot study.
This study indicated the need to evaluate the influence of physician intervention in clinical practice®. The most
recent reader study testing®!’, in which 45 clinicians from 9 clinical institutions participated in the evaluation
of a product intended to detect breast cancer, compared the results with and without AT assistance and reported
that Al assistance improved clinicians’ accuracy. Hence, evaluations differ depending on the test design and
domain. Therefore, it would be beneficial to developers of AI/ML-based CAD to know whether the criteria for
diagnostic accuracy can be evaluated by standalone software testing or should be evaluated by reader study test-
ing that includes the influence of physicians on diagnostic accuracy.

In this study, we investigate the AI/ML-based CAD devices approved by the FDA and the Pharmaceuticals
and Medical Devices Agency (PMDA) in Japan and analyzed their requirements in terms of target and study
design to provide insights into the global development of AI/ML-based CAD.

Results

Al/ML-based medical devices in the USA. We identified 45 FDA-approved AI/ML-based medical
devices using the FDA Product Code Classification Database'* (Fig. 1). There were 45 devices for a variety of
targets categorized as follows: 16 (35.6%) for triage intracranial hemorrhage or large vessel occlusion detection,
11 (24.4%) for breast cancer detection/diagnosis, 9 (20.0%) for triage pulmonary embolism, pneumothorax,
pleural effusion, or intra-abdominal free gas, 5 (11.1%) for wrist fracture, cervical spine bone fracture, vertebral
compression fracture, or rib fracture diagnosis, 3 (6.7%) for diabetic retinopathy diagnosis, and 1 (2.2%) for
colorectal polyp detection. In terms of the study design of the 45 devices, 35 (77.8%) were approved based on
standalone software testing (Table 1). The other 10 (22.2%) devices were approved based on reader study test-
ing (Table 2). In terms of sources of clinical data, three studies (6.7%) were conducted prospectively, while 42
(93.3%) studies used previously collected clinical data to evaluate efficacy (Fig. 2).

Al/ML-based medical devices in Japan. We identified 12 PMDA-approved AI/ML-based medical
devices using the database of the Japan Association for the Advancement of Medical Equipment Search (JAAME
Search)!? (Fig. 1). The target of the devices was as follows: 6 (50%) for colorectal lesion detection, 3 (25%) for
detection of covid-19 infection, 2 (16.7%) for detection of pulmonary nodules, and 1 (8.3%) for cerebral aneu-
rysm detection. In terms of the study design of the 12 devices, 9 (75%) were approved based on standalone soft-
ware testing (Table 3), and three (25%) were approved based on reader study testing (Table 4). No prospective
studies have been conducted to acquire market approval (Fig. 2).

Endoscope imaging. As a targeting device for colorectal lesions, GI Genius (Medtronic) was approved
by the FDA based on the data of a prospective RCT. A total of 685 patients were enrolled and divided into two
groups. The adenoma detection rate (ADR) was compared between participants diagnosed using traditional
endoscopy methods and those diagnosed using CADe. The efficacy of CAD was demonstrated by the fact that
the detection rate by CADe exceeded that of traditional endoscopy methods without CADe (54.8% vs. 40.4%)".

In Japan, six devices'*™*® were approved for colorectal lesions, and all devices were evaluated using retrospec-
tive data and standalone software testing. Of the six devices, three were used for analyzing images captured with
an endocytoscope (1 for differentiating the degree of inflammation of ulcerative colitis, and 2 for differentiating
the degree of tumor malignancy), and 3 were used for analyzing images captured by the endoscope.

The average number of images used for the evaluation of the devices designed for endocytoscope was 383.3
(minimum 50, maximum 1000). The average sensitivity, specificity, and accuracy rates were 94.6% (minimum
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Intended use/ Sensitivity/ Approved
Device summary CAD Imaging modality | Test Case specificity AUC | pathway Approved date | Manufacture
Chest and abdomen imaging
BriefCase forPul- | Triage and notifi-
monary Embolism | cation of pulmo- | CAST CT 184 90.6/89.9 510(k) April 2019 Aidoc Medical Ltd
triage nary embolism
Triage and .
HealthPNX notification of | CAST | X-ray 588 93.1/92.9 098 | 510(k) May 2019 Zebra Medical
Vision Ltd
pneumothorax
Triage and .
Critical Care Suite | notification of | CAST | X-ray 804 84.3/93.5 096 | 510(k) August 2019 SE Medical
ystems LLC
pneumothorax
Triage and notifi- Zebra Medical
HealthCXR cation of pleural CAST X-ray 554 96.7/93.1 0.98 510(k) November 2019 . !
. Vision Ltd
effusion
Triage and
Red Dot notification of | CAST | X-ray 888 94.6/87.9 097 | 5100) February 2020 | Behold: Al Tech-
nologies Limited
pneumothorax
AIMI-Triage CXR | [Fiage and
PTX notification of CAST X-ray 300 92/90 0.96 510(k) April 2020 RADLogics Inc
pneumothorax
BriefCase for ;[;F. %ecaatrf of
Intra-abdominal | 1OT1eaon O CAST |CT 184 91/88.9 510(k) June 2020 Aidoc Medical Ltd
. intra-abdominal
Free Gas triage f
Tee gas
dental Pulmonary CAST CT 268 90.5/88.7 510(k) August 2020 Aidoc Medical Ltd
. . tal pulmonary
Embolism triage .
embolism
Triage and
notification of pul- Chest CTA/ PE: 396 91.1/91/8
CINA CHEST monary embolism | CAST thoraco-abdomi- . ' 510(k) May 2021 Avicenna.Alt
. AD: 298 96.4/97.5
(PE) and aortic nal CTA
dissection (AD)
Head imaging
Triage and noti-
ContaCT fication of large CAST CTA 300 87.8/89.6 091 | denovo February 2018 Viz.Al Inc
vessel occlusion
BriefCase for Triage and notifi-
Intracranial Hem- | cation of intracra- | CAST CT 198 93.6/92.3 510(k) August 2018 Aidoc Medical Ltd
orrhage triage nial hemorrhage
Triage and notifi-
Accipiolx cation of intracra- | CAST CT 360 92/86 510(k) October 2018 MaxQ-AI Ltd
nial hemorrhage
Triage and notifi- .
HealthICH cation of intracra- | CAST | CT 427 94.4/92.5 510(k) June 2019 Zebra Medical
) Vision Ltd
nial hemorrhage
Triage and notifi-
DeepCT cation of intracra- | CAST CT 260 93.8/92.3 510(k) July 2019 Deep01 Limited
nial hemorrhage
BriefCase for Large | Triage and noti-
Vessel Occlusion | fication of large CAST CTA 383 88.8/87.2 510(k) December 2019 | Aidoc Medical Ltd
triage vessel occlusion
Triage and notifi-
Viz ICH cation of intracra- | CAST CT 261 93/90 0.96 510(k) March 2020 Viz ai Inc
nial hemorrhage
Triage and notifi-
Rapid ICH cation of intracra- | CAST CT 336 89.9/94.3 510(k) March 2020 iSchemaView Inc
nial hemorrhage
Triage and notifi-
CuraRad-ICH cation of intracra- | CAST CT 388 90.6/93.1 510(k) April 2020 CuraCloud Corp
nial hemorrhage
Triage and notifi-
cation of intracra- .
NineAl nial hemorrhage | CAST CT ICH:89.9/97.4 510(k) April 2020 Nines Inc
ME:96.4/91.1
(ICH) and mass
effect (ME)
Triage and notifi-
cation of intracra- Total:1320 98.5/91.2
nial hemorrhage 0.98
(ICH), mass effect ICH:629 96.9/93/9 0.99 Qure. ai Technolo-
qER P CAST CT ME:471 96.3/96 : 510(k) June 2020 N
(ME), midline MS:414 97.3/95.3 0.99 gies
shift (MS) and CF:248 96.7/92.7 097
cranial fracture
(CF)
Continued
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Device

Intended use/
summary

CAD

Imaging modality

Test Case

Sensitivity/
specificity

AUC

Approved
pathway

Approved date

Manufacture

CINA

Triage and notifi-
cation of intracra-
nial hemorrhage
(ICH) and large
vessel occlusion
(LVO)

CAST

CT/CTA

ICH:814
LVO:476

91.4/97.5
97.9/97.6

0.94
0.98

510(k)

June 2020

AVICENNA. Al

Rapid LVO

Triage and noti-
fication of large
vessel occlusion

CAST

CTA

97/95.6

0.99

510(k)

July 2020

iSchemaView Inc

Accipiolx

Improve perfor-
mance by chang-
ing algorithm

CAST

CT

360

97/93

N/A

510(k)

August 2020

MaxQ AI Ltd

HALO

Triage and noti-
fication of large
vessel occlusion

CAST

CTA

364

91.1/87

0.97

510(k)

November 2020

NiCo-Lab BV

Viz ICH

Addition of GE’s
non-contrast
CT as supported
systems

CAST

CT

387

95/96

0.97

510(k)

March 2021

Viz ai Inc

Fracture imaging

BriefCase for
C-Spine fracture
triage

Triage and
notification of
cervical spine
bone fracture

CAST

CT

186

91.7/88.6

510(k)

May 2019

Aidoc Medical Ltd

HealthVCF

Triage and notifi-
cation of vertebral
compression
fractures

CAST

CT

611

90.2/86.9

510(k)

May 2020

Zebra Medical
Vision Ltd

uAlI Easy Triage-
Rib

Triage and notifi-
cation of multiple
(3 or more) acute
rib fracture

CAST

CT

200

92.7/84.7

0.93

510(k)

January 2021

Shanghai United
Imaging Intel-
ligence Co., Ltd

Breast imaging

cmTriage

Triage and noti-
fication of breast
cancer

CAST

Mammogram

1255

86.9/88.5

510(k)

March 2019

CureMetrix Inc

ProFound Al
Software V2.1

Application to add
Siemens Modali-
ties as supported
systems

CADe/
CADx

Digital breast
tomosynthesis

694

510(k)

October 2019

iCAD Inc

Transpara V1.5

Addition of Fuji-
film’'s mammo-
gram as supported
systems

CADe/
CADx

Mammogram

510(k)

December 2019

ScreenPoint Medi-
cal BV

HealthMammo

Triage and noti-
fication of breast
cancer

CAST

Mammogram

835

89.9/90.7

510(k)

July 2020

Zebra Medical
Vision Ltd

Saige-Q

Triage and noti-
fication of breast
cancer

CAST

Mammogram/
Digital breast
tomosynthesis

Mammogram:
1333
DBT: 1528

92.2/91.2
98.3/95.7

0.96
0.98

510(k)

April 2021

DeepHealth, Inc

Transpara V1.7

Addition of Fuji-
film’s digital breast
tomosynthesis as
supported systems

CADe/
CADx

Mammogram/
Digital breast
tomosynthesis

510(k)

June 2021

ScreenPoint Medi-
cal BV

Ophthalmology imaging

IDx-DR

Addition of Train-
ing mode, and
change the user
interface

CADe/
CADx

Fundus camera

510(k)

June 2021

Digital Diagnos-
tics Inc

Table 1.

Characteristics of the 35 FDA approved AI/ML-based CAD evaluated by standalone software testing.

91.8, maximum 96.9), 94.1% (minimum 91, maximum 97.3), and 95% (minimum 92, maximum 98). AUC was
not reported.

For devices designed for endoscopic detection of polyps, video data were used instead of images for perfor-
mance evaluation. The efficacy of EndoBRAIN-EYE (CYBERNET)!® was evaluated using 12 h of videos including
300 lesions. The efficacy of WISE VISION (NEC)'® was evaluated using videos including 350 lesions, and the
number of continuous frames in which the lesions were identified was the index of performance. EW1-EC02
(FUJIFILM)" has both CADe and CADx functions. The CADe performance was evaluated based on the suc-
cessful continuous detection of polyps. The CADx performance was evaluated based on the correct identification
of a lesion as a tumor or non-tumor lesion®’.
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Device

Intended use/
summary

CAD

Imaging
modality

Study design

Test case

Reader

Sensitivity/
specificity

AUC

Approved
pathway

Approved
date

Manufacture

Endoscope ima;

ging

GI Genius

Detection
of colonic
mucosal
lesions

CADe

Endoscopy

Prospective,
RCT

685

ADR: 54.8
(40.4)

de novo

April 2021

Cosmo
Artificial
Intelligence—
AL LTD

Ophthalmology imaging

IDx-DR

Detection and
diagnosis of
more than
mild diabetic
retinopathy

CADe/CADx

Fundus
camera

Prospective

900

87/90

de novo

April 2018

IDx LLC

EyeArt

Detection and
diagnosis of
more than
mild diabetic
retinopathy
and vision-
threatening
diabetic
retinopathy

CADe/CADx

Fundus
camera

Prospective

942

95.5/86.5

510(k)

August 2020

Eyenuk Inc

Fracture imaging

OsteoDetect

Detection and
diagnosis of
distal radius
fractures of
adult wrists

CADe

X-ray

Retrospective,
MRMC,
Fully-crossed

200

24

80/91
(74/88)

0.88
(0.84)

de novo

May 2018

Imagen Tech-
nologies Inc

FractureDetect

Detection and
diagnosis of

12 fractures
(ankle, clavicle,
elbow, femur,
forearm, hip,
humerus,
knee, pelvis,
shoulder, tibia/
fibula, wrist)

CADe

X-ray

Retrospective,
MRMC,
Fully-crossed

175

24

90/91.8
(82/89)

0.95
(0.91)

510(k)

July 2020

Imagen Tech-
nologies Inc

Breast imaging

Transpara
V13

Detection and
diagnosis of
breast cancer

CADe/CADx

Mammogram

Retrospective,
MRMC,
Fully-crossed

240

0.88
(0.86)

510(k)

November
2018

ScreenPoint
Medical BV

ProFound Al
Software V2.0

Detection and
diagnosis of
breast cancer

CADe/CADx

Digital breast
tomosynthesis

Retrospective,
MRMC,
Fully-crossed

260

24

85/69
(77162)

0.85
(0.79)

510(k)

December
2018

iCAD Inc

Transpara
V1.6

Addiction of
digital breast
tomosynthesis
as supported
systems

CADe/CADx

Mammogram/
Digital breast
tomosynthesis

Retrospective,
MRMC,
Fully-crossed

0.86
(0.83)

510(k)

March 2020

ScreenPoint
Medical BV

MammoScreen

Detection and
diagnosis of
breast cancer

CADe/CADx

Mammogram

Retrospective,
MRMC

240

0.8
0.77)

510(k)

March 2020

Therapixel

Genius AI
Detection

Detection and
diagnosis of
breast cancer

CADe/CADx

Digital breast
tomosynthesis

Retrospective,
MRMC

390

75.9/25.8
(66.8/23.4)

0.82
(0.79)

510(k)

November
2020

Hologic Inc

Table 2. Characteristics of the 10 FDA approved AI/ML-based CAD evaluated by reader study testing.
Sensitivity/specificity and AUC are shown as with AI (without AI).

Chest and abdominal imaging. In the USA, nine medical devices?'* aimed at triaging pulmonary

embolism, pneumothorax, pleural effusion, or intra-abdominal free gas, all categorized as CAST, were approved
through evaluation of standalone software testing. An average of 496 images (minimum 184, maximum 888)
were used for performance evaluation. The sensitivity and specificity reported by all nine studies had averages of
92.0% (minimum 84.3, maximum 96.4) and 91.4% (minimum 87.9, maximum 97.5). AUC was only reported by
5 studies and the average was 0.97 (minimum 0.96, maximum 0.98).

In Japan, two devices***! for lung nodule detection were categorized as CADe and approved based on read-
ing study testing. An average of 178 images (minimum 36, maximum 320) were used for testing. The reported
averages of sensitivity and specificity were 59.1% (minimum 56.9, maximum 61.4) and 63.9% (minimum 37.1,
maximum 90.7), respectively. AUC was not reported by either study.

Head imaging. In the USA, 16 devices®**" designed for the triage of intercranial hemorrhage and/or large
vessel occlusion were labeled as CAST devices and approved after analysis of performance evaluation results. An
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Figure 2. Number of approved AI/ML-based CAD devices in the USA and Japan.

Intended use/ Sensitivity/
Device summary CAD Imaging modality | Testcase | specificity AUC | Accuracy | Approved date | Manufacture
Endoscope imaging
Diagnosis of
EndoBRAIN neoplastic or non- | CADx Endocytoscopy 100 96.9 98 December 2018 | CYBERNET
neoplastic
Diagnosis of inflam-
EndoBRAIN-UC mation for Ulcera- | CADx Endocytoscopy 1000 95.1/90.7 91.9 April 2020 CYBERNET
tive colitis
EndoBRAIN-EYE | Detection of colonic | oy, Endoscopy 300 96.3/93.7 January 2020 | CYBERNET
mucosal lesions
Diagnosis of non-
EndoBRAIN-Plus neoplastic, adenoma | CADx Endocytoscopy 50 91.8/97.3 July 2020 CYBERNET
or invasive cancer
Detection and X\gl‘lgil; 945 94.9
EW10-EC02 diagnosis of colonic | CADe/CADx | Endoscopy BLL 296 % 932 September 2020 | FUJIFILM
mucosal lesions WLL 308
WISE VISION Detection of colonic | ¢4y, Endoscopy 350 83/89 November 2020 | NEC
mucosal lesions
COVID-19 detection
Detection of
InferR ead CT Pneu- pneumonia cause by | CADe CT 190 77.1/90.7 June 2020 CES decartes
monia :
covid-19
Detection of
Ali-M3 pneumonia cause by | CADe CT 704 89.6/37.1 June 2020 MIC Medical Corp
covid-19
Detection of
FS-AI693 pneumonia cause by | CADe CT 217 87.5/37.1 0.74 May 2021 FUJIFILM
covid-19
Table 3. Characteristics of the 9 PMDA approved AI/ML-based CAD evaluated by standalone software
testing.
Intended use/ Sensitivity/
Device summary CAD | Imaging modality | Testcase | Reader | specificity AUC | Accuracy | Approved date | Manufacture
Chest and abdomen imaging
FS-Al688 Detection oflung | cape | cr 36 10 61.4 (49) May 2020 FUJIFILM
EIRL X-Ray Lung Detection of lung 0.76 88.4
nodule nodule CADe | CT 320 18 56.9/96.7 (45.4/96.3) 0.70) | (85.6) August 2020 LPIXEL
Head imaging
Detection of 075
EIRL aneurysm Unruptured cerebral | CADe | MRA 200 20 77.2/72.1 (68.2/79.4) ((') 71) September 2019 | LPIXEL
aneurysm :

Table 4. Characteristics of the 3 PMDA approved AI/ML-based CAD evaluated by Reader Study Testing.
Sensitivity/specificity and AUC are shown as with AI (without AI).
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average of 414.6 images (minimum 198, maximum 1320) were used for evaluation. The averages of the sensitiv-
ity and specificity reported by all studies were 93.6 (minimum 87.7, maximum 98.5) and 92.8 (minimum 86,
maximum 97.6), respectively. The average AUC (reported by only 7 studies) was 0.97 (minimum 0.91, maximum
0.99).

The Accipilox (MaxQ AI Ltd.), a medical device targeting the detection of intercranial hemorrhage, was first
approved by the FDA in 2018%*. However, after changing the original algorithm from an ML-based to a convolu-
tional neural network (CNN)-based algorithm in 2020*, application for re-approval became necessary. With this
change, the sensitivity increased from 92 to 97%, and the specificity increased from 86 to 93%. Both tests were
performed using 360 images. Similarly, the Viz ICH (Viz ai Inc.)***, another device for intracranial hemorrhage
detection, was granted FDA clearance after the development of an add-on allowing for Al automatic detection on
non-contrast CT scans acquired on scanners manufactured by general electric (GE). Device sensitivity increased
from 93 to 95%, specificity increased from 90 to 96%, and AUC increased from 0.96 to 0.97.

In Japan, a CADe device that analyzes head magnetic resonance angiography images to detect unruptured
cerebral aneurysms*® was approved based on reader study testing. A total of 200 images were used for the testing.
The reported sensitivity and specificity were 77.2% and 72.1%, respectively. AUC was not reported.

Ophthalmology imaging. In the USA, two devices*** for diabetic retinopathy diagnosis were approved
using data from a prospective study. The average number of images used for performance evaluation was 921
(minimum 900, maximum 942). Sensitivity and specificity were 91.2% (minimum 87, maximum 95.5) and
88.6% (minimum 86.5, maximum 90), respectively. AUC was not reported. Notably, the percentage of images
that could be correctly evaluated through AI was calculated using an imageability factor, and the reported aver-
age was 97.3% (minimum 96, maximum 98.6). Both devices were used in primary care facilities in the USA and
were developed to help caregivers decide whether to encourage patients to see specialists based on the results of
AT analysis.

Regarding IDx-DR (Digital Diagnosis Inc.), a second application for the addition of a training mode and
alterations to the user interface were approved®!. However, additional performance evaluation was not conducted
at the time of the second application. AI/ML-based CAD for the diagnosis of diabetic retinopathy has not yet
been approved by Japanese agencies.

Fracture imaging. Of the five devices®>*® aimed at fracture detection that received FDA approval, three
were evaluated by standalone software testing®*~>°. These three devices were categorized as CAST for cervical
spine fracture, vertebral compression fracture, and rib fracture, and CT images were used for analyses. The other
two devices were developed for wrist fracture detection® and 12 types of fracture detection on X-ray images®.
These two devices were approved based on reader study testing and an improvement in diagnostic accuracy
using X-ray images was demonstrated with the assistance of the software. Standalone software testing was con-
ducted using an average of 332.3 images (minimum 186, maximum 611). The average sensitivity, specificity, and
AUC were 91.5% (minimum 90.2, maximum 92.7), 86.7% (minimum 84.7, maximum 88.6), and 0.94 (minimum
0.93, maximum 0.95), respectively. AUC was only reported for two of the three devices (not reported for the
cervical spine fracture triage device).

Reader study testing was performed using an average of 187.5 images (minimum 175, maximum 200). Aver-
age sensitivity, specificity, and AUC were 85% (minimum 80, maximum 90), 91.4% (minimum 91, maximum
91.8), and 0.91 (minimum 0.88, maximum 0.95), respectively. AI/ML devices aimed at detecting fractures are
yet to be approved in Japan.

Breast imaging. Among the 11 devices”~* for detection and diagnosis of breast cancer approved in the
USA, six were evaluated based on standalone software testing™*#%62-64_ Five devices categorized as CADe/
CADx, which were designed to detect suspected breast cancer sites and malignancy levels, were approved based
on reader study testing® 657,

Among the devices evaluated through standalone software testing, ProFound Al Software V2.1 (iCAD Inc.),
Transpara V1.5 (ScreenPoint Medical BV)®, and Transpara V1.7 (ScreenPoint Medical BV)® were classified as
CADe/CADx devices. However, all three devices were upgraded versions of devices that had been approved based
on reader study testing, with the addition of mammography or digital breast tomosynthesis. For the Transpara
V1.6 (ScreenPoint Medical BV)®!, a second reader study test was conducted at the time of the upgrade from the
previous version because it added digital breast tomosynthesis as usable data input.

For standalone software testing, an average of 1411 images were used (minimum 694, maximum 1528), with
an average sensitivity of 91.8% (minimum 86.9, maximum 98.3), specificity of 91.5 (minimum 88.5, maximum
95.7), and AUC of 0.96 (minimum 0.95, maximum 0.98). For reader study testing, an average of 274 images were
used for the evaluation (minimum 240, maximum 390), with an average sensitivity of 80.4% (minimum 75.9,
maximum 85), specificity of 47.4% (minimum 25.8, maximum 69), and AUC of 0.84 (minimum 0.8, maximum
0.88). Currently, no AI/ML medical devices for breast cancer detection and diagnostics have been approved in
Japan.

SARS-Cov-2(COVID-19) detection. In Japan, three medical devices®®7° aimed at detecting COVID-19
infection have been approved based on standalone software testing. In response to the rapid spread of COVID-
19, all devices were fast-tracked for evaluation and approved within two months of application. The average
number of images used to evaluate the performance of these devices was 370.3 (minimum 190, maximum 704)
with an average sensitivity and specificity of 84.9% (minimum 77.7, maximum 89.6) and 54.7 (minimum 37.1,
maximum 90.7) respectively. AUC was not reported in any study.
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Discussion

In this study, we extracted AI/ML-based CAD devices approved in the USA and Japan and thoroughly assessed
the performance evaluation methods. The main findings are as follows: (1) In the USA, devices classified as CAST
were approved based on standalone software testing, and all devices classified as CADe/CADx were approved
based on reader study testing. However, in Japan, there is no clear classification. (2) AI/ML-based CAD in the
field of endoscopy for the detection of colorectal polyps was approved based on the data of a prospective RCT in
the USA. In Japan, it was approved based on the evaluation of the software alone. This difference was influenced
by the fact that the use of colonoscopy in the medical healthcare system in the two countries is quite different, as
discussed in “Necessity of prospective testing” section. (3) In the USA, a wider variety of devices are available,
compared to the devices available in Japan. To the best of our knowledge, this is the first comprehensive system-
atic comparative analysis of evaluation methods for AL/ML-based CAD devices approved in the USA and Japan.

Different methodological approaches to standalone software testing and a reader study test-
ing. There are two major testing methods for evaluating AI/ML-based CAD devices: standalone software
testing and reader study testing. The 31 devices approved as CAST in the USA were all evaluated by software
alone. On the other hand, all the devices classified as CADe/CADx were subjected to reader study testing, except
for post-market improvements.

CAST is said to have been introduced by Goldenberg et al. in 2011*7!. In the USA, devices classified as having
CAST functions are intended for use in urgent situations, such as intracerebral hemorrhage or cerebrovascular
obstruction, where the devices assist non-specialists in promptly determining the best course of action to take.
As the devices may contribute to the clinical decision-making process, software test results are required to dem-
onstrate sensitivity and specificity of 90% or higher. The mean values of sensitivity, specificity, and AUC for all
approved CAST devices in the USA were high—92.9% (minimum 84.3, maximum 98.3), 91.7% (minimum 83.5,
maximum 97.6), 0.96 (minimum 0.91, maximum 0.99), respectively.

The FDA has issued guidance on the standalone evaluation of software and recommends AUC, sensitivity,
and specificity as evaluation indexes’>. Probably owing to this guidance, these indices were evaluated for many
devices. These evaluation indexes would contribute to a reasonable evaluation of the performances of newly
developed devices.

Furthermore, in the USA, all devices were tested using the multiple reader multiple case (MRMC) method.
The reported average number of doctors who participated in the test was 19.2 (minimum 14, maximum 24). Of
the devices approved based on reader study testing, five were conducted using “Fully-Crossed design” following
the FDA recommendation due to its greater statistical power. The test design is recommended by the FDA when
the output results are displayed concurrently (2020 revision)”>.

Despite the extensive testing procedures that were performed before approval, there were instances where
the clinical performance of approved devices did not measure up to expectations’*’%. This was the case with
BriefCase for CSF Triage (Aidoc Medical Ltd.) and Health VCF (Zebra Medical Vision Ltd.). Such cases underline
the necessity of analyzing the generalizations contained within the current evaluation methods for increasingly
diverse devices.

There are currently no approved CAST devices in Japan; hence, it was not possible to find any information
on an evaluation method for CAD devices that fall under this category. The data indicates that, in Japan, the
method used to evaluate the performance of a device is not reliant on the category the device is classified by, be
it CAST or CADe/CADx. We believe that the reason there were no PMDA-approved CAST devices in Japan lies
in the medical environment differences when compared to the USA. For instance, according to data reported
by the Organization for Economic Co-operation and Development in a survey on the distribution of medical
equipment’’, Japan ranked highest in the CT scanner category with 111 scanners for every 1,000,000 people; The
USA ranked 11th with only 43 (27 in hospitals and 16 ambulatories) scanners per 1,000,000 people. However,
the reported number of CT examinations per 1000 individuals for both countries was comparable: 200-250
exams per 1000 individuals. Thus, it is evident that, over an identical period, the data volume outputted by a
single CT scanner in the USA would be far greater than that in Japan. Therefore, the need for prompt screening
of high-risk patients may be greater in the USA than in Japan, which may be the reason why CAST devices are
widely developed in the USA.

In Japan, there is no guidance on the evaluation of devices by standalone software testing or by reader study
testing. Establishing such guidance along with evaluation indexes may be necessary if Japan hopes to continue
promoting research and development of AI/ML-based medical devices.

Necessity of prospective testing. Of the 57 AI/ML-based CAD devices selected and analyzed in the
present study, three devices conducted prospective studies: IDx-DR (IDx) and EyeArt (Eyenuk, Inc), for the
detection of diabetic retinopathy, and GI Genious (Cosmo Artificial Intelligence-AI, LTD) for the detection of
colorectal polyps. The common denominator between these three devices is that the quality of the image used
as input data into the software greatly depends on the skill of the surgeon. Hence, the performance of the Al/
ML-based CAD device is considerably dependent on the dexterity of the user, and a less skilled professional may
not be able to realize the full potential of the device. Moreover, the dependence of such devices on the user’s
skills leads to a higher likelihood than some of their counterparts to misdiagnose. Although many studies have
been reported on AI/ML-based CAD devices for ultrasonography used to detect breast tumors’, it has not yet
been granted regulatory approval. It was speculated that this is because the imaging skill of the operator had a
significant impact on the performance of the software.

We believe that the difference between CAD-assisted colorectal polyp detection in the USA and Japan is due
to the significant differences in the clinical positioning of colonoscopy in the healthcare system.
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In the USA, colonoscopy is recognized as the “gold-standard” screening test for colorectal cancer preven-
tion. Most practitioners choose to remove all polyps found during a colonoscopy. Therefore, there is a concern
that the use of AI/ML-based CAD devices will inevitably increase the number of polyps detected, including
benign ones, thereby increasing the burden of the procedure on the patients. Furthermore, for colonoscopy,
rather than sensitivity and specificity, the best indicator for performance evaluation is the adenoma detection
rate (ADR)”>#®. Indeed, the ADR index has been confirmed to be directly correlated with the mortality rate of
colorectal cancer®82,

In Japan, when a polyp is found during colonoscopy, the physician makes a qualitative diagnosis using a
magnifying endoscope and makes a judgment on its malignancy level. The term “semi-clean colon” refers to a
colon with a small adenoma judged as benign (also known as microadenomas, less than 5 mm wide), for which
a follow-up is performed without excision®?. This indicates that not all polyps are extracted during a procedure
in Japan, contrary to the procedure in the USA. Therefore, the impact of colonoscopy on treatment strategy
differs between Japan and the USA, which might have resulted in the approval of the CADe device based on the
evaluation of the standalone software testing in Japan.

Furthermore, to evaluate the performance of the CAD system for detecting colorectal polyps, video frames
were used as test data and the performance was evaluated in an actual clinical practice manner. It can be said
that the PMDA has made a reasonable evaluation of CAD for colorectal polyp detection in line with the clinical
scenario in Japan.

IDx-DR and EyeArt devices designed for the detection of diabetic retinopathy are used in primary care facili-
ties. These devices, using the results of Al analysis, are intended to help caregivers decide whether to encourage
patients to see specialists. These devices are intended to be operated by non-expert practitioners. Therefore, it is
necessary for manufacturers to properly train operators to be able to use the device to achieve its full potential
and create an appropriate imaging protocol. This explains why imageability was also used as an evaluation factor
when reviewing the performance of such devices®.

Comparison of diversity of Al/ML-based CAD. A comprehensive analysis of AI/ML-based CAD
devices approved by the regulatory agencies revealed that the FDA approved a wider variety of devices than
the PMDA. In the USA, AI/ML-based CAD for intracerebral hemorrhage, cerebrovascular obstruction, breast
cancer, pneumothorax, pulmonary embolism, and pleural effusion diagnosis is a field that remains on the cut-
ting edge of the healthcare industry. The constantly updated and improved head CT, mammogram, and chest CT
databases may be one of the reasons for such technological advances. Indeed, digital databases such as the Digi-
tal Database for Screening Mammography (DDSM)?, or ChexPert® are known for their large-scale database
and are frequently used in studies on image analysis algorithm development. Furthermore, the National Insti-
tute of Health created the ChestNet-14%7 dataset available through Kaggle (an online community periodically
organizing data science competitions). ChestNet-14 comprises 112,000 images of 14 different types of lesions.
Similarly, the Radiological Society of North America published 25,312 head CT images on Kaggle®. As can be
seen from these instances, there is a constant push for the further development of AI/ML-based CAD-assisted
diagnostic/detection devices.

Historically, the USA pioneered the application of CAD to the medical field, with the FDA approving the
world’s first CAD device in 1998 (“Image Checker”®, by R2, now manufactured by Hologic). This is assumed
to be one of the reasons why medical AI/ML research and development is at an advanced stage as compared to
other countries.

The most advanced AI/ML-based CAD sector in Japan targets the colonoscopy market. Currently, the Japa-
nese company, Olympus, accounts for 70% of the endoscopes’ global market shares®. It is speculated that this
may be a factor for the use of Al in the analysis of endoscopic images, and lesion detection is more advanced as
compared to the other areas. In Japan, research teams at Showa University and Nagoya University have published
a database (SUN"') containing 49,799 colorectal polyps. Therefore, further research and development focusing
on this area are required.

Future work. Because the European Union’s European Medicines Agency (EMA) is another important reg-
ulatory agency, including AI/ML-based medical devices approved by the EMA would result in a more complete
analysis of the current state of global device approval procedures. However, the EMA does not appear to have a
comprehensive database accessible to the public. If the EMA makes its data publicly available, we will incorpo-
rate it in a future study, generating results of higher quality and consistency.

Limitations. The present study had two limitations. First, the devices that were approved in the USA or
Japan were extracted using their general names or product codes. Therefore, there may be relevant devices that
we have not identified. Second, this systematic analysis was limited to AI/ML-based CAD devices. Nevertheless,
we believe that our comprehensive analysis and comparison of evaluation methods of AL/ML-based medical
devices in terms of target and study design between the USA and Japan provide valuable knowledge on the
global development of AI/ML-based CAD.

Conclusions
To the best of our knowledge, the present study is the first systematic comprehensive comparative analysis to
clarify differences in performance evaluation methods of AI/ML-based CAD devices approved in the USA and
Japan.

In the USA, there are two prevalent methods for performance evaluation: standalone software testing and
reader study testing. Which one is used depends on whether the device is CAST or CADe/CADX. In contrast,
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Japan does not make such a clear distinction, as illustrated by the indiscriminate use of either standalone software
testing or reader study testing for performance evaluation of devices belonging to the same class label (CADe/
CADx). In addition to this, the present study indicated that the AI/ML CAD devices approved in the USA were
much more diverse than those approved in Japan. As a regulatory agency, the FDA has issued clear guidance
specifying and describing points to keep in mind when conducting standalone software testing or reader study
testing. The authors believe that the active publication of such guidance and extensive comprehensive documen-
tation by regulatory agencies encourages the development of AI/ML medical devices. Finally, from the perspec-
tive of mutual acceptance of AI/ML-based CAD devices developed in both countries, it would seem relevant
to address the issue of international harmonization of AI/ML-based CAD evaluation to obtain consensus on
reliable evaluation methods for these devices.

Methods

Extraction of Al/ML-based medical devices inthe USA. AI/ML medical devices were extracted from
the FDA product code database'!. Product Code is a “3-character unique product identifier”. As of June 22, 2021
(the date at which devices were selected), 6701 product codes were listed. Two independent authors performed
a keyword search and determined whether the Al-based CAD met the inclusion criteria and resolved discrepan-
cies by joint review and consensus. When using search keywords such as “artificial intelligence,” “machine learn-
ing,” and “deep learning,” 18 product codes were identified (8 for artificial intelligence, 9 for machine learning,
and 1 for deep learning). Among the 18 product codes, seven duplicates were removed, and five other product
codes were excluded after screening (excluding codes that did not correspond to triage, notification, detection, or
diagnosis). The final six product codes encompassed a total of 48 devices. Of these 48 devices, four were granted
de novo clearance and 44 had been granted 510(k) clearance [no premarket approval (PMA)]. Two devices were
excluded from this study because of insufficient information in the 510(k) summary; one was excluded because
of minor changes in the target user. The final number of US-approved devices used in the present study was 45.
Details of the screening and selection processes are shown in Fig. 1.

Information on de novo classification requests, decision summaries, and a 510(k) summary of AI/ML-based
CAD approved in the USA was collected. Information on (1) device name; (2) manufacturer; (3) approval date;
(4) intended use; (5) test method; (6) target disease; (7) test data volume; and (8) performance [sensitivity,
specificity, area under the curve (AUC), and accuracy rate] was retrieved.

Extraction of Al/ML-based medical devices in Japan. Japanese PMDA-approved AI/ML medical
devices were extracted from the database of the Japan Association for the Advancement of Medical Equipment
using its search service (JAAME Search)'>. The JAAME database comprehensively stores the general names of
medical devices and information on approved or certified medical devices. First, since this study focuses on
AI/ML medical devices used to diagnose specific diseases, the initial search was performed using a “disease
diagnostic program?” The search results showed 165 device categories with generic names (equivalent to FDA
product codes). These 165 categories comprised a combined total of 349 approved/certified medical devices (as
of June 22, 2021).

Since the first AI/ML medical device approved in Japan was EndoBRAIN (CYBERNET), for which approval
was issued in December 2018, the search was refined to devices approved between December 2018 and June
2021. This reduced the number of devices that matched all selected characteristics to 57. After excluding devices
for genome analysis or other non-image-based tasks, 32 devices remained. The final data assessment checked
whether using AI/ML from the press release information and package inserts of the devices, yielding 12 devices
for study.

Classification of Al/ML-based CAD. Identified AI/ML-based CAD devices were classified based on the
definitions of CADe, CADx, and CAST described in the guidance document by the FDA”2. Taking the example
of lesion detection, a device that outputs the mark or emphasis is a CADe, a device that identifies the malignancy
level of the lesion is a CADx, and a device whose output is meant to reduce or eliminate the burden of doctors
isa CAST.

Data analysis. After grouping the identified devices according to their target area, we further divided them
into subgroups according to the evaluation method used for approval (standalone software testing or reader
study testing). Known data averages for the test cases, sensitivity, specificity, and AUC results were calculated
(minimum-maximum) using Microsoft Excel.

Research involving human participants. This study is a systematic review and do not involve human
participants.

Data availability
The authors declare that all the data included in this study are available within the paper.
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