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Scientific research of artificial intelligence (AI) in dermatology has increased exponentially. The
objective of this study was to perform a systematic review and meta-analysis to evaluate the
performance of AI algorithms for skin cancer classification in comparison to clinicians with
different levels of expertise. Based on PRISMA guidelines, 3 electronic databases (PubMed,
Embase, and Cochrane Library) were screened for relevant articles up to August 2022. The quality
of the studies was assessed using QUADAS-2. A meta-analysis of sensitivity and specificity was
performed for the accuracy of AI and clinicians. Fifty-three studies were included in the
systematic review, and 19 met the inclusion criteria for the meta-analysis. Considering all studies
and all subgroups of clinicians, we found a sensitivity (Sn) and specificity (Sp) of 87.0% and
77.1% for AI algorithms, respectively, and a Sn of 79.78% and Sp of 73.6% for all clinicians
(overall); differences were statistically significant for both Sn and Sp. The difference between AI
performance (Sn 92.5%, Sp 66.5%) vs. generalists (Sn 64.6%, Sp 72.8%), was greater, when
compared with expert clinicians. Performance between AI algorithms (Sn 86.3%, Sp 78.4%) vs
expert dermatologists (Sn 84.2%, Sp 74.4%) was clinically comparable. Limitations of AI
algorithms in clinical practice should be considered, and future studies should focus on real-
world settings, and towards AI-assistance.

Skin cancer is the most common neoplasm worldwide. Early detec-
tion and diagnosis are critical for the survival of affected patients. For
skin cancer detection in early stages, a complete physical examination
is of paramount importance; however, visual inspection is often not
sufficient, and less than one quarter of U.S. patients will have a
dermatologic examination in their lifetime1. Dermoscopy is a diag-
nostic tool, which allows for improved recognition of numerous skin
lesions when compared to naked eye examination alone; however,
this improvement depends on the level of training and experience of
clinicians2. In recent years, advances have been made in noninvasive

tools to improve skin cancer diagnostic performance, including the
use of artificial intelligence (AI) for clinical and/or dermoscopic
image diagnosis in dermatology.

Convolutional neural networks (CNN) is a type of machine learning
(ML) that simulates the processing of biological neurons and is the state-of-
the-art network for pattern recognition in medical image analysis1,2. As
diagnosis in dermatology relies heavily on both clinical and dermoscopic
image recognition, the use of CNN has the potential to collaborate or
improve diagnostic performance. Studies have been published demon-
strating that CNN-based AI algorithms can perform similarly or even
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outperform specialists for skin cancer diagnosis3. This has created an ‘AI
revolution’ in the field of skin cancer diagnosis. Recently, a fewdermatology
AI systems have been CE (Conformité Européenne) approved by the Eur-
opean Union and are use in practice making of paramount importance to
understand the data behind these algorithms4.

While there have been relevant systematic reviews performed in the
past few years, the importance of this work which combines a high-quality
systematic review with a meta-analysis is that it quantitatively asks the
question of where we are with AI for skin cancer detection. The main
objective of this studywas to performa systematic review andmeta-analysis
to critically evaluate the evidencepublished todateon theperformanceofAI
algorithms in skin cancer classification in comparison with clinicians.

Methods
Guidelines followed
This systematic review was based on the PRISMA guidelines. A flow chart
diagram is presented in Fig. 1. The present study has also been registered in
the Prospective Register of Systematic Reviews (PROSPERO) System
(PROSPERO ID: CRD42022368285).

Search strategy
Three electronic databases, PubMed, Embase, and Cochrane library were
searched by a librarian (J.M.). Studies published up to August 2022 were
included. We uploaded all the titles and abstracts retrieved by electronic
searching into Rayyan and removed any duplicate. Thenwe collected all the
full texts of the studies that met the inclusion criteria based on the title or
abstract for detailed inspection. Two reviewers (M.P.S. and J.S.)

independently assessed the eligibility of the retrieved papers and resolved
any discrepancies through discussion.

Study population—selection
The following PICO (Population, Intervention or exposure, Comparison,
Outcome) elements were applied as inclusion criteria for the systematic
review: (i) Population: Images of patientswith skin lesions, (ii) Intervention:
Artificial intelligence diagnosis/classification, (iii) Comparator: Diagnosis/
classification by clinicians, (iv) Outcome: Diagnosis of skin lesions. Only
primary studies comparing the performance of artificial intelligence versus
dermatologists or clinicians were included.

Studies about diagnosis of inflammatory dermatoses, without extrac-
table data, non-English publications, or animal studies, were excluded.

Data extraction
For studies fulfilling the inclusion criteria, two independent reviewers
extracted data in a standardized and predefined form. The following data
were extracted and recorded: (i) Database (ii) Title, (iii) Year of publication,
(iv) Author, (v) Journal, (vi) Prospective vs retrospective study, (vii) Image
database used for training and internal vs external dataset for testing (viii)
Type of images included: clinical and/or dermoscopy, (ix) Histopathology
confirmation of diagnosis, (x) Inclusion of clinical information, (xi)
Number and expertise of participants (experts dermatologists, non-expert
dermatologists, and generalists), (xii) Name and type of AI algorithm, (xiii)
Included diagnosis, (xiv) Statistics on diagnostic performance (sensitivity
[Sn], specificity [Sp], receiver operating characteristic [ROC] curve, area
under the curve [AUC]). Themain comparisons conductedwere diagnostic

Fig. 1 | PRISMA flow diagram of included studies.
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performance of the AI algorithm compared with clinician diagnostic per-
formance. When available, the change in diagnostic performance of der-
matologists with the support of theAI algorithmwas included, as well as the
change in diagnostic performance after including clinical data (data in
supplementary material).

Risk of bias assessment
Two review authors independently assessed the quality of the studies
included and the risk of bias usingQUADAS-25. Based on the questions, we
classified eachQUADAS-2 domain as low (0), high (1) or unknown (2) risk
of bias.

Meta-analysis
Nineteen out of 53 studies were included in the meta-analysis. The studies
met the following criteria: dermoscopic images only, diagnosis of skin
cancer, dichotomous classification (benign/malignant, melanoma/nevus),
extractable data from the original article (to calculate true positives [TP],
false positives [FP], true negatives [TN], and false negatives [FN]), dis-
tinction in level of expertise of clinicians (experts dermatologists vs non-
expert dermatologists vs generalists). For study purposes and to obtain a
global estimate, we grouped all levels of clinical expertise as ‘overall clin-
icians’. During data processing, two extra analysis that were not pre-
specified in the PROSPERO protocol were performed: clinician vs AI
algorithms in prospective vs retrospective studies and internal vs external
test (validation) sets, respectively. Internal vs external test sets were defined
according to Cabitza6 and Shung et al.7. ‘Internal test set’ was defined as a
non-overlapping, ‘held out’ subset of the original patient groupdata thatwas
not used for AI algorithm development and training, used to test the AI
model. ‘External test set’ was defined as a set of new data originating from
different cohorts, facilities, or repositoriesother than thedataused formodel
development and training (e.g., dataset originated in different country or
institution). Two investigators classified included studies into internal vs
external test sets. If both internal and external test sets were used, we clas-
sified them as external for study purposes. We decided to perform these
non-pre-specified analysis given the relevance of the results for under-
standing of the data8.

We extracted binary diagnostic accuracy data and constructed con-
tingency tables to calculate Sn and Sp. We conducted a meta-analysis of
studies providing 2 ×2 tables to estimate the accuracy of AI and clinicians
(confirmatory approach). If an included study provided various 2 ×2 tables,
we assumed these data to be independent from each other.We performed a
hierarchical summary receiver operating characteristic (HSROC) as well as
a bivariate model of the accuracy of AI and clinicians. ROC curves were
constructed to simplify the plotting of graphical summaries of fittedmodels.
A likelihood ratio test was used to comparemodels. A p-value less than 0.05
was considered statistically significant.Analyseswere performed using Stata
17.0 statistics software package (codes in supplementary material).

Results
A total of 53 comparative studies (since Piccolo et al. in 20029) fulfilled the
inclusion criteria (Fig. 1). Most of the studies focused on dermoscopic
images (n = 31), followed by clinical images (n = 14), or both (n = 8).
Detailed extracteddata is shown inTable 1 fordermoscopic imaging studies,
Table 2 for clinical imaging studies, andTable 3 for clinical anddermoscopic
imaging studies.

Regarding the risk of bias, most of the studies had an uncertain risk
(58%), and 14 (26%) had a low risk of bias. Detail of QUADAS-2 score for
each study included in the systematic review is in Fig. 2.

Databases used
Only institutional or private databases were used in 20 articles (37.7%). In
all, 16 articles (30.2%) used exclusively open-source data; the most com-
monly used databases were ‘ISIC’ and ‘HAM10000’10,11. Eighteen studies
(33.9%) used a combination of institutional and public dataset. Twenty-two
studies (41.5%) used only images of lesions confirmed with histopathology,

while 27 (50.9%) included images diagnosed by expert consensus as the gold
standard. Four studies (7.5%) did not specify a method of diagnosis con-
firmation. Fourteen studies (26.4%) used an external database for testing the
algorithm, 39 studies (73.6%) tested with an internal dataset (Tables 1–3).

Study type and participants included
A total of 50 studies (94.3%) were retrospective and 3 (5.7%) were pro-
spective. Twenty-seven studies (50.9%) included only specialists, in some
cases detailing the level of expertise (expert dermatologists vs non-expert
dermatologists). Twenty-three studies (43.3%) included dermatologists and
other non-specialist clinicians (dermatology residents and/or generalists),
and 3 studies (5.6%) included only generalists.

Diagnosis included and metadata
Forty-three studies (81.1%) considered differential diagnosis between skin
tumors only, while 10 (18.8%) also included inflammatory diagnosis or
other pathologies (multiclass algorithms). Eighteen articles (33.9%) inclu-
ded clinical information on the patients (metadata), mainly age, sex, and
lesion location.

Artificial intelligence assistance
Of the total number of articles included in the review, 11 (20.7%) evaluated
potential changes in diagnostic performance or therapeutic decisions of
clinicians with AI assistance. Nine of 11 studies showed an improvement in
global diagnostic performance when using AI collaboration, 6 of which
showed a higher percentage of improvement in the generalists group.

Diagnosticperformanceofartificial intelligencealgorithmversus
clinicians, from dermoscopic images of skin lesions
Thirty-one studies evaluated diagnostic performance with dermoscopic
images (Table 1). In general, 61.2% (n = 19) of the studies showed a better
performance of AI when compared to clinicians. A total of 29.0% (n = 9)
resulted in a comparable performance, and in 9.7% (n = 3) specialists
outperformed AI.

Dichotomous classification (‘benign’ vs ‘malignant’)
Eighteen studies used AI with dichotomous classification (58.0%) as
‘benign’ vs ‘malignant’. In 61.1% AI outperformed clinicians
(n = 11)12–23, being statistically significant in 54.5% of them12,15,16,18,20,21.
A total of 27.7% showed comparable performance between AI and
clinicians (n = 5)9,24–27. In all, 11.1% resulted in a better performance
for clinicians in comparison to AI (n = 2)28,29, 1 of them showing
statistical significance29. Five studies16–19,28 evaluated the collaboration
between AI and clinicians (‘augmented intelligence’). All of them
showed improved diagnostic accuracy when evaluating clinicians
with the support of AI algorithms, being more relevant for less
experienced clinicians. Statistical significance was demonstrated in
two16,17.

Multiclass and combined classification
Eight of the 31 studies used multiclass classification; in 4 of them, AI had a
better performance30–33; in 3 studies the diagnostic accuracy was
comparable34–36; and in 1 clinicians outperformedAI37. Two out of 8 studies
evaluated AI-assistance, all of them showing improvement in diagnostic
accuracy for human raters, with least experienced clinicians benefiting the
most32,35. Five of the 31 dermoscopy studies developed both dichotomous
andmulticlass algorithms, 4 of them resulting in a better performance of AI
over humans38–41.

Diagnostic performance of artificial intelligence algorithms ver-
sus clinicians, using clinical images
Atotal of 14AI articles evaluatingCNN-based classificationapproaches that
used clinical images only were included (Table 2). Of these, 42.8% (n = 6)
showed a better performance of AI algorithms, 28.6% (n = 4) obtained
comparable results, and in 28.6% (n = 4) clinicians outperformed AI.

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 3



T
ab

le
1
|I
nc

lu
d
ed

st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

P
ic
co

lo
et

al
.9

D
E
M
-M

IP
S
:A

N
N

tr
ai
ne

d
w
ith

50
no

n-
m
el
an

om
as

an
d
50

m
el
an

om
as

(tr
ai
n-

in
g)

In
st
itu

-
tio

na
l(
te
st
)

D
at
as

et
:3

41
(te

st
)

Tr
ai
ni
ng

:1
00

Te
st
:3

41
E

R
Y

N
2
p
ar
tic

ip
an

ts
-
1
tr
ai
ne

d
d
er
m
at
o
lo
-

gi
st

-
1
re
si
d
en

t
cl
in
ic
ia
n

D
E
M
-M

IP
S
so

ft
w
ar
e

(D
ig
ita

lE
p
iM

ic
ro
sc

op
y

M
el
an

om
a
Im

ag
e

P
ro
ce

ss
in
g
S
of
tw

ar
e;

B
io
m
ip
s
S
R
L,

S
ie
na

,I
ta
ly
).

D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

no
n-

m
el
an

om
a

S
n
w
as

co
m
p
ar
ab

le
b
et
w
ee

n
ex

p
er
ie
nc

ed
d
er
m
at
o
lo
gi
st

an
d
th
e

co
m
p
u
te
r.
S
p
.o

ft
he

co
m
p
u
te
r
w
as

lo
w
er
.

S
n
92

%
S
p
74

%
E
xp

er
t:
S
n
92

%
;S

p
99

%
R
es

id
en

t:
S
n
69

%
;

S
p
94

%

Fr
ie
d
m
an

et
al
.1

2
D
at
ab

as
e
ac

q
ui
re
d

b
y
E
le
ct
ro
-O

p
tic

al
S
ci
en

ce
s
In
c
fo
r
th
e

d
ev

el
op

m
en

ta
nd

te
st
in
g
of

M
el
aF

in
d

In
st
itu

tio
na

l(
te
st

an
d
tr
ai
ni
ng

)

D
at
as

et
:9

90
Tr
ai
ni
ng

:7
5

Te
st
:9

9
IΔ

R
Y

Y
10

p
ar
tic

ip
an

ts
-
9
ex

p
er
td

er
m
at
o
lo
-

gi
st
s

-
1
d
er
m
at
ol
og

y
nu

rs
e

p
ra
ct
iti
on

er

C
om

p
ut
er
-v
is
io
n
sy

st
em

D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

no
n-

m
el
an

om
a

Fo
rs

m
al
ll
es

io
ns

,A
Ih
ad

si
gn

ifi
ca

nt
ly
hi
gh

er
S
n

(P
<
0.
00

1)
.S

p
w
as

co
m
p
ar
ab

le
.

S
n
98

%
(9
2–

10
0)

S
p
44

%
(2
9–

59
)

A
cc

62
%

(5
3–

70
)

P
P
V
63

%
(5
6–

70
)

N
P
V
96

%
(7
9–

10
0)

S
n
71

%
(6
3–

79
)

S
p
49

%
(4
0–

58
)

A
cc

47
%

(3
9–

55
)

P
P
V
58

%
(5
1–

64
)

N
P
V
63

%
(5
2–

74
)

D
re
is
ei
tl
et

al
.2

8
In
st
itu

tio
na

l
D
at
as

et
:n

ot
sp

ec
ifi
ed

Tr
ai
ni
ng

:1
,3
11

Te
st
:3

,0
21

(e
va

l-
ua

te
d
p
at
ie
nt
s
fr
om

in
st
itu

tio
n)

I
P

B
N

1
ex

p
er
td

er
m
at
o
lo
gy

6
p
hy

si
ci
an

s,
w
ith

th
e

ad
d
ed

d
ec

is
io
n-

su
p
p
or
t
sy

st
em

:
-3

hi
gh

ex
p
er
ie
nc

e
-3

lo
w

ex
p
er
ie
nc

e

M
at
la
b
ne

ur
al

ne
t-

w
or
k
m
od

el
D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

no
n-

m
el
an

om
a

Th
e
ex

p
er
tp

hy
si
ci
an

ou
tp
er
fo
rm

ed
A
I.

S
n
68

%
S
p
54

%
A
U
C
0.
87

(0
.8
2–

0.
92

)

E
xp

er
t
S
p

S
n
96

%
S
p
72

%

Lo
w

ex
p
er
ie
nc

e:
S
n
70

%
;S

p
81

%
H
ig
h
ex

p
er
ie
nc

e:
S
n
74

%
;S

p
84

%

Te
ne

nh
au

s
et

al
.7

7

In
st
itu

tio
na

l
D
at
as

et
:9

00
Tr
ai
ni
ng

/v
al
id
at
io
n:

10
0/
80

Te
st
:2

27
I

R
B

N
5
se

ni
or

d
er
m
at
o
lo
gi
st
s

K
L–

P
LS

-b
as

ed
cl
as

si
fi
er

D
ic
ho

to
m
ou

s:
ex

ci
si
on

vs
no

n-
ex

ci
si
on

M
ul
tic

la
ss

:m
el
an

om
a,

d
ys

p
la
st
ic
or

b
en

ig
n
le
si
on

C
om

p
ar
ab

le
S
n
95

%
S
p
60

%
S
n
70

.2
%

S
p
83

.2
%

Th
er
ap

eu
tic

d
ec

is
io
n

S
n
86

.4
%

S
p
56

.6
%

Fe
rr
is
et

al
.2

4
In
st
itu

tio
na

l
D
at
as

et
:n

ot
sp

ec
ifi
ed

Tr
ai
ni
ng

:2
73

Te
st
:1

73
I

R
Y

N
30

p
ar
tic

ip
an

ts
:

-
12

b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st

-
10

d
er
m
at
ol
og

y
re
si
-

d
en

t
-
8
d
er
m
at
ol
og

y
p
hy

si
-

ci
an

as
si
st
an

t.

N
ot

sp
ec

ifi
ed

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
na

nt
Th

e
cl
as

si
fi
er
’s

S
n
to

m
el
an

om
a
w
as

hi
gh

er
(p

<
0.
00

1)
an

d
S
p
w
as

lo
w
er

(p
<
0.
00

1)
th
an

cl
in
ic
ia
n
s.

S
n
96

%
S
p
42

.5
%

A
U
C
0.
81

8

B
oa

rd
-c
er
tifi

ed
:

S
n
64

.7
%

S
p
65

.4
%

R
es

id
en

ts
:

S
n
70

.4
%

S
p
59

%
P
hy

si
ci
an

as
si
st
an

ts
:

S
n
80

.5
%

S
p
48

.1
%

Ts
ch

an
d
le

ta
l.2

5
In
st
itu

tio
na

l
D
at
as

et
:2

98
Tr
ai
ni
ng

:2
98

Te
st
:5

0
I

R
N

N
27

la
st
-y
ea

r
m
ed

ic
al

st
ud

en
ts

w
ith

ou
tp

rio
r

kn
ow

le
d
ge

of
d
er
m
o-

sc
op

y
to

p
ar
tic

ip
at
e
in

a
1-
h
tr
ai
ni
ng

se
ss

io
n.

G
oo

gL
eN

et
In
ce

p
tio

n
v3

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
na

nt
C
om

p
ar
ab

le
S
n
90

%
(6
8–

99
)

S
p
71

%
(5
1–

87
)

A
U
C
0.
91

S
n
86

%
(8
3–

88
)

S
p
79

%
(7
4–

83
)

A
U
C
0.
85

Y
u
et

al
.2

6
In
st
itu

tio
na

l
D
at
as

et
:7

24
Tr
ai
ni
ng

:3
64

Te
st
:3

64
I

R
Y

N
4
p
ar
tic

ip
an

ts
:

-2
ge

ne
ra
lp

hy
si
ci
an

s
-2

ex
p
er
ie
nc

ed
d
er
m
at
o
lo
gi
st
s

M
at
C
on

vN
et
,m

od
ifi
ed

V
G
G

m
od

el
w
ith

16
la
ye

rs

D
ic
ho

to
m
ou

s:
ac

ra
lm

el
an

om
a,

b
en

ig
n
ne

vi
C
om

p
ar
ab

le
p
er
fo
r-

m
an

ce
.

Fo
r
d
ia
gn

os
tic

A
cc

,
b
ot
h
th
e
C
N
N
an

d
ex

p
er
t
gr
ou

p
w
er
e

hi
gh

er
th
an

th
at

of
no

n-
ex

p
er
t.

S
ub

se
t
A

S
n:

92
.5
7%

(8
7.
63

–
95

.9
6)

S
p
:7

5.
39

%
(6
8.
72

–
81

.2
6)

A
cc

:8
3.
51

%
(7
9.
39

–
96

.9
4)

S
ub

se
t
B
:

S
n:

92
.5
7%

(8
7.
63

–
95

.9
9)

S
p
:6

8.
16

%
(6
0.
79

–
74

.9
1)

A
cc

:8
0.
23

%
(7
5.
77

–
84

.0
4)

S
ub

se
t
A

E
xp

er
t:

S
n
94

.8
8%

S
p
68

.7
2%

A
cc

81
.0
8%

N
on

-d
er
m
at
ol
og

is
t

S
n
41

.7
1%

S
p
91

.2
8%

A
cc

67
.8
4%

S
ub

se
t
B
:

E
xp

er
t:

S
n
98

.2
9%

S
p
65

.3
6%

A
cc

81
.6
4%

N
on

-d
er
m
at
ol
og

is
t

S
n
48

.0
0%

S
p
77

.1
0%

A
cc

62
.7
1%

M
ar
ch

et
ti
et

al
.1

3
P
ub

lic
:I
S
B
I2

01
6

M
el
an

om
a
D
et
ec

-
tio

n
C
ha

lle
ng

e
D
at
as

et
(IS

IC
A
rc
hi
ve

)

D
at
as

et
:1

,2
79

Tr
ai
ni
ng

/v
al
id
a-

tio
n:

90
0

Te
st
:3

79
I

R
B

N
8
d
er
m
at
ol
og

is
ts

Fi
ve

to
p
-r
an

ke
d
in
d
iv
i-

d
ua

la
lg
or
ith

m
s
of

th
e

IS
B
I

20
16

C
ha

lle
ng

e

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

no
n-

m
el
an

om
a

D
er
m
at
o
lo
gi
st

S
p
w
as

si
m
ila
r
to

th
e
to
p
ch

al
-

le
ng

e
al
go

rit
hm

b
ut

lo
w
er

th
an

th
e
b
es

t-
p
er
fo
rm

in
g
fu
si
on

al
go

rit
hm

.

To
p
fu
si
on

co
m
p
ut
er

al
go

rit
hm

:
S
n
82

%
S
p
76

%
R
O
C
0.
86

S
n
82

%
(6
8–

98
)

S
p
59

%
(3
4–

72
)

R
O
C
0.
71

(0
.6
1–

0.
76

)

P
hi
lli
p
s
et

al
.2

7
P
ub

lic
:n

ot
sp

ec
ifi
ed

(tr
ai
ni
ng

)
In
st
itu

tio
na

l(
tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:1

,5
50

Tr
ai
ni
ng

:8
58

im
ag

es
of

28
6
le
si
on

s
fr
om

92
p
at
ie
nt
s.

Te
st
:1

55
0

I
P

B
Y

N
ot

sp
ec

ifi
ed

D
ee

p
E
ns

em
b
le

fo
r

R
ec

og
ni
tio

n
of

M
al
ig
na

nc
y

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

no
n-

m
el
an

om
a

C
om

p
ar
ab

le
S
n
95

%
S
p
78

.1
%

S
n
95

%
S
p
69

.9
%

R
O
C
0.
77

8

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 4



T
ab

le
1
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

Ts
ch

an
d
le

ta
l.3

0
P
ub

lic
:I
S
IC

20
18

+
In
st
itu

tio
na

l(
V
ie
nn

a
D
er
m
at
o
lo
gi
c
Im

a-
gi
ng

R
es

ea
rc
h

G
ro
up

(V
iD
IR
)+

sk
in

ca
nc

er
p
ra
ct
ic
e
of

C
lif
fR

os
en

d
ah

li
n

Q
ue

en
sl
an

d
+

im
a-

ge
s
fr
om

Tu
rk
ey

,
N
ew

Z
ea

la
nd

,S
w
e-

d
en

,a
nd

A
rg
en

tin
a)

D
at
as

et
:1

1,
21

0
Tr
ai
ni
ng

/v
al
id
a-

tio
n:

10
,0
15

Te
st

se
t:
1,
51

1
(d
iv
id
ed

in
30

-b
at
-

ch
es

)
**

31
6
im

ag
es

fr
om

ot
he

r
ce

nt
er
s
to

th
e

te
st

se
t(
ex

te
rn
al

d
at
a)
,s

p
ec

ifi
ca

lly
fr
om

Tu
rk
ey

,N
ew

Z
ea

la
nd

,S
w
ed

en
,

an
d
A
rg
en

tin
a,

to
as

su
re

d
iv
er
si
ty

of
sk

in
ty
p
es

I
R

B
N

51
1
p
ar
tic

ip
an

ts
:

-2
83

b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st
s

-1
18

d
er
m
at
ol
og

y
re
si
-

d
en

ts
-
83

ge
ne

ra
l

p
ra
ct
iti
on

er
s

13
9
al
go

rit
hm

s
cr
ea

te
d
;

b
y
77

m
ac

hi
ne

-l
ea

rn
in
g

la
b
s.

To
p
th
re
e
m
ac

hi
ne

-
le
ar
ni
ng

al
go

rit
hm

s
-M

et
aO

p
tim

a
Te

ch
no

l-
og

y
In
c

-D
A
IS
Y
L
ab

-M
ed

ic
al

Im
ag

e
A
na

ly
si
s

G
ro
up

,S
un

Y
at
-s
en

U
ni
ve

rs
ity

M
ul
tic

la
ss

W
he

n
co

m
p
ar
in
g
al
l

hu
m
an

re
ad

er
s
w
ith

al
l

m
ac

hi
n
e-
le
ar
ni
ng

al
go

-
rit
hm

s,
th
e
al
go

rit
hm

s
ac

hi
ev

ed
a
m
ea

n
of

2.
01

(p
<
0·
00

01
)m

or
e
co

r-
re
ct

d
ia
gn

os
es

.

M
et
aO

p
tim

a:
S
n
88

.5
%

(8
2.
2–

94
.7
)

A
U
C
0.
96

3
(0
.9
53

–
0.
97

3;
p
=
0.
46

)
D
A
IS
Y
La

b
:

S
n
85

.6
%

(7
9.
1–

92
.0
)

A
U
C
:0

·9
71

(0
.9
61

0.
98

2;
p
=
0.
05

)
S
un

Y
at
-s
en

U
ni
:

S
n
84

.5
%

(7
8.
5–

90
.5
)

A
U
C
:0

.9
58

(0
.9
45

–
0.
97

2;
p
=
0.
91

)

D
er
m
at
o
lo
gi
st
:

S
n
81

.2
%

(6
6.
1–

96
.3
)

A
ll
re
ad

er
s:

S
n
79

.2
%

(6
4.
4–

94
.0
)

A
U
C
:0

.9
58

(0
.9
48

–
0.
96

7)

B
rin

ke
re

ta
l.7

8
(II
)

P
ub

lic
:I
S
IC

ar
ch

iv
e

+
H
A
M
10

,0
0
0

(tr
ai
ni
ng

)

D
at
as

et
:2

0,
73

5
Tr
ai
ni
ng

/v
al
id
at
io
n:

12
,3
78

/1
,2
59

Te
st
:1

00
d
er
m
o-

sc
op

ic
im

ag
es

IΔ
R

B
N

15
7
p
ar
tic

ip
an

ts
-
56

.1
%

d
er
m
at
ol
og

ic
re
si
d
en

ts
-
43

.9
%

b
oa

rd
ce

rt
ifi
ed

R
es

N
et
5
0
C
N
N
m
od

el
D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

at
yp

ic
al

ne
vi

A
Io

ut
p
er
fo
rm

s
d
er
m
a-

to
lo
gi
st
s
b
ut

no
ts

ig
-

ni
fi
ca

nt
d
iff
er
-

en
ce

(p
=
0.
31

).

S
n
74

.1
%

S
p
86

.5
%

(7
0.
8-
91

.3
)

S
n
74

.1
%

(4
0.
0-
10

0
)

S
p
60

%
(2
1.
3-
91

.3
)

R
O
C
0.
67

1

B
rin

ke
r
et

al
.1

5
(II
I)

P
ub

lic
:I
S
IC

(tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:-

Tr
ai
ni
ng

:4
,2
04

Te
st
:8

04
Te

st
se

t:
13

4
IΔ

R
Y

N
14

4
p
ar
tic

ip
an

ts
:

-5
2
b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st
s

-9
2
ju
ni
or

d
er
m
at
o
lo
gi
st
s

R
es

N
et
5
0
C
N
N

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

ne
vi

C
N
N
ac

hi
ev

ed
a
hi
gh

er
S
n
an

d
S
p
.

C
N
N
w
as

si
gn

ifi
ca

nt
ly

su
p
er
io
r
to

b
ot
h
ju
ni
or

an
d
b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st
s

(p
<
0.
00

1)
.

S
n
82

.3
%

(7
8.
3–

85
.7
)

S
p
77

.9
%

(7
3.
8–

81
.8
)

O
ve

ra
ll
d
er
m
at
ol
o-

gi
st
s:

S
n
67

.2
%

(6
2.
6–

71
)

S
p
62

.2
%

(5
7.
6-
66

.9
)

B
oa

rd
-c
er
tifi

ed
d
er
-

m
at
ol
og

is
ts

S
n
63

.2
%

(5
8.
7-
68

.1
)

S
p
65

.2
%

(6
0.
5-
69

.8
)

H
ek

le
r
et

al
.3

8
P
ub

lic
:I
S
IC

ar
ch

iv
e

(tr
ai
ni
ng

),
H
A
M
10

00
0
(tr
ai
ni
n
g

an
d
te
st
)

D
at
as

et
:1

1,
44

4
Tr
ai
ni
ng

:1
1,
39

4
Te

st
:3

00
Te

st
se

t:
50

I
R

Y
N

11
2
d
er
m
at
o
lo
gi
st
s

fr
om

13
G
er
m
an

cl
in
ic
s

R
es

N
et
5
0

P
rim

ar
y
en

d
-p
oi
nt
:m

ul
tic

la
ss

se
c-

on
d
ar
y
en

d
-p
oi
nt
:d

ic
ho

to
m
ou

s
(b
en

ig
n
vs

m
al
ig
na

nt
)

C
om

b
in
at
io
n
of

m
an

an
d
m
ac

hi
ne

ac
hi
ev

ed
an

ac
cu

ra
cy

of
82

.9
5%

.
Th

is
w
as

1.
36

%
hi
gh

er
th
an

th
e
b
es

to
ft
he

tw
o

in
d
iv
id
ua

lc
la
ss

ifi
er
s.

C
N
N

S
n
86

.1
%

(8
1.
1–

91
.2
)

S
p
89

.2
%

(8
3.
6-

94
.7
)

A
cc

81
.5
9%

P
hy

si
ci
an

s
S
n
66

%
(5
9.
1-
72

.9
)

S
p
62

%
(5
3.
3-
70

.7
)

A
cc

42
.9
4%

Fu
si
on

m
et
ho

d
S
en

89
%

(8
4.
4-
93

.6
)

S
p
e
84

%
(7
7.
4–

90
.6
)

A
cc

82
.9
5%

M
ar
on

et
al
.3

9
P
ub

lic
:I
S
IC

ar
ch

iv
e

(tr
ai
ni
ng

);
H
A
M
10

00
0
(tr
ai
ni
n
g

an
d
te
st
)

D
at
as

et
:n

ot
sp

ec
ifi
ed

Tr
ai
ni
ng

:1
1,
44

4
Te

st
:3

00
I

R
B

N
11

2
d
er
m
at
o
lo
gi
st
s
of

13
G
er
m
an

un
iv
er
si
ty

ho
sp

ita
ls

R
es

N
et
5
0

P
rim

ar
y
en

d
-p
oi
nt
:d

ic
ho

to
m
ou

s
(b
en

ig
n
vs

m
al
ig
na

nt
)

S
ec

on
d
ar
y
en

d
-p
oi
nt
:m

ul
tic

la
ss

(5
d
ia
gn

os
tic

ca
te
go

rie
s)

C
N
N
si
gn

ifi
ca

nt
ly
ou

t-
p
er
fo
rm

ed
th
e
d
er
m
a-

to
lo
gi
st
s
(p

<
0.
00

1)
M
ul
tic

la
ss

cl
as

si
fi
ca

-
tio

n:
ou

tp
er
fo
rm

an
ce

(p
<
0.
00

1)
w
as

ac
hi
ev

ed
ex

ce
p
tf
or

B
C
C
(o
n-
p
ar

p
er
fo
rm

an
ce

).

D
ic
ho

to
m
ou

s:
S
n
74

.4
%

(6
7.
0–

81
.8
)

S
p
91

.3
%

(8
5.
5–

97
.1
)

M
ul
tic

la
ss

:
S
n
56

.5
%

(4
2.
8–

70
.2
)

S
p
98

.8
%

D
ic
ho

to
m
ou

s:
S
n
74

.4
%

(6
7.
0–

81
.8
)

S
p
59

.8
%

(4
9.
8–

69
.8
)

M
ul
tic

la
ss

:
S
n
56

.5
%

(4
2.
8–

70
.2
)

S
p
89

.2
%

(8
5.
0–

93
.3
)

M
ar
on

et
al
.1

6
P
ub

lic
IS
IC
,H

A
M

10
00

0
(tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:n

ot
sp

ec
ifi
ed

Tr
ai
ni
ng

:4
,8
94

Te
st

se
t:
1,
20

0
Te

st
:1

00
×
12

IΔ
R

Y
N

-1
2
d
er
m
at
ol
og

is
ts

fr
om

9
G
er
m
an

un
i-

ve
rs
ity

ho
sp

ita
ls

C
N
N

D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

ne
vi

C
N
N
ha

d
hi
gh

er
S
n,

S
p

an
d
A
cc

th
an

d
er
m
at
o
l-

og
is
ts
.

M
ea

n
S
n
an

d
A
cc

in
cr
ea

se
d
si
gn

ifi
ca

nt
ly

(p
=
0.
00

3
an

d
p
=
0.
00

2,
re
sp

ec
tiv

el
y)

w
ith

A
Is

up
p
or
t.
S
p
d
id

no
td

et
er
io
ra
te

su
b
st
an

tia
lly
.

S
n
84

.7
%

(8
1.
9–

87
.6
)

S
p
79

.1
%

(7
4.
8–

83
.4
)

A
cc

:8
1.
9%

(7
9.
7–

84
.2
)

S
n
59

.4
%

(5
3.
3–

65
.5
)

S
p
70

.6
%

(6
2.
3–

78
.9
)

A
cc

65
.0
%

(6
2.
3–

67
.6
)

S
n
74

.6
%

(6
9.
9–

79
.3
)

S
p
72

.4
%

(6
6.
2–

78
.6
)

A
cc

73
.6
%

(7
0.
9–

76
.3
)

Le
e
et

al
.1

7
In
st
itu

tio
na

l(
p
ig
-

m
en

ta
ry

le
si
on

s
co

l-
le
ct
ed

fr
om

20
14

to
20

19
at

th
e
D
ep

ar
t-

m
en

t
of

D
er
m
at
ol
-

og
y,

S
ev

er
an

ce
H
os

p
ita

l,
S
eo

ul
,

K
or
ea

)-
tr
ai
ni
ng

an
d
te
st

D
at
as

et
:1

,0
72

Tr
ai
ni
ng

:8
72

Te
st
:2

00
IΔ

R
Y

Y
60

p
ar
tic

ip
an

ts
-
20

b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st
s

-
20

d
er
m
at
ol
og

y
re
si
-

d
en

ts
-
20

ge
ne

ra
lp

hy
si
ci
an

s

A
LM

ne
t
(R
es

N
et

w
ith

50
re
si
d
ua

ll
ay

er
s)

S
ta
ge

I:
d
ic
ho

to
m
ou

s:
m
el
an

om
a

(a
cr
al
le
nt
ig
in
ou

s
m
el
an

om
a)
vs

ne
vi

S
ta
ge

II:
ad

d
iti
on

al
cl
in
ic
al

in
fo
rm

a-
tio

n.
S
ta
ge

III
:d

er
m
at
ol
og

is
ts

+
A
LM

ne
t

d
ia
gn

os
is

A
LM

ne
t
ou

tp
er
fo
rm

s
cl
in
ic
ia
n
s

Te
st

se
t-
20

0:
S
n
96

%
(8
2.
4–

95
.1
)

S
p
95

%
(8
8.
7–

98
.4
)

A
cc

92
.5
%

(8
7.
9–

95
.7
)

A
U
C
0.
97

6
(0
.9
74

–
0.
97

8)
H
um

an
-s
et

S
ta
ge

-I
:

S
n
92

%
(8
0.
8–

97
.8
)

S
p
96

%
(8
6.
3–

99
.5
)

A
cc

94
%

(8
7.
4–

97
.8
)

S
ta
ge

I
S
n
79

.9
%

(7
6.
2–

83
.5
)

S
p
69

.5
%

(6
5.
1–

73
.8
)

A
cc

74
.7
%

(7
2.
6–

76
.8
)

S
ta
ge

II:
S
n
81

.5
%

(7
7.
7–

85
.2
)

S
p
76

.4
%

(7
2.
5–

80
.4
),

A
cc

:7
9.
0%

(7
6.
7–

81
.2
),

S
ta
ge

III
:

S
n
88

.7
%

(8
6.
0–

91
.5
)

S
p
85

%
(8
2.
7–

87
.3
),

A
cc

86
.9
%

(8
5.
3–

88
.4
)

S
ig
ni
fi
ca

nt
im

p
ro
ve

-
m
en

ti
n
p
ar
tic

ip
an

ts
’

p
er
fo
rm

an
ce

s,
em

p
ha

si
ze

d
in

th
e

re
la
tiv

el
y
in
ex

p
er
-

ie
nc

ed
gr
ou

p
s.

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 5



T
ab

le
1
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

M
ar
ch

et
ti
et

al
.1

8
P
ub

lic
IS
IC

20
17

(tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:2

,7
50

Tr
ai
ni
ng

/v
al
id
at
io
n:

2,
00

0/
15

0

Te
st
:6

00
Te

st
se

t:
15

0
I

R
N

N
17

p
ar
tic

ip
an

ts
:

-8
d
er
m
at
ol
og

is
ts

-9
d
er
m
at
ol
og

y
re
si
d
en

ts

23
al
go

rit
hm

s
D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

no
n-
m
el
an

om
a

R
O
C
of

th
e
to
p
-r
an

ke
d

al
go

rit
hm

in
m
el
an

om
a

cl
as

si
fi
ca

tio
n
w
as

gr
ea

te
r
th
an

th
e
ov

er
al
l

R
O
C
in

cl
as

si
fi
ca

tio
n

an
d
m
an

ag
em

en
t
of

d
er
m
at
o
lo
gi
st
s
an

d
re
si
d
en

ts
(p

<
0.
00

1
fo
r

al
lc

om
p
ar
is
o
ns

).
A
tt
he

d
er
m
at
o
lo
gi
st
s’

ov
er
al
lS

n,
al
go

rit
hm

ha
d
a
hi
gh

er
S
p
(p

=
0.
00

1)
.

R
O
C
to
p
al
go

rit
hm

:
0.
86

8
S
n
76

%
S
p
85

%
M
an

ag
em

en
td

ec
i-

si
on

:
S
n
89

%
S
p
61

%

D
er
m
at
o
lo
gi
st
s

S
n
76

%
(7
1.
5–

80
.1
)

S
p
72

.6
%

(6
9.
4–

75
.7
)

R
O
C
0.
74

(0
.7
2–

0.
77

)
R
es

id
en

ts
S
n
56

%
(5
1.
3–

60
.6
),

S
p
76

.3
%

(7
3.
4–

79
.1
)

R
O
C
0.
66

(0
.6
–
0.
69

)

R
es

id
en

t:
S
n
fr
om

56
%

to
72

.9
%

S
p
fr
om

76
.3
%

to
72

.6
%

.
D
er
m
at
ol
og

is
t

S
n
fr
om

76
%

to
80

.8
%

S
p
fr
om

72
.6
%

to
72

.8
%

W
an

g
et

al
.3

4
In
st
itu

tio
na

l:
Im

ag
es

co
lle
ct
ed

fr
om

D
ep

ar
tm

en
t
of

D
er
-

m
at
ol
og

y,
P
ek

in
g

U
ni
on

M
ed

ic
al

C
ol
le
ge

H
os

p
ita

l,
b
et
w
ee

n
20

16
an

d
20

18

D
at
as

et
:

-D
at
a
se

tI
/m

ul
tic

la
ss

:
7,
19

2
(tu

m
or
s)

-D
at
a
se

tI
I:
3,
11

5
(in

fl
am

m
at
or
y)

Tr
ai
ni
ng

/v
al
id
at
io
n/

te
st
:8

:1
:1

ra
tio

Te
st

se
t:
13

0
to
ta
l

70
m
ul
tic

la
ss

IΔ
R

B
N

16
4
d
er
m
at
o
lo
gi
st
s

w
ith

d
er
m
os

co
p
ic

tr
ai
ni
ng

G
oo

gL
eN

et
In
ce

p
tio

n
v3

us
in
g
th
e
Im

ag
eN

et
d
at
as

et
.

M
ul
tic

la
ss

C
om

p
ar
ab

le
.

Th
er
e
w
as

no
si
gn

ifi
ca

nt
d
iff
er
en

ce
in

K
ap

p
a

co
ef
fi
ci
en

ts
(P

>
0.
05

).

B
C
C

S
n
80

%
,S

p
10

0%
N
ev

us
S
n
80

%
,S

p
84

%
S
K

S
n
85

%
,S

p
94

%
O
th
er

le
si
on

s
S
n
75

%
,S

p
94

%
A
cc

:8
1.
49

%
±
0.
88

B
C
C

S
n
77

%
;S

p
96

.2
%

;
A
U
C
0.
97

2
±
0.
01

1
N
ev

us
S
n
80

.7
%

;S
p
89

.7
%

.
A
U
C
0.
95

2
±
0.
01

4
S
K

S
n
62

.4
%

;S
p
97

.6
%

;
A
U
C
0.
93

3
±
0.
01

4
O
th
er

le
si
on

s:
S
n
93

.9
%

;S
p
87

.5
%

A
U
C
0.
96

5
±
0.
00

5

Lu
ci
us

et
al
.3

5
P
ub

lic
:

H
A
M
10

00
0
d
at
as

et
IS
IC

ar
ch

iv
e
(tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:1

0,
01

5
Tr
ai
ni
ng

/v
al
id
a-

tio
n:

8,
31

3

Te
st
:1

,7
02

IΔ
R

Y
N

41
ge

ne
ra
l

p
ra
ct
iti
on

er
s

R
es

N
et
3
4

R
es

N
et
5
0

R
es

N
et
1
01

S
E
R
es

N
et
50

V
G
G
16

V
G
G
19

E
ffi
ci
en

tN
et
B
5

M
ob

ile
N
et

M
ul
tic

la
ss

S
ec

on
d
ch

al
le
ng

e:
d
ia
gn

os
is

w
ith

tim
e
co

ns
tr
ai
nt

(4
5s

p
er

im
ag

e)

E
ffi
ci
en

tN
et
B
5
gl
ob

al
A
cc

si
gn

ifi
ca

nt
ly
ou

t-
p
er
fo
rm

ed
p
hy

si
ci
an

s.
W
ith

as
si
st
an

ce
,t
he

gl
ob

al
A
cc

in
cr
ea

se
d

b
y
25

.1
3%

.

G
lo
b
al

A
cc

76
.3
%

±
2.
79

S
ec

on
d
ch

al
le
ng

e:
E
ffi
ci
en

tN
et
B
5

A
cc

77
.1
4%

,e
rr
or

ra
te

22
.8
6%

Fi
rs
tc

ha
lle
ng

e:
A
cc

27
.7
4%

;e
rr
or

ra
te

72
.2
6%

S
ec

on
d
ch

al
le
ng

e:
A
cc

17
.2
9%

;e
rr
or

ra
te

82
.7
1%

G
en

er
al

p
ra
ct
iti
on

er
s

+
A
I:
A
cc

42
.4
3%

,
E
rr
or

ra
te

57
.5
7%

M
in
ag

aw
a

et
al
.3

1

P
ub

lic
:I
S
IC

20
17

,
H
A
M
10

00
0,

B
C
N
20

00
0
d
at
as

et
(tr
ai
ni
ng

an
d
te
st
)

In
st
itu

tio
na

l:
S
hi
n-

sh
u
se

t(
tr
ai
ni
ng

an
d
te
st
)

Tr
ai
ni
ng

:1
2,
25

4
IS
IC

+
59

4
S
hi
n-

sh
u
se

t.

Te
st
:1

00
(5
0
p
ub

lic
+

50
S
hi
ns

hu
)

IΔ
R

B
N

30
Ja

p
an

es
e
d
er
m
a-

to
lo
gi
st
s:

-
in
cl
ud

ed
20

b
oa

rd
-

ce
rt
ifi
ed

d
er
m
at
o
lo
gi
st
s

In
ce

p
tio

n
-R

es
N
et
-v
2

M
ul
tic

la
ss

Th
e
S
p
of

th
e
al
go

rit
hm

at
th
e
d
er
m
at
o
lo
gi
st
s’

m
ea

n
S
n
w
as

si
g-

ni
fi
ca

nt
ly
hi
gh

er
th
an

hu
m
an

re
ad

-
er
s
(p

<
0.
00

1)
.

A
th

um
an

m
ea

n
S
n:

S
hi
ns

hu
se

t:
S
n:

85
.3
%

,S
p
96

.2
%

A
cc

:9
4%

IS
IC
:

S
n
60

.8
%

,S
p
10

0%
A
cc

:9
4%

S
hi
ns

hu
se

t
-A

ll:
S
n
85

.3
%

;S
p
92

.2
%

-B
oa

rd
-c
er
tifi

ed
:

S
n
87

.1
%

;S
p
92

.9
%

-O
th
er
:S

n
81

.7
%

;S
p

90
.8
%

-A
cc

:8
8%

(8
7.
1–

90
.7
)

IS
IC

se
t

-A
ll:
S
n
60

.8
%

;S
p

92
.6
%

-B
oa

rd
-c
er
tifi

ed
:S

n
62

.7
%

;S
p
93

.1
%

-O
th
er
:S

n
57

.1
%

;S
p

91
.5
%

-A
cc

:7
7%

(7
5–

79
.7
)

Fi
nk

et
al
.1

9
P
ub

lic
:M

ol
ea

na
ly
-

ze
r-
P
ro
;F

ot
oF

in
d
er

S
ys

te
m
s
G
m
b
H
,

p
re
-t
ra
in
ed

ar
ch

i-
te
ct
ur
e
ad

d
iti
on

al
ly

tr
ai
ne

d
w
ith

>
12

0.
00

0
d
er
m
o-

sc
op

ic
im

ag
es

an
d

la
b
el
s.

(tr
ai
ni
ng

)
In
st
itu

tio
na

l(
H
ei
d
el
-

b
er
g,

G
ot
tin

ge
n)
,

an
d
M
un

ic
h.

(te
st
)

D
at
as

et
:1

29
,4
87

Tr
ai
ni
ng

:1
15

,0
99

Te
st
:7

2
E

R
B

N
11

d
er
m
at
ol
og

is
ts
,

le
ve

lo
fe

xp
er
ie
nc

e
in

d
er
m
os

co
p
y:

-
B
eg

in
ne

r:
<
2
ye

ar
s

-
S
ki
lle
d
:2

–
5
ye

ar
s

-
E
xp

er
t:
≥
5
ye

ar
s

G
oo

gl
eN

et
In
ce

p
tio

n
_v

4
ar
ch

ite
ct
ur
e

D
ic
ho

to
m
ou

s:
C
om

b
in
ed

ne
vu

s
vs

m
el
an

om
a

A
ug

m
en

te
d
p
er
fo
rm

an
ce

:
S
ce

na
rio

1:
C
N
N
us

ed
to

ve
rif
y
a

d
ia
gn

os
is
of

m
al
ig
na

nc
y.

S
ce

na
rio

2:
C
N
N
us

ed
to

ve
rif
y
a

d
ia
gn

os
is
of

b
en

ig
ni
ty
.

Th
e
te
st
ed

C
N
N
cl
as

si
-

fi
ed

m
or
e
ac

cu
ra
te
ly

co
m
b
in
ed

na
ev

ia
nd

m
el
an

om
as

,i
n
co

m
p
ar
-

is
on

w
ith

tr
ai
ne

d
d
er
m
at
o
lo
gi
st
s

S
n:

97
.1
%

(8
2.
7–

99
.6
,

p
=
0.
09

2)
S
p
:7

8.
8%

(6
2.
8–

89
.1
.3
,

p
=
0.
25

6)
O
R
:3

4
(4
.8
–
23

9)

A
ve

ra
ge

d
er
m
at
o
lo
-

gi
st
:

S
n:

90
.6
%

(8
4.
1–

94
.7
)

S
p
:7

1%
(6
2.
6–

78
.1
)

O
R
:2

4;
11

.6
–
48

.4
,

p
=
0.
11

14

S
ce

na
rio

1:
S
p
fr
om

71
%

to
90

.3
%

;S
n

fr
om

90
.6
%

to
88

.7
%

.
S
ce

na
rio

2:
S
n
w
ou

ld
in
cr
ea

se
to

99
.9
%

.
H
ow

ev
er
,w

ou
ld

b
e

ac
co

m
p
an

ie
d
b
y
a

no
n-
ig
no

ra
b
le

lo
ss

of
S
p
.

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 6



T
ab

le
1
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

Ts
ch

an
d
le

ta
l.3

2
P
ub

lic
:

H
A
M
10

00
0
d
at
as

et
Te

st
se

to
ft
he

IS
IC

20
18

ch
al
le
ng

e

Tr
ai
ni
ng

:n
ot

sp
ec

ifi
ed

Te
st
:1

,5
11

92
8
fr
om

M
ed

ic
al

U
ni
ve

rs
ity

of
V
ie
nn

a,
26

7
fr
om

C
lif
fR

os
en

d
ah

li
n

Q
ue

en
sl
an

d
,

31
6
im

ag
es

fr
om

ot
he

r
ce

nt
er
s
in

Tu
rk
ey

(n
=
11

7)
,

N
ew

Z
ea

la
nd

(n
=
87

),
S
w
ed

en
(n

=
92

)a
nd

A
rg
en

-
tin

a
(n

=
20

),

I
R

B
N

30
2
ra
te
rs

fr
om

41
co

un
tr
ie
s

-1
69

b
oa

rd
-c
er
tifi

ed
d
er
m
at
o
lo
gi
st
s

-7
7
d
er
m
at
ol
og

y
re
si
-

d
en

ts
-3
8
ge

ne
ra
l

p
ra
ct
iti
on

er
s.

R
es

N
et
3
4

M
ul
tic

la
ss

A
cc

ur
ac

y
w
as

su
p
er
io
r

fo
r
C
N
N

C
N
N
M
ea

n
re
ca

ll
fo
r

al
ld

is
ea

se
ca

te
-

go
rie

s:
77

.7
%

(7
0.
3%

to
85

.1
%

)
A
cc

80
.3
%

A
cc

:6
3.
6%

M
ul
tic

la
ss

p
ro
b
-

ab
ili
tie

s:
im

p
ro
ve

d
th
e
A
cc

of
hu

m
an

ra
te
rs

fr
om

63
.6
%

to
77

%
.

P
re
d
ic
tio

n
of

m
al
ig
-

na
nc

y:
no

im
p
ro
ve

-
m
en

to
b
se

rv
ed

.

To
gn

et
ti
et

al
.2

0
P
ub

lic
:I
S
IC

ar
ch

iv
e,

iD
S
co

re
d
at
as

et
(c
ol
le
ct
ed

fr
om

8
E
ur
op

ea
n
ce

nt
er
s)

P
re
-t
ra
in
in
g:

20
,7
35

Tr
ai
ni
ng

/v
al
id
at
io
n:

63
0/
13

5

Te
st
:2

14
I

R
Y

Y
11

1
d
er
m
at
o
lo
gi
st
s

w
ith

d
iff
er
en

t
le
ve

ls
of

ex
p
er
ie
nc

e
in

d
er
m
o-

sc
op

y.
A
w
ar
e
of

cl
in
ic
al

d
at
a

D
C
N
N
_a

M
S
L
(m

od
ifi
ed

ve
rs
io
n
of

th
e
R
es

N
et
50

)
iD
C
N
N
_a

M
S
L
(im

ag
es

+
cl
in
ic
al

d
at
a)

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

at
yp

ic
al

ne
vu

s
Th

e
av

er
ag

e
d
er
m
at
o
l-

og
is
ts

sh
ow

ed
p
er
fo
r-

m
an

ce
on

th
e
te
st
in
g

se
tf
ar

b
el
ow

b
ot
h

D
C
N
N
s
(p

<
0.
05

)

D
C
N
N

S
n:

89
.2
%

(8
0.
8–

94
.7
)

S
p
:6

5.
7%

(6
1.
3–

68
.6
)

R
O
C
77

.5
%

(7
1.
0–

83
.9
)

A
U
C
0.
86

6
(0
.8
13

–
0.
92

)
iD
C
N
N

S
n:

86
.5
%

(7
7.
9–

92
.6
)

S
p
:7

3.
6%

(6
9.
0–

76
.8
)

R
O
C
80

%
(7
3.
8–

86
.3
)

A
U
C
0.
90

3
(0
.8
63

–
0.
94

4)

S
n:

77
%

(6
5.
8–

86
.0
)

S
p
:6

1.
4%

(5
2.
8–

69
.5
)

R
O
C
69

.2
%

(6
1.
9–

76
.6
)

R
O
C
le
ve

lI
-I
I(
le
ss

ex
p
er
ie
nc

ed
):
68

.2
%

(5
9.
97

6.
5
)

R
O
C
le
ve

lI
II-
IV

(m
or
e

ex
p
er
ie
nc

ed
):
71

.8
%

(6
4.
37

9.
3
)

W
in
kl
er

et
al
.2

9
(I)

P
ub

lic
:

H
A
M
10

00
0
d
at
as

et
(tr
ai
ni
ng

)
In
st
itu

tio
na

l(
te
st
)

Tr
ai
ni
ng

:
C
N
N
1:

>
15

0,
00

0
d
er
-

m
os

co
p
ic

im
ag

es
(M

ol
ea

na
ly
ze

r-
P
ro
®)
.

C
N
N
2:

im
ag

es
fr
om

th
e
H
A
M
10

00
0

d
at
as

et

Te
st
:2

36
E

R
B

N
26

d
er
m
at
ol
og

is
ts

w
ith

th
re
e
d
iff
er
en

t
le
ve

ls
of

ex
p
er
ie
nc

e

C
N
N
1:

G
oo

gl
eN

et
In
ce

p
tio

n
v4

(M
ol
ea

na
ly
-

ze
r-
P
ro
®,

Fo
to
-F
in
d
er

S
ys

te
m
s
G
m
b
H
,B

ad
B
irn

b
ac

h
,G

er
m
an

y)
C
N
N
2:

R
es

ne
t3
4

ar
ch

ite
ct
ur
e

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

ne
vu

s
Th

e
te
st
ed

C
N
N
co

ul
d

no
tr
ep

la
ce

th
e
st
ra
te
g
y

of
S
eq

ue
nt
ia
ld

ig
ita

l
d
er
m
os

co
p
y
(S
D
D
).

D
ia
gn

os
tic

se
ns

iti
vi
tie

s
w
er
e
si
gn

ifi
ca

nt
ly
hi
gh

er
in

fo
llo

w
-u
p
im

ag
es

th
an

in
b
as

el
in
e
im

ag
es

fo
r
b
ot
h
C
N
N
(p

<
0.
05

).
C
om

p
ar
in
g
th
e
nu

m
b
er

of
b
as

el
in
e
q
ua

rt
et
s

co
rr
ec

tly
cl
as

si
fi
ed

,
b
ot
h
C
N
N
w
er
e
ou

t-
p
er
fo
rm

ed
b
y
d
er
m
a-

to
lo
gi
st
s
(p

<
0.
00

1)
.

C
N
N
1:

B
as

el
in
e

A
cc

15
.3
%

S
n
25

.4
%

(1
6.
1-

37
.8
)

S
p
92

.7
%

(8
7.
8–

95
.7
)

R
O
C
69

.6
%

(6
2.
1-

77
.1
)

Fo
llo

w
-u
p
q
ua

rt
et
s

A
cc

28
.8
%

S
n
44

.1
%

(3
2.
2–

56
.7
)

S
p
92

.7
%

(8
7.
8–

95
.7
)

R
O
C
81

.7
%

(7
5.
7–

87
.6
)

C
N
N
2:

B
as

el
in
e

A
cc

13
.6
%

S
n
28

.8
%

(1
8.
8-

41
.4
)

S
p
75

.7
%

(6
8.
9-

81
.4
)

R
O
C
58

.7
%

(5
0.
5-

66
.9
)

Fo
llo

w
-u
p
q
ua

rt
et
s

A
cc

20
.3
%

S
n
49

.2
%

(3
6.
8-

61
.6
)

S
p
75

.7
%

(6
8.
9-

81
.4
)

R
O
C
69

.8
%

(6
2.
2-

77
.4
)

B
as

el
in
e

A
cc

40
.7
%

S
n
66

.1
%

S
p
55

.4
%

W
in
kl
er

et
al
.4

0
(II
)

P
ub

lic
(tr
ai
ni
ng

)
In
st
itu

tio
na

l:
30

ca
se

s
of

d
iffi

cu
lt-
to
-

d
ia
gn

os
e
sk

in
le
si
on

s
(te

st
)

Tr
ai
ni
ng

:C
N
N
fu
rt
he

r
tr
ai
ne

d
w
ith

>
15

0,
00

0
la
b
el
ed

d
er
m
at
o
-

sc
op

ic
im

ag
es

.

Te
st
:3

0
E

R
Y

Y
12

0
d
er
m
at
o
lo
gi
st
s

d
ur
in
g
a
liv
e

co
nf
er
en

ce
.

B
in
ar
y:

G
oo

gl
eN

et
In
ce

p
tio

n
v4

ar
ch

ite
ct
ur
e

(M
ol
ea

na
ly
ze

r-
P
ro
®,

Fo
to
-F
in
d
er

S
ys

te
m
s

G
m
b
H
,B

ad
B
irn

b
ac

h,
G
er
m
an

y)

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
na

nt
M
ul
tic

la
ss

Th
e
d
ia
gn

os
tic

ac
cu

-
ra
cy

of
co

lle
ct
iv
e
hu

m
an

in
te
lli
g
en

ce
(C
oH

I)
w
as

su
p
er
io
r
to

th
at

of
in
d
i-

vi
d
ua

ld
er
m
at
o
lo
gi
st
s

(P
<
0.
00

1)
in

m
ul
tic

la
ss

ev
al
ua

tio
n,

w
ith

th
e

ac
cu

ra
cy

of
th
e
la
tt
er

co
m
p
ar
ab

le
to

B
in
ar
y

A
cc

70
.0
%

(5
2.
1–

83
.3
)

S
n
70

.6
%

(4
6.
9–

86
.7
)

S
p
69

.2
%

(4
2.
4–

87
)

R
O
C
0.
76

5
(0
.5
95

–
0.
93

5)

B
in
ar
y

S
n
77

.7
%

(7
5.
3–

80
.2
)

S
p
73

.0
%

(7
0.
6–

75
.4
)

A
cc

75
.7
%

(7
3.
8–

77
.5
)

M
ul
tic

la
ss

A
cc

64
.6
%

(6
1.
6–

67
.6
)

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 7



T
ab

le
1
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

m
ul
tic

la
ss

C
N
N
.

C
oH

Io
ut
p
er
fo
rm

ed
in
d
iv
id
ua

ls
an

d
C
N
N
in
a

d
em

an
d
in
g
sk

in
le
si
on

cl
as

si
fi
ca

tio
n
ta
sk

.

M
ul
tic

la
ss

A
cc

62
.5
%

H
ae

ns
sl
e
et

al
.2

1
(II
)

In
st
itu

tio
na

l:
U
ni
ve

rs
ity

of
H
ei
d
el
-

b
er
g;

H
os

p
ita

l
Th

al
ki
rc
hn

er
S
tr
ee

t,
M
un

ic
h;

M
ed

ic
al

U
ni
ve

rs
ity

of
G
ra
z;

A
ris

to
tle

U
ni
ve

rs
ity

,
Th

es
sa

lo
ni
ki
;c

lin
ic

of
D
er
m
at
o
lo
gy

,
K
on

st
an

z.
(te

st
)

A
d
d
iti
on

al
te
st
:

‘A
us

tr
al
ia
n
d
at
a
se

t’
(2
40

)
‘IS

IC
20

18
d
at
a

se
t’
:1
51

1
‘M

S
K
-1

d
at
a
se

t’
:

11
00

‘P
ro
sp

ec
tiv

e
d
at
a

se
t’
a
re
al
-w

or
ld

d
er
m
os

co
p
ic
d
at
a

se
to

f1
98

1
le
si
on

s

Tr
ai
ni
ng

:C
N
N
p
re
-

tr
ai
ne

d
(M

ol
ea

na
ly
-

ze
r-
P
ro
®)

Te
st
:1

00
A
d
d
iti
on

al
ex

te
rn
al

te
st

se
to

f4
83

2
im

ag
es

E
R

B
Y

64
D
er
m
at
o
lo
gi
st
s
w
ith

3
d
iff
er
en

t
se

lf-
re
p
or
te
d
le
ve

ls
of

ex
p
er
ie
nc

e:
-B

eg
in
ne

r
(n

=
9)

-S
ki
lle
d
(n

=
20

)
-E
xp

er
t
(n

=
30

)
-U

nk
no

w
n
(n

=
5)

M
ol
ea

na
ly
ze

r-
P
ro
,F

ot
o-

Fi
nd

er
S
ys

te
m
s,

B
ad

B
irn

b
ac

h
,G

er
m
an

y
(m

od
ifi
ed

ar
ch

ite
ct
ur
e
of

G
oo

gl
e’
s
In
ce

p
tio

n
_v

4)

D
ic
ho

to
m
ou

s:
-M

al
ig
na

n
t/
b
en

ig
n

-E
xc

is
io
n
or

tr
ea

tm
en

t/
fo
llo

w
-u
p
or

no
ac

tio
n

Le
ve

lI
:d

er
m
os

co
p
y
on

ly
Le

ve
lI
I:
d
er
m
os

co
p
y,

cl
in
ic
al
cl
os

e-
up

im
ag

es
,i
nf
or
m
at
io
n

D
er
m
at
o
lo
gi
st
s
of

al
l

tr
ai
ni
n
g
le
ve

ls
w
er
e

ou
tp
er
fo
rm

ed
b
y
th
e

C
N
N
(a
ll
p
<
0.
00

1)
.

S
n
96

.2
%

(8
7.
0-

98
.9
)

S
p
68

.8
%

(5
4.
7-

80
.1
)

A
U
C
92

.9
(8
8.
0-
97

.8
)

le
ve

lI
(d
er
m
os

co
p
y)

A
ll:

S
n
77

.1
%

(7
4.
0-
80

.2
)

S
p
69

.5
%

(6
6.
3-
72

.7
)

A
cc

73
.4
%

B
eg

in
ne

r:
S
n
69

.4
%

;
S
p
67

.6
%

;A
cc

68
.6
%

S
ki
lle
d
:S

n
78

.0
%

;
S
p
67

.8
%

;A
cc

73
,1
%

E
xp

er
t:
S
n
80

.6
%

;
S
p
72

.2
%

;A
cc

76
.6
%

U
nk

no
w
n
:S

n
70

.1
%

;
S
p
70

.5
%

;A
cc

70
.3
%

.
Le

ve
lI
I(
d
er
m
os

co
p
y

+
cl
os

e-
up

+
te
xt
ua

l
ca

se
in
fo
rm

at
io
n)
:

A
ll:

S
n
84

.2
%

(8
2.
2–

86
.2
)

S
p
69

.4
%

(6
6.
0–

72
.8
)

A
cc

77
.1
%

B
eg

in
ne

r:
S
n
82

.9
%

;
S
p
63

.0
%

;A
cc

73
.3
%

S
ki
lle
d
:S

n
84

.3
%

;
S
p
69

.3
%

;A
cc

77
,1
%

E
xp

er
t:
S
n
85

.1
%

;
S
p
72

.6
%

;A
cc

9.
1%

U
nk

no
w
n
:S

n
80

.8
%

;
S
p
61

.7
%

;
A
cc

71
.6
%

.

Z
hu

et
al
.3

6
In
st
itu

tio
na

l
P
ek

in
g
U
ni
on

M
ed

i-
ca

lC
ol
le
ge

H
os

p
ita

l
in

C
hi
na

Tr
ai
ni
ng

:1
3,
60

3
Te

st
:2

00
I

R
B

N
28

0
b
oa

rd
-c
er
tifi

ca
te
d

d
er
m
at
o
lo
gi
st
s

G
oo

gl
e’
s
E
ffi
ci
en

tN
et
-b
4

w
ith

p
re
-t
ra
in
ed

w
ei
gh

ts
on

th
e
20

15
Im

ag
eN

et
d
at
as

et

M
ul
tic

la
ss

C
om

p
ar
ab

le
p
er
fo
rm

an
ce

.
S
n
83

.5
0%

S
p
94

.0
7%

A
cc

92
.7
5%

S
n
68

.5
1%

S
p
95

.5
0%

A
cc

92
.1
3%

-P
ha

m
et

al
.2

3
P
ub

lic
IS
IC

20
19

.
M
C
la
ss

-D
d
at
as

et
of

Ti
tu
s
J.

B
rin

ke
r
et

al
.

D
at
as

et
:1

7,
30

2.
(4
50

3
m
el
an

om
a
an

d
12

,7
99

ne
vu

s)
Tr
ai
ni
ng

:1
3,
84

2
V
al
id
at
io
n
:1

,7
30

Te
st
:1

73
0,

45
0

m
el
an

om
a
an

d
12

80
ne

vu
s

IΔ
R

B
N

15
7
d
er
m
at
o
lo
gi
st
s
at

d
iff
er
en

tG
er
m
an

un
i-

ve
rs
ity

ho
sp

ita
ls

w
In
ce

p
tio

nV
31

4,
R
es

N
et
5
01

5,
D
en

se
-

N
et
16

91
6
.

N
ew

d
ee

p
ar
ch

ite
ct
ur
e

w
ith

in
tr
od

uc
tio

n
of

cu
s-

to
m

lo
ss

fu
nc

tio
n,

cu
s-

to
m

m
in
i-
b
at
ch

lo
gi
c,

an
d
op

tim
iz
ed

fu
lly

co
n-

ne
ct
ed

la
ye

rs
.

D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

ne
vu

s
B
LF

(b
es

tm
od

el
)s

ur
-

p
as

se
s
th
e
p
er
fo
r-

m
an

ce
of

ev
er
y

d
er
m
at
o
lo
gi
st
.

A
U
C
94

.4
%

S
n
85

%
S
p
95

%

A
U
C
67

.1
%

S
n
74

.1
%

S
p
60

.0
%

Z
he

n
Y
u
et

al
.2

3
P
ub

lic
H
A
M
-1
00

0
0
d
at
as

et
(tr
ai
ni
ng

)
In
st
itu

tio
na

l(
tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:1

79
se

ria
l

d
er
m
os

co
p
ic
im

ag
es

fr
om

12
2
p
at
ie
nt
s,

to
ta
l7

30
im

ag
es

.
Tr
ai
ni
ng

:9
0%

V
al
id
at
io
n
10

%

Te
st
:n

ot
sp

ec
ifi
ed

IΔ
R

Y
Y

12
d
er
m
at
ol
og

is
ts

-
7
ex

p
er
ie
nc

ed
d
er
-

m
at
ol
og

is
ts

-5
re
gi
st
ra
rs

R
es

N
et
-3
4

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

.m
al
ig
na

nt
Th

e
m
od

el
ac

hi
ev

ed
hi
gh

er
d
ia
gn

os
tic

A
cc

th
an

cl
in
ic
ia
n
s
an

d
p
ro
-

vi
d
ed

an
ea

rli
er

d
ia
g-

no
si
s
of

m
el
an

om
a

(6
0.
7%

vs
.3

2.
7%

)o
n

th
e
fi
rs
tf
ol
lo
w
-u
p

im
ag

es
.

A
cc

63
.6
9%

S
n
60

.6
7%

S
p
66

.6
7%

O
ve

ra
ll
cl
in
ic
ia
ns

A
cc

54
.3
3%

S
n
61

.9
9%

S
p
46

.7
6%

D
er
m
at
o
lo
gi
st
s

A
cc

56
.1
9%

S
n
61

.8
0%

S
p
50

.6
3%

R
eg

is
tr
ar
s

A
cc

51
.7
3%

S
n
62

.2
5%

S
p
41

.3
3%

V
an

M
ol
le
et

al
.3

7
P
ub

lic
:

H
A
M
10

00
0
(tr
ai
ni
n
g

an
d
te
st
)

Tr
ai
ni
ng

/v
al
id
at
io
n
no

t
sp

ec
ifi
ed

.
Te

st
:3

0
IΔ

R
N

N
22

p
ro
fe
ss

io
na

l
d
er
m
at
o
lo
gi
st
s

R
es

N
et
5
0
m
od

el
M
ul
tic

la
ss

In
d
iv
id
u
al

d
er
m
at
ol
o-

gi
st
s
sc

or
ed

si
m
ila
r
to

C
N
N
,w

ith
th
e
av

er
ag

e
d
er
m
at
o
lo
gi
st

sc
or
in
g

sl
ig
ht
ly
b
et
te
r.

A
cc

46
%

S
n
50

%
S
p
88

%
R
O
C
0.
69

M
ea

n
A
cc

55
%

S
n
68

%
S
p
73

%
R
O
C
0.
70

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 8



T
ab

le
1
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

d
er
m
o
sc

o
p
y

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g

T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
a
nt
s

A
Im

o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

A
I

A
Ip

er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

a
nc

e
A
ug

m
en

te
d

p
er
fo
rm

an
ce

C
om

b
al
ia
et

al
.3

3
P
ub

lic
H
A
M
10

00
0

an
d
B
C
N
20

00
0

(tr
ai
ni
ng

an
d
te
st
)

Tu
rk
ey

,N
ew

Z
ea

l-
an

d
,S

w
ed

en
,a

nd
A
rg
en

tin
a
(te

st
)

Tr
ai
ni
ng

:2
5,
33

1
V
al
id
at
io
n
:1

00
(H
A
M
10

00
0)

Te
st
:8

,2
38

fr
om

B
C
N
,H

A
M
,T

ur
ke

y,
N
ew

Z
ea

la
nd

,S
w
e-

d
en

,a
nd

A
rg
en

tin
a

IΔ
R

B
Y

18
ex

p
er
t

d
er
m
at
o
lo
gi
st
s

E
ffi
ci
en

tN
et

an
d
R
es

N
et

M
ul
tic

la
ss

A
lg
or
ith

m
s
p
er
fo
rm

ed
b
et
te
r
th
an

ex
p
er
ts

in
m
os

tc
at
eg

or
ie
s,
ex

ce
p
t

fo
r
A
K
(s
im

ila
r
ac

cu
ra
cy

on
av

er
ag

e)
an

d
im

ag
es

fr
om

ca
te
go

rie
s
no

t
in
cl
ud

ed
in
tr
ai
ni
ng

d
at
a

(p
<
0.
00

01
).

To
p
A
cc

:6
3.
6%

M
ea

n
A
cc

50
%

M
ea

n
A
cc

+
m
et
a-

d
at
a:

56
%

A
cc

:A
K
83

%
,B

C
C

91
%

,B
K
L
43

%
,D

F
73

%
,M

E
L
70

%
,

N
ev

us
70

%
,N

T
1%

,
C
C
62

%
,

V
A
S
C
79

%
.

A
cc

:A
K
43

%
,B

C
C

70
%

,B
K
L
48

%
,D

F
50

%
,M

E
L
62

%
,

N
ev

us
56

%
,N

T
26

%
,

S
C
C
65

%
,

V
A
S
C
83

%
.

H
P
hi
st
op

at
ho

lo
gy

co
nfi

rm
at
io
n,

I/E
in
te
rn
al
/e
xt
er
na

lt
es

ts
et
,P

p
ro
sp

ec
tiv

e,
R
re
tr
os

p
ec

tiv
e,

B
b
ot
h
(a
su

b
se

to
fl
es

io
ns

w
er
e
b
io
p
sy

p
ro
ve

n
an

d
a
su

b
se

tb
as

ed
on

cl
in
ic
al
/c
on

se
ns

us
d
ia
gn

os
is
),
C
D
cl
in
ic
al
d
at
a
(m

et
ad

at
a)
av

ai
la
b
le
,C

N
N
co

nv
ol
ut
io
na

ln
eu

ra
ln
et
w
or
k,

D
C
N
N
d
ee

p
co

nv
ol
ut
io
na

ln
eu

ra
ln

et
w
or
k,

A
K
ac

tin
ic
ke

ra
to
si
s,

B
C
C
b
as

al
ce

ll
ca

rc
in
om

a,
B
K
L
b
en

ig
n
ke

ra
to
si
s,

S
K
se

b
or
rh
ei
c
ke

ra
to
si
s,

D
F
d
er
m
at
o
fi
b
ro
m
a,

M
E
L
m
el
an

om
a,

N
T
no

tt
ra
in
ed

,S
C
C
sq

ua
m
ou

s
ce

ll
ca

rc
in
om

a,
V
A
S
C
va

sc
ul
ar

le
si
on

,S
n
se

ns
iti
vi
ty
,S

p
sp

ec
ifi
ci
ty
,A

cc
ac

cu
ra
cy

,N
P
V
ne

ga
tiv

e
p
re
di
ct
iv
e
va

lu
e,

P
P
V
p
os

iti
ve

p
re
di
ct
iv
e
va

lu
e,

O
R
od

d
s
ra
tio

,R
O
C
re
ce

iv
er

op
er
at
in
g
ch

ar
ac

te
ris

tic
cu

rv
e,

A
Ia

rt
ifi
ci
al

in
te
lli
ge

nc
e.

Δ
ho

ld
-o
ut

d
at
as

et
.

T
ab

le
2
|I
nc

lu
d
ed

st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

cl
in
ic
al

im
ag

es

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g
se

t
T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
an

ts
IA

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

IA
IA

p
er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

an
ce

A
ug

m
en

te
d

p
er
fo
rm

an
ce

C
ha

ng
et

al
.4
7

In
st
itu

tio
na

l:
K
ao

hs
iu
ng

M
ed

ic
al

U
ni
ve

rs
ity

D
at
as

et
:2

4,
17

8
Tr
ai
ni
ng

/v
al
id
at
io
n:

no
ts

p
ec

ifi
ed

Te
st
:7

69
I

R
Y

N
25

d
er
m
at
ol
og

is
ts

C
A
D
x
sy
st
em

3-
cl
as

s:
M
al
ig
na

nt
or

b
en

ig
n
or

in
d
et
er
m
in
at
e

C
om

p
ar
ab

le
S
n
85

.6
3%

S
p
87

.6
5%

A
cc

90
.6
4%

R
O
C
0.
94

9

S
n
83

.3
3%

S
p
85

.8
8%

A
cc

85
.3
1%

H
an

et
al
.4
2

P
ub

lic
:

Tr
ai
ni
ng

:A
sa

n
d
at
as

et
,

M
E
D
-N

O
D
E
d
at
as

et
,

an
d
at
la
s
si
te

im
ag

es

D
at
as

et
:5

98
,8
54

Tr
ai
ni
ng

:1
9,
39

8
V
al
id
at
io
n:

p
or
tio

n
of

th
e
A
sa

n,
H
al
ly
m

an
d

E
d
in
b
ur
gh

d
at
as

et
s.

Te
st
:4

80
im

ag
es

(2
60

im
ag

es
A
sa

n
te
st
,2

20
im

ag
es

E
d
in
b
ur
gh

)

I
R

B
N

16
d
er
m
at
ol
og

is
ts
:

-1
0
p
ro
fe
ss
or
s

-6
cl
in
ic
ia
ns

M
ic
ro
so

ft
R
es

N
et
-

15
2
m
od

el
D
ic
ho

to
m
ou

s:
B
en

ig
n
vs

m
al
ig
na

nt

C
om

p
ar
ab

le
A
sa

n
d
at
as

et
:

S
n
86

.4
%

±
3.
5%

S
p
85

.5
%

±
3.
2%

A
U
C
0.
91

±
0.
01

E
d
in
b
ur
gh

:
S
n
85

.1
%

±
2.
2%

S
p
81

.3
%

±
2.
9%

A
U
C
0.
89

±
0.
01

Fu
jis
aw

a
et

al
.4
3

In
st
itu

tio
na

l:
U
ni
ve

rs
ity

of
Ts

uk
ub

a
H
os

p
ita

lf
ro
m

20
03

to
20

16
(tr
ai
ni
ng

an
d
te
st
)

d
at
as

et
:6

,0
09

tr
ai
ni
ng

/v
al
id
a-

tio
n:

4,
86

7

Te
st
:1

,1
42

IΔ
R

B
N

22
d
er
m
at
ol
og

is
ts
:

-1
3
b
oa

rd
-c
er
tifi

ed
-9

tr
ai
ne

es

G
oo

gL
eN

et
D
C
N
N
m
od

el
D
ic
ho

to
m
ou

s:
B
en

ig
n
vs

m
al
ig
na

nt

D
C
N
N
ac

hi
ev

ed
gr
ea

te
r

ac
cu

ra
cy

(P
<
.0
00

1)
.

S
n
96

.3
%

S
p
89

.5
%

A
cc

76
.5
%

A
cc

b
oa

rd
-c
er
tifi

ed
85

.3
%

±
3.
7%

A
cc

tr
ai
ne

es
74

.4
%

±
6.
8%

H
an

et
al
.4
4

P
ub

lic
:M

E
D
-N

O
D
E

d
at
a
se

t,
S
ev

en
-P

oi
nt

C
he

ck
lis
tD

er
m
at
ol
og

y
d
at
a
se

t(
tr
ai
ni
ng

)
In
st
itu

tio
na

l:
A
sa

n
M
ed

ic
al

C
en

te
rD

ep
ar
t-

m
en

to
fD

er
m
at
ol
og

y,
H
al
ly
m

N
at
io
na

lU
ni
-

ve
rs
ity

D
ep

ar
tm

en
to

f
P
la
st
ic
S
ur
ge

ry
,C

ho
n-

na
m

U
ni
ve

rs
ity

D
ep

ar
t-

m
en

to
fP

la
st
ic
S
ur
ge

r
(tr
ai
ni
ng

an
d
te
st

se
t)

D
at
as

et
:

Tr
ai
ni
ng

/v
al
id
at
io
n:

1,
10

6,
88

6/
2,
84

4

Te
st
:3

25
I

R
Y

N
11

9
cl
in
ic
ia
ns

:
-1
3
b
oa

rd
-c
er
tifi

ed
d
er
m
at
ol
og

is
ts

-3
4
d
er
m
at
ol
og

y
re
si
d
en

ts
-2
0
no

n-
d
er
m
at
ol
og

ic
p
hy

-
si
ci
an

s
-5
2
ge

ne
ra
lp

ub
lic

w
ith

no
m
ed

ic
al

b
ac

kg
ro
un

d

B
lo
b
d
et
ec

to
rt
ra
in
-

in
g
us

in
g
fa
st
er
-

R
C
N
N
20

,a
fi
ne

im
ag

e
se

le
ct
or

an
d

th
e
d
is
ea

se
cl
as

si
-

fi
er

tr
ai
ni
ng

us
in
g

C
N
N
s
(S
E
N
et
,S

E
-

R
es

N
eX

t-
50

,a
nd

S
E
-R

es
N
et
-5
0)
.

D
ic
ho

to
m
ou

s:
B
en

ig
n
vs

m
al
ig
na

nt

C
om

p
ar
ab

le
A
U
C
:9

1.
9

S
n
98

.2
%

S
p
77

.9
%

D
er
m
at
ol
og

is
ts

R
O
C
:0

.9
0

N
on

-d
er
m
at
ol
og

is
t

p
hy

si
ci
an

s
R
O
C
:

0.
72

5
(S
n
an

d
S
p
fo
r
ea

ch
on

e
no

ts
p
ec

ifi
ed

)
O
ve

ra
ll:
S
n
95

.0
%

S
p
72

.1
%

Z
ha

o
et

al
.4

8
In
st
itu

tio
na

l:
X
ia
ng

ya
-

D
er
m
,w

hi
ch

w
as

co
l-

le
ct
ed

fr
om

X
ia
ng

ya
H
os

p
ita

l

D
at
as

et
:1

50
,2
23

Tr
ai
ni
ng

/v
al
id
a-

tio
n:

4,
50

0

Te
st
:6

0
I

R
Y

N
20

d
er
m
at
ol
og

is
ts

X
ce

p
tio

n
ar
ch

ite
ct
ur
e

3
ris

k
cl
as

si
fi
ca

tio
n:

lo
w

ris
k,

hi
gh

ris
k,

an
d
d
an

ge
ro
us

C
la
ss
ifi
er

ou
tp
er
fo
rm

s
d
er
m
at
ol
og

is
ts

A
cc

82
.7
%

B
en

ig
n:

S
n
93

%
,

S
p
88

%
Lo

w
d
eg

re
e:

S
n

85
%
,S

p
85

%
H
ig
h
d
eg

re
e:

S
n

86
%
,S

p
91

%
A
U
C
:

-
Lo

w
-r
is
k:

0.
95

9
-H

ig
h-
ris

k:
0.
91

9
-
D
an

ge
r-

ou
s:

0.
94

7

S
n:

-
Lo

w
-r
is
k:

61
%

-
H
ig
h-
ris

k:
49

.5
%

-
D
an

ge
ro
us

:6
4%

S
p

-
Lo

w
-r
is
k:

4.
9%

-H
ig
h-
ris

k:
29

%
-
D
an

ge
ro
us

:2
9%

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 9



T
ab

le
2
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

cl
in
ic
al

im
ag

es

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g
se

t
T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
an

ts
IA

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

IA
IA

p
er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

an
ce

A
ug

m
en

te
d

p
er
fo
rm

an
ce

H
an

et
al
.5
2

P
ub

lic
:A

sa
n
M
ed

ic
al

C
en

te
ra

nd
im

ag
es

fr
om

w
eb

si
te
s
(tr
ai
ni
ng

)
In
st
itu

tio
na

l:
D
ep

ar
t-

m
en

to
fD

er
m
at
ol
og

y,
S
ev

er
an

ce
H
os

p
ita

l,
S
eo

ul
,K

or
ea

(te
st

se
t)

D
at
as

et
:

-
D
at
as

et
A

(D
ic
ho

to
m
ou

s)
:

40
,3
31

-
D
at
as

et
B
(M

ul
ti-

cl
as

s)
:3

9,
72

1
Tr
ai
ni
ng

:1
,1
06

,8
86

im
ag

es

Te
st
:1

,3
20

E
R

Y
N

65
at
te
nd

in
g
p
hy

si
-

ci
an

s
(d
ic
ho

to
m
ou

s)
44

d
er
m
at
ol
og

is
ts

5.
7
±
5.
2
ye

ar
s
of

ex
p
er
ie
nc

e
(m

ul
tic

la
ss
)

D
is
ea

se
cl
as

si
fi
er

(S
E
N
et

an
d
S
E
-

R
es

N
eX

t-
50

)w
as

tr
ai
ne

d
w
ith

th
e
he

lp
of

a
re
gi
on

-b
as

ed
C
N
N
(fa

st
er

R
C
N
N
)

D
ic
ho

to
m
ou

s:
b
en

ig
n
or

m
al
ig
-

na
nt

M
ul
tic

la
ss
:

d
ia
gn

os
is

Fi
rs
tc

lin
ic
al
im

p
re
ss
io
n
of

p
hy

si
ci
an

s
w
as

su
p
er
io
r

to
th
os

e
of

th
e
al
go

rit
hm

M
ul
tic

la
ss

cl
as

si
fi
ca

tio
n

w
as

co
m
p
ar
ab

le
.

D
ic
ho

to
m
ou

s:
A
U
C
0.
86

3
(0
.8
52

–
0.
87

5)
S
n
62

.7
%

(5
9.
9–

65
.1
)

S
p
90

.0
%

(8
9.
4–

90
.6
)

P
P
V
45

.4
%

(4
3.
7–

47
.3
)

N
P
V
94

.8
%

(9
4.
4–

95
.2
)

M
ul
tic

la
ss
:

S
n
66

.9
%

(5
7.
7–

76
.0
)

S
p
87

.4
%

(8
2.
5–

92
.2
)

D
ic
ho

to
m
ou

s:
S
n
70

.2
%

S
p
95

.6
%

P
P
V
68

.1
%

N
P
V
96

.0
%

M
ul
tic

la
ss
:

S
n
65

.8
%

(5
5.
7–

75
.9
)

S
p
85

.7
%

(8
2.
4–

88
.9
)

H
ua

ng
et

al
.4
5

In
st
itu

tio
na

l:
X
ia
ng

ya
H
os

p
ita

l,
C
en

tr
al
S
ou

th
U
ni
ve

rs
ity

,

D
at
as

et
:3

,2
99

Tr
ai
ni
ng

:2
,4
74

Te
st
:8

25
A
d
d
iti
on

al
te
st

se
t:
11

6

IΔ
R

Y
N

21
p
ar
tic

ip
an

ts
:

-8
ex

p
er
td

er
m
at
ol
-

og
is
ts

-1
3
ge

ne
ra
l

d
er
m
at
ol
og

is
ts

4
C
N
N
ne

tw
or
ks

:
In
ce

p
tio

nV
3,

In
ce

p-
tio

n-
R
es

N
et
V
2,

D
en

se
N
et
12

1,
an

d
R
es

N
et
50

D
ic
ho

to
m
ou

s:
B
C
C
vs

S
K

In
ce

p
tio

nR
es

N
et
V
2

m
od

el
ou

tp
er
fo
rm

ed
ge

ne
ra
ld

er
m
at
ol
og

is
ts

an
d
w
as

co
m
p
ar
ab

le
to

ex
p
er
td

er
m
at
ol
og

is
ts
.

P
P
V
89

.7
%

N
P
V
10

.3
%

A
U
C
0.
93

7

P
P
V
73

.2
%

N
P
V
21

.5
%

H
an

et
al
.5
3
(I)

P
ub

lic
:A

S
A
N
,W

eb
,

M
E
D
-N

O
D
E
,i
m
ag

es
fr
om

w
eb

si
te
s
(tr
ai
ni
ng

).
E
d
in
b
ur
gh

d
at
as

et
(v
al
id
at
io
n)

In
st
itu

tio
na

l:
S
N
U
d
at
a-

se
ts
(v
al
id
at
io
n
an

d
te
st
)

S
N
U
d
at
as

et
co

ns
is
te
d

of
d
at
a
fr
om

th
re
e
un

i-
ve

rs
ity

ho
sp

ita
ls
(S
eo

ul
N
at
io
na

lU
ni
ve

rs
ity

B
un

da
ng

H
os

p
ita

l,
In
je

U
ni
ve

rs
ity

S
an

gg
ye

P
ai
k
H
os

p
ita

l,
an

d
H
al
-

ly
m

U
ni
ve

rs
ity

D
on

gt
an

H
os

p
ita

l)

D
at
as

et
:2

24
,1
81

Tr
ai
ni
ng

:2
20

,6
80

,
17

4
d
is
ea

se
cl
as

-
se

s
V
al
id
at
io
n:

S
N
U
d
at
as

et
:2

,2
01

im
ag

es
of

13
4
d
is
-

or
d
er
s

E
d
in
b
ur
gh

d
at
as

et
:

1,
30

0
im

ag
es

of
10

tu
m
or
ou

s
sk

in
d
is
ea

se
s.

Te
st
:2

40
im

ag
es

fr
om

S
N
U
d
at
as

et

E
R

B
N

70
p
ar
tic

ip
an

ts
:

-
21

d
er
m
at
ol
og

is
ts

-
26

d
er
m
at
ol
og

y
re
si
d
en

ts
-
23

no
n-
m
ed

ic
al

p
ro
fe
ss
io
na

ls

N
ot

sp
ec

ifi
ed

D
ic
ho

to
m
ou

s:
m
el
an

om
a
vs

ne
vu

s
an

d
su

g-
ge

st
in
g
tr
ea

tm
en

t
op

tio
n

M
ul
ti-
cl
as

s
cl
as

si
-

fi
ca

tio
n
of

13
4
sk

in
d
is
or
d
er
s

D
ic
ho

to
m
ou

s:
al
go

rit
hm

sh
ow

ed
si
m
ila
r

p
er
fo
rm

an
ce

as
d
er
m
a-

to
lo
gy

re
si
d
en

ts
b
ut

sl
ig
ht
ly
lo
w
er

th
an

d
er
m
at
ol
og

is
ts

S
N
U
A
U
C

0.
93

7
±
0.
00

4
E
d
in
b
ur
gh

A
U
C

0.
92

8
±
0.
00

2
M
ul
tic

la
ss
:

m
ea

n
to
p
1,
3,
an

d
5
ac

cu
ra
ci
es

:
44

.8
±
1.
2%

,
69

.0
±
0.
9%

,
an

d
78

.1
±
0.
3%

D
er
m
at
ol
og

is
ts

S
n
77

.4
%

±
10

.7
S
p
92

.9
%

±
2.
4

A
U
C
0.
66

±
0.
08

N
on

-m
ed

ic
al
p
ro
-

fe
ss
io
na

ls
S
n
47

.6
±
33

.1
%

S
n
an

d
S
p
of

cl
in
ic
ia
ns

w
er
e

im
p
ro
ve

d
b
y

12
.1
%

(p
<
0.
00

01
)a

nd
1.
1%

(p
<
0.
00

01
),

re
sp

ec
tiv

el
y.

N
on

-m
ed

ic
al

p
ro
-

fe
ss
io
na

ls
im

p
ro
ve

d
S
n
fr
om

47
.6

±
33

.1
%

to
87

.5
±
17

.2
%

(p
<
0.
00

01
)w

ith
-

ou
tl
os

s
in

S
p
.

Ji
nn

ai
et

al
.5
4

In
st
itu

tio
na

l:
D
ep

ar
t-

m
en

tD
er
m
at
ol
og

ic
O
nc

ol
og

y
in

th
e

N
at
io
na

lC
an

ce
r
C
en

te
r

H
os

p
ita

l(
tr
ai
ni
ng

an
d
te
st
)

D
at
as

et
:5

84
6

Tr
ai
ni
ng

/v
al
id
at
io
n:

47
32

im
ag

es
.

Te
st
:2

00
im

ag
es

IΔ
R

B
N

20
d
er
m
at
ol
og

is
ts
:

-1
0
b
oa

rd
-c
er
tifi

ed
d
er
m
at
ol
og

is
ts

(B
C
D
s)

-
10

d
er
m
at
ol
og

ic
tr
ai
ne

es
(T
R
N
s)

Fa
st
er
,r
eg

io
n-

b
as

ed
C
N
N
(F
R
C
N
N
)

-D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
-

na
nt

-M
ul
tic

la
ss
:S

ix
-

cl
as

s
cl
as

si
fi
ca

tio
n

A
cc

ur
ac

y
of

FR
C
N
N
w
as

si
gn

ifi
ca

nt
ly
b
et
te
rt
ha

n
th
at

of
th
e
d
er
m
at
ol
og

is
ts

(p
<
0.
00

00
1)

D
ic
ho

to
m
ou

s:
-A

cc
:9

1.
5%

-S
n:

83
.3
%

-S
p
:9

4.
5%

M
ul
tic

la
ss
:

-A
cc

:8
6.
2%

-V
P
N
5.
5%

-V
P
P
84

.7
%

D
ic
ho

to
m
ou

s:
B
C
D
s:

A
cc

86
.6
%
,

S
n
86

.3
%
,

S
p
86

.6
%
,

TR
N
s:

A
cc

:8
5.
3%

S
n
83

.5
%
;

S
p
85

.9
%

M
ul
tic

la
ss
:

A
cc

:B
C
D
s
79

.5
%
;

TR
N
s
75

.1
%

P
ol
es

ie
et

al
.4
6

In
st
itu

tio
na

l:
d
ep

ar
t-

m
en

to
fD

er
m
at
ol
og

y
at

S
ah

lg
re
ns

ka
U
ni
ve

rs
ity

H
os

p
ita

l

D
at
as

et
:1

,5
51

.
81

9
M
el
an

om
a
in

si
tu

an
d
73

2
in
va

-
si
ve

m
el
an

om
as

.
Tr
ai
ni
ng

/v
al
id
at
io
n:

1,
05

1/
20

0

Te
st
:3

00
im

ag
es

IΔ
R

Y
N

7
d
er
m
at
ol
og

is
ts
:

-1
re
si
d
en

tp
hy

si
-

ci
an

-6
b
oa

rd
-c
er
tifi

ed
d
er
m
at
ol
og

is
ts

D
e
no

vo
C
N
N

D
ic
ho

to
m
ou

s:
in

si
tu

vs
in
va

si
ve

m
el
an

om
a

C
N
N
w
as

ou
tp
er
fo
rm

ed
b
y
d
er
m
at
ol
og

is
ts
.

A
U
C
0.
72

(9
5%

C
I

0.
66

–
0.
78

)
A
U
C
:0

.8
1
(9
5%

C
I

0.
76

–
0.
86

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 10



T
ab

le
2
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

cl
in
ic
al

im
ag

es

A
ut
ho

r
D
at
ab

as
e

T
ra
in
in
g
se

t
T
es

t
se

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
an

ts
IA

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

IA
IA

p
er
fo
rm

an
ce

C
lin

ic
ia
ns

’

p
er
fo
rm

an
ce

A
ug

m
en

te
d

p
er
fo
rm

an
ce

P
an

gt
i

et
al
.4
9

P
ub

lic
:p

ub
lic

ar
ch

iv
es

(h
tt
p
:/
/w

w
w
.

he
lle
ni
cd

er
m
at
la
s.
co

m
/

en
an

d
ht
tp
:/
/w

w
w
.

d
an

de
rm

.d
k/
at
la
s,

d
er
-

m
at
ol
og

is
ts

ac
ro
ss

In
di
a.
)(
tr
ai
ni
ng

)
In
st
itu

tio
na

l

Tr
ai
ni
ng

/v
al
id
at
io
n:

17
,7
84

im
ag

es
,4

0
sk

in
d
is
ea

se
s.

Te
st
:1

00
im

ag
es

,5
8

b
io
p
sy
-

p
ro
ve

n
B
C
C
,4

2
fa
ci
al
no

n-
B
C
C

le
si
on

s.

E
R

B
N

50
p
ar
tic

ip
an

ts
:

-
36

d
er
m
at
ol
og

is
ts

-
14

no
n-
d
er
m
at
ol
-

og
is
ts
:5

su
rg
eo

ns
an

d
9
ge

ne
ra
l

p
hy

si
ci
an

s

D
en

se
N
et
-1
61

Te
ns

or
fl
ow

M
ul
tic

la
ss

S
n
an

d
A
cc

of
th
e
ap

p
w
er
e
si
gn

ifi
ca

nt
ly
hi
gh

er
th
an

b
ot
h
d
er
m
at
ol
og

is
ts

(P
<
0.
00

01
)a

nd
no

n-
d
er
m
at
ol
og

is
ts

(P
<
0.
00

01
).
Th

e
S
p
w
as

co
m
p
ar
ab

le
(P

=
0.
07

).

A
U
C
0.
93

3
S
n
80

.2
4
±
3.
11

%
S
p
91

.5
7
±
2.
66

%
A
cc

84
.9
7
±
2.
45

%

B
C
C
d
ia
gn

os
is

-D
er
m
at
ol
og

is
ts
:

S
n
45

.9
8%

±
21

.2
1

S
p
96

.0
3%

±
6.
52

A
cc

65
%

±
11

.7
-N

on
-d
er
m
at
ol
o-

gi
st
s:

S
n
10

.7
1%

±
10

.5
3

S
p
98

.4
7%

±
3.
19

A
cc

47
.5
7%

±
6.
32

A
ga

rw
al
a

et
al
.5
0

P
ub

lic
:T

ria
ge

to
ol

w
w
w
.t
ria

ge
.c
om

fr
ee

on
lin
e
sy
st
em

co
m
p
os

ed
of

fo
ur

C
N
N

m
od

el
s
(tr
ai
ni
ng

)
In
st
itu

tio
na

l(
te
st
)

Tr
ai
ni
ng

:>
20

0,
00

0
im

ag
es

,>
50

0
sk

in
co

nd
iti
on

s

Te
st
:3

53
im

ag
es

E
R

B
Y

21
U
S
b
oa

rd
-

ce
rt
ifi
ed

d
er
m
at
ol
og

is
ts

Tr
ia
ge

al
go

rit
hm

M
ul
tic

la
ss

A
cc

ur
ac

y
of

th
e
d
er
m
a-

to
lo
gi
st
’s

w
as

b
et
te
rt
ha

n
th
e
A
Ia

cc
ur
ac

y

A
cc

63
.3
%
;9

5%
C
I5

8.
0–

68
.4
%
)

A
cc

:6
9.
1%

(9
5%

C
I

63
.7
–
74

.1
)

K
im

et
al
.5

1
P
ub

lic
P
re
-t
ra
in
ed

al
go

rit
hm

In
st
itu

tio
na

l:
D
ep

ar
tm

en
to

fD
er
m
a-

to
lo
gy

,A
sa

n
M
ed

ic
al

C
en

te
r,
S
eo

ul
N
at
io
na

l
U
ni
ve

rs
ity

,B
un

d
an

g
H
os

p
ita

l(
Te

st
)

Tr
ai
ni
ng

:7
21

,7
49

im
ag

es
,1

78
d
is
-

ea
se

cl
as

se
s

Te
st
:2

85
im

ag
es

E
P

B
N

-1
0
at
te
nd

in
g
p
hy

-
si
ci
an

s
(1
1.
4
±
8.
8

ye
ar
s’

ex
p
er
ie
nc

e
af
te
rb

oa
rd

ce
rt
ifi
-

ca
tio

n)
-1
1
d
er
m
at
ol
og

y
tr
ai
ne

es
-7

in
te
rn

d
oc

to
rs

M
od

el
D
er
m
at
ol
-

og
y;

ht
tp
s:
//

m
od

el
d
er
m
.c
om

M
ul
tic

la
ss

Th
er
e
w
as

no
d
ire

ct
co

m
-

p
ar
is
on

b
et
w
ee

n
A
Ia

nd
cl
in
ic
ia
ns

To
p
-1

of
th
e

al
go

rit
hm

S
n
52

.2
%

S
p
93

.4
%

A
cc

53
.5
%

To
p
-2

of
th
e

al
go

rit
hm

S
n
69

.6
%

S
p
78

.5
%

A
cc

66
.0
%

To
p
-3

of
th
e

al
go

rit
hm

S
n
78

.3
%

S
p
66

.1
%

A
cc

70
.8
%

To
p
-1

D
er
m
at
ol
o-

gi
st

S
n
79

.3
%

S
p
90

.2
%

A
cc

61
.8
%

Tr
ai
ne

es
S
n
65

.5
%

S
p
81

.3
%

A
cc

46
.5
%

To
p
-2

D
er
m
at
ol
o-

gi
st

S
n
86

.2
%

S
p
82

.1
%

A
cc

69
.4
%

Tr
ai
ne

es
S
n
93

.1
%

S
p
51

.8
%

A
cc

54
.2
%

To
p
-3

D
er
m
at
ol
o-

gi
st

S
n
86

.2
%

S
p
79

.5
%

A
cc

71
.5
%

Tr
ai
ne

es
S
n
93

,1
%

S
p
49

.1
%

A
cc

54
.9
%

To
p
-1
/T
op

-2
/

To
p
-3

ac
cu

ra
ci
es

af
te
ra

ss
is
ta
nc

e
w
er
e
si
gn

ifi
ca

nt
ly

hi
gh

er
th
an

th
os

e
b
ef
or
e
as

si
st
an

ce
A
Ia

ug
m
en

te
d
th
e

d
ia
gn

os
tic

ac
cu

-
ra
cy

of
tr
ai
ne

e
d
oc

to
rs

B
a.

et
al
.4
1

In
st
itu

tio
na

l:
C
hi
ne

se
P
LA

G
en

er
al

H
os

p
ita

l&
M
ed

ic
al

S
ch

oo
l

D
at
as

et
:2

9,
28

0
Tr
ai
ni
ng

/v
al
id
at
io
n:

25
,7
73

.
10

ca
te
go

rie
s
of

cu
ta
ne

ou
s
tu
m
or
s

Te
st
:4

00
fr
om

21
07

im
ag

es
d
at
as

et
.

IΔ
R

Y
N

18
b
oa

rd
-c
er
tifi

ed
d
er
m
at
ol
og

is
ts
,

w
ith

d
iff
er
en

tl
ev

el
s

of
ex

p
er
ie
nc

e

E
ffi
ci
en

tN
et
-B

3
D
ic
ho

to
m
ou

s:
m
al
ig
na

nt
vs

b
en

ig
n

C
N
N
ha

d
hi
gh

er
A
cc

th
an

un
-a
ss
is
te
d
d
er
m
at
ol
o-

gi
st
s.

C
N
N
-a
ss
is
te
d
d
er
m
at
ol
-

og
is
ts

ac
hi
ev

ed
a
hi
gh

er
A
cc

an
d
ka

p
p
a
(p

<
0.
00

1)
th
an

un
as

si
st
ed

d
er
m
a-

to
lo
gi
st
s
D
er
m
at
ol
og

is
ts

w
ith

le
ss

ex
p
er
ie
nc

e
b
en

efi
te
d
m
or
e
fr
om

C
N
N

as
si
st
an

ce
.

M
ul
tic

la
ss

A
cc

78
.4
5%

D
ic
ho

to
m
ou

s
S
n
83

.2
1%

S
p
91

.3
%

(8
5.
5-
97

.1
)

M
ul
tic

la
ss

A
cc

62
.7
8%

D
ic
ho

to
m
ou

s
S
n
83

.2
1%

S
p
80

.9
2%

M
ul
tic

la
ss

A
cc

:
76

.6
0%

vs
.

62
.7
8%

,
p
<
0.
00

1;
ka

p
p
a

0.
74

vs
.0

.5
9,

p
<
0.
00

1
D
ic
ho

to
m
ou

s
S
n
89

.5
6%

vs
.

83
.2
1%

,
p
<
0.
00

1
S
p
87

.9
0%

vs
.

80
.9
2%

,
p
<
0.
00

1

H
P
hi
st
op

at
ho

lo
gy

co
nfi

rm
at
io
n,

I/E
in
te
rn
al
/e
xt
er
na

lt
es

ts
et
,P

p
ro
sp

ec
tiv

e,
R
re
tr
os

p
ec

tiv
e,

B
b
ot
h
(a
su

b
se

to
fl
es

io
ns

w
er
e
b
io
p
sy

p
ro
ve

n
an

d
a
su

b
se

tb
as

ed
on

cl
in
ic
al
/c
on

se
ns

us
d
ia
gn

os
is
),
C
D
cl
in
ic
al
d
at
a
(m

et
ad

at
a)
av

ai
la
b
le
,C

N
N
co

nv
ol
ut
io
na

ln
eu

ra
ln
et
w
or
k,

D
C
N
N
d
ee

p
co

nv
ol
ut
io
na

ln
eu

ra
ln

et
w
or
k,

A
K
ac

tin
ic
ke

ra
to
si
s,

B
C
C
b
as

al
ce

ll
ca

rc
in
om

a,
B
K
L
b
en

ig
n
ke

ra
to
si
s,

S
K
se

b
or
rh
ei
c
ke

ra
to
si
s,

D
F
d
er
m
at
o
fi
b
ro
m
a,

M
E
L
m
el
an

om
a,

N
T
no

tt
ra
in
ed

,S
C
C
sq

ua
m
ou

s
ce

ll
ca

rc
in
om

a,
V
A
S
C
va

sc
ul
ar

le
si
on

,S
n
se

ns
iti
vi
ty
,S

p
sp

ec
ifi
ci
ty
,A

cc
ac

cu
ra
cy

,N
P
V
ne

ga
tiv

e
p
re
di
ct
iv
e
va

lu
e,

P
P
V
p
os

iti
ve

p
re
di
ct
iv
e
va

lu
e,

R
O
C
re
ce

iv
er

op
er
at
in
g
ch

ar
ac

te
ris

tic
cu

rv
e,

A
Ia

rt
ifi
ci
al
in
te
lli
ge

nc
e.

Δ
ho

ld
-o
ut

d
at
as

et
.

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 11

http://www.hellenicdermatlas.com/en
http://www.hellenicdermatlas.com/en
http://www.hellenicdermatlas.com/en
http://www.danderm.dk/atlas
http://www.danderm.dk/atlas
http://www.triage.com
https://modelderm.com
https://modelderm.com


T
ab

le
3
|I
nc

lu
d
ed

st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

b
o
th

d
er
m
o
sc

o
p
ic

an
d
cl
in
ic
al

im
ag

es

A
ut
ho

r
D
at
ab

as
e

D
at
as

et
T
es

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
an

ts
IA

m
o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

IA
IA

p
er
fo
r-

m
an

ce
(%

,9
5%

C
I)

C
lin

ic
ia
ns

’
p
er
-

fo
rm

an
ce

(%
,9

5%
C
I)

A
ug

m
en

te
d

p
er
fo
rm

an
ce

E
st
ev

a
et

al
.5

5
P
ub

lic
:I
S
IC
,

E
d
in
b
ur
gh

D
er
-

m
ofi

tL
ib
ra
ry
,

S
ta
nf
or
d

H
os

p
ita

l,

D
at
as

et
:

12
9,
45

0
Tr
ai
ni
ng

/v
al
id
a-

tio
n:

12
74

63

Te
st
:1

94
2,

37
6
fo
r

co
m
p
ar
is
on

I
R

Y
N

21
d
er
m
at
ol
og

is
ts

G
oo

gl
eN

et
In
ce

p
-

tio
n
v3

M
al
ig
na

nt
vs

b
en

ig
n
vs

no
n-

ne
op

la
st
ic

M
ul
tic

la
ss
:

9-
cl
as

s

C
om

p
ar
ab

le
O
ve

ra
ll
A
cc

72
.1
%

±
0.
9

9-
cl
as

s
cl
as

si
-

fi
ca

tio
n
A
cc

55
.4
%

±
1.
7

A
cc

65
.7
8%

9-
cl
as

s
cl
as

si
fi
-

ca
tio

n
A
cc

54
.1
5%

Ts
ch

an
d
l

et
al
.1

1
In
st
itu

tio
na

l
d
at
ab

es
e
fr
om

C
.R
.,
A
us

tr
al
ia

(tr
ai
ni
ng

an
d

te
st
).

M
ed

ic
al

U
ni
-

ve
rs
ity

of
V
ie
nn

a,
im

ag
e

d
at
ab

as
e
fr
om

C
.R
.,
an

d
a
co

n-
ve

ni
en

ce
sa

m
-

p
le

of
ra
re

d
ia
gn

os
es

(te
st
)

Tr
ai
ni
ng

:7
89

5
d
er
m
os

co
p
y

5,
82

9
cl
os

e-
up

V
al
id
at
io
n:

34
0

d
er
m
os

co
p
y,

63
5
cl
os

e-
up

Te
st
:2

,0
72

m
ul
tip

le
so

ur
ce

s.

I
R

Y
N

95
p
ar
tic

ip
an

ts
:

B
eg

in
ne

r
(<

3
y)
,

in
te
rm

ed
ia
te

(3
-1
0
y)
,

ex
p
er
t(

>
10

y)
.

C
N
N
(c
om

b
in
ed

m
od

el
w
ith

ou
t-

p
ut
s
of

2
C
N
N
s)

In
ce

p
tio

nV
3
ar
ch

i-
te
ct
ur
e3

0
R
es

N
et
50

ne
tw

or
k3

1

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
na

nt

C
om

p
ar
ab

le
S
n
80

.5
%

(7
9.
0–

82
.1
)

S
p
53

.5
%

(5
1.
7-
55

.3
)

S
n
77

.6
%

(7
4.
7-
80

.5
)

S
p
51

.3
%

(4
8.
4-
54

.3
)

m
ea

n
A
U
C
0.
69

5
(0
.6
76

–
0.
71

3)
:

B
eg

in
ne

rs
A
U
C

0.
65

5;
(0
.6
26

–
0.
68

4)
In
te
rm

ed
ia
te

A
U
C

0.
69

0;
(0
.6
57

–
0.
72

2)
E
xp

er
ts

A
U
C
:

0.
74

1
(0
.7
19

–

0.
76

3)

H
ae

ns
sl
e

et
al
.5

7
(I)

P
ub

lic
:I
S
IC

20
16

.
In
st
itu

tio
na

l:
D
ep

ar
tm

en
to

f
D
er
m
at
ol
og

y,
U
ni
ve

rs
ity

of
H
ei
d
el
b
er
g,

G
er
m
an

y

Tr
ai
ni
ng

/v
al
id
a-

tio
n:

no
ts

p
ec

i-
fi
ed

(IS
IC
)

Te
st
:1

00
E

R
N

Y
58

d
er
m
at
ol
og

is
ts
:

-1
7
B
eg

in
ne

r
<
2,

-1
1
S
ki
lle
d
2–

5
y

-3
0
E
xp

er
t>

5
y

G
oo

gl
e’
s
In
ce

p
-

tio
n
v4

C
N
N

ar
ch

ite
ct
ur
e

D
ic
ho

to
m
ou

s:
M
el
an

om
a
vs

ne
vu

s.
M
an

ag
em

en
t

d
ec

is
io
n
(e
xc

i-
si
on

,s
ho

rt
-t
er
m

fo
llo

w
-u
p
,n

o
ac

tio
n)
.

C
N
N
’s

sp
ec

ifi
ci
ty

w
as

hi
gh

er
(8
2.
5%

vs
71

.3
%
,

p
<
0.
01

).
C
N
N
R
O
C
A
U
C

(0
.8
6
vs

0.
79

,p
<
0.
01

).

Le
ve

lI
(d
er
m
o-

sc
op

ic
im

a-
ge

s)
:

S
n
86

.6
%
.

S
p
82

.5
%

Le
ve

lI
I(
d
er
-

m
os

co
p
y
an

d
cl
in
ic
al

in
fo
r-

m
at
io
n)

S
n
88

.9
%

S
p
82

.5
%

Le
ve

lI
A
ll:
S
n
86

.6
%

(±
9.
3%

);
S
p
71

.3
%

(±
11

.2
)

R
O
C
0.
79

E
xp

er
t:
S
n

89
.0
%
,S

p
74

.5
%

S
ki
lle
d
:S

n
85

.9
%
,S

p
68

.5
%

B
eg

in
ne

r:
S
n

82
.9
%
,S

p
67

.6
%

le
ve

l-
II

A
ll:
S
n
88

.9
%

(±
9.
6%

)
S
p
75

.7
%

(±
11

.7
,p

<
0.
05

)
R
O
C
0.
82

E
xp

er
t:
S
n

89
.5
%
,S

p
77

.7
%

S
ki
lle
d
:S

n
90

.0
%
,S

p
77

.2
%

B
eg

in
ne

r:
S
n

86
.6
%
,S

p
71

.2
%

B
rin

ke
r

et
al
.5

8
P
ub

lic
IS
IC

20
17

,
H
A
M
10

00
,

M
E
D
-N

O
D
E

d
at
ab

as
e
(tr
ai
n-

in
g)

In
st
itu

tio
na

l
(c
lin
ic
al

im
a-

ge
s,

te
st
)

D
at
as

et
:2

0,
73

5
Tr
ai
ni
ng

/v
al
id
a-

tio
n:

12
,3
78

/
1,
35

9
d
er
m
o-

sc
op

ic
im

ag
es

Te
st
:1

00
cl
in
-

ic
al

im
ag

es
E

R
B

N
14

5
d
er
m
at
ol
og

is
t

-8
8
Ju

ni
or

p
hy

si
-

ci
an

s
-1
6
A
tt
en

d
in
gs

-3
5
S
en

io
r
p
hy

si
-

ci
an

s
-3

C
hi
ef

p
hy

si
ci
an

s

R
es

N
et
50

D
ic
ho

to
m
ou

s
C
om

p
ar
ab

le
S
n
89

.4
%

(5
5-

10
0)

S
p
68

.2
%

(4
7.
5-
86

.2
5)

A
ll
p
ar
tic

ip
an

ts
S
n
89

.4
%

(5
5-
10

0)
S
p
64

.4
%

(2
2.
5–

92
.5
)

Ju
ni
or

S
n
88

.9
%

S
p

64
.7
%

R
O
C

0.
76

8
A
tt
en

d
in
gs

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 12



T
ab

le
3
(c
o
nt
in
ue

d
)|

In
cl
ud

ed
st
ud

ie
s
g
en

er
al

ch
ar
ac

te
ri
st
ic
s,

d
at
as

et
us

ed
,a

nd
p
er
fo
rm

an
ce

ev
al
ua

ti
ng

b
o
th

d
er
m
o
sc

o
p
ic

an
d
cl
in
ic
al

im
ag

es

A
ut
ho

r
D
at
ab

as
e

D
at
as

et
T
es

t
I/
E

D
es

ig
n

H
P

C
D

P
ar
ti
ci
p
an

ts
IA

m
o
d
el

C
la
ss

ifi
ca

ti
o
n

C
lin

ic
ia
ns

’
vs

IA
IA

p
er
fo
r-

m
an

ce
(%

,9
5%

C
I)

C
lin

ic
ia
ns

’
p
er
-

fo
rm

an
ce

(%
,9

5%
C
I)

A
ug

m
en

te
d

p
er
fo
rm

an
ce

S
n
92

.8
%
,

S
p
57

.7
%
,

R
O
C
0.
75

3
S
en

io
r

S
n
89

.1
%
,

S
p
66

.3
%
,

R
O
C
0.
77

7
C
hi
ef

S
n
91

,7
0%

,
S
p
58

.8
%
,

R
O
C
0.
75

3

Li
et

al
.5

9
Tr
ai
ni
ng

:C
hi
-

ne
se

S
ki
n
Im

ag
e

D
at
ab

as
e

(C
S
ID
),
Y
ou

zh
i

A
Is

of
tw

ar
e.

Te
st
:I
ns

tit
u-

tio
na

lC
hi
na

-
Ja

p
an

Fr
ie
nd

-
sh

ip
H
os

p
ita

l.

D
at
as

et
:1

,4
38

p
at
ie
nt
s

Tr
ai
ni
ng

:>
20

0,
00

0
d
er
m
o-

sc
op

ic
im

ag
es

Te
st
:2

12
cl
in
-

ic
al
,1

06
d
er
m
os

co
p
ic

E
R

Y
N

11
p
ar
tic

ip
an

ts
:

-
4
p
rim

ar
y
le
ve

l
-
4
in
te
rm

ed
ia
te

-
3
d
er
m
os

co
p
y

ex
p
er
ts
.

Y
ou

zh
iA

Is
of
tw

ar
e

(s
ys
te
m

ve
rs
io
n

2.
2.
5)
.G

oo
gL

eN
et

In
ce

p
tio

n
v4

co
n-

vo
lu
tio

na
ln

eu
ra
l

ne
tw

or
k

ar
ch

ite
ct
ur
e

D
ic
ho

to
m
ou

s:
b
en

ig
n
vs

m
al
ig
na

nt

C
om

p
ar
ab

le
S
n
74

.8
4%

±
0.
01

49
S
p
92

.9
6%

±
0.
00

52
A
cc

85
.8
5%

C
lin
ic
al

im
a-

ge
s:

S
n
71

.1
%

±
0.
01

69
S
p
90

.6
%

±
0.
01

07
A
cc

83
.0
2%

D
er
m
os

co
p
ic

im
ag

es
:

S
n
78

.6
4%

±
0.
02

73
S
p
95

.3
2%

±
0.
01

07
A
cc

88
.6
8%

A
U
C
:0

.6
3

(0
.5
5–

0.
71

)
A
cc

ur
ac

y
D
M
at
-

ch
ed

cl
in
ic
al

an
d

d
er
m
os

co
p
y

86
.0
2%

A
cc

ur
ac

y
D
R
an

-
d
om

83
.3
2%

C
lin
ic
al

im
ag

es
:

A
cc

79
.5
%

±
0.
07

53
D
er
m
os

co
p
ic

im
ag

es
:

A
cc

89
.6
2%

H
ae

ns
sl
e

et
al
.2

1
M
ol
ea

na
ly
ze

r
P
ro
®

(T
ra
in
in
g)

P
ub

lic
M
S
K
-1

d
at
as

et
,

IS
IC
-2
01

8
(te

st
se

to
nl
y
fo
r

al
go

rit
hm

)
In
st
itu

tio
na

l
(te

st
)

Tr
ai
ni
ng

:M
S
K
-1

(1
,1
00

im
ag

es
);

IS
IC
-2
01

8
(1
51

1
im

ag
es

).

Te
st
:1

00
co

nv
en

ie
nc

e
sa

m
p
le

co
l-

le
ct
ed

b
et
w
ee

n
20

14
an

d
20

19
M
S
K
-1

d
at
a-

se
t

(1
10

0)
an

d
IS
IC
-2
01

8
d
at
as

et
(1
51

1)
on

ly
fo
ra

lg
o-

rit
hm

te
st
.

E
R

B
Y

96
d
er
m
at
ol
og

is
ts
:

-1
7
b
eg

in
ne

rs
,

<
2
y

-2
9
sk

ill
ed

2–
5
y

-4
0
ex

p
er
ts

>
5
y

M
ol
ea

na
ly
ze

r
P
ro

(F
ot
o-
Fi
nd

er
S
ys
-

te
m
s
G
m
b
H
,B

ad
B
irn

b
ac

h,
G
er
-

m
an

y)
C
N
N
ar
ch

ite
ct
ur
e

b
as

ed
on

G
oo

gl
e’
s

In
ce

p
tio

n_
v4

,1
5

D
ic
ho

to
m
ou

s:
m
al
ig
na

nt
/p
re
-

m
al
ig
na

nt
vs

b
en

ig
n.

M
an

ag
em

en
t

d
ec

is
io
n
(tr
ea

t-
m
en

t/
ex

ci
si
on

,
no

ac
tio

n,
fo
l-

lo
w
-u
p
)

C
N
N
an

d
m
os

t
d
er
m
at
ol
og

is
ts

co
m
p
ar
ab

le
p
er
fo
rm

an
ce

.

S
n
95

%
(8
3.
5%

–
98

.6
).

S
p
76

.7
%

(6
4.
6%

–
85

.6
)

Le
ve

lI
d
er
m
o-

sc
op

y:
S
n
83

.8
%
;

S
p
77

.6
%

A
cc

:
B
eg

in
ne

rs
79

.9
%

(7
7.
7%

–
82

.1
%
)

S
ki
lle
d
83

.3
%

(8
0.
1%

–
85

.6
%
)

E
xp

er
ts

86
.9
%

(8
5.
5%

–
88

.3
%
).

Le
ve

lI
Id

er
m
o-

sc
op

y
+

cl
os

e-
up

+
in
f:

S
n
90

.6
%
;

S
n
82

.4
%

A
cc

:
B
eg

in
ne

rs
:8
2.
0%

(7
9.
3%

–
84

.7
%
)

S
ki
lle
d
:8

5.
4%

(8
3.
0%

–
87

.8
%
)

E
xp

er
ts
:8

8.
5%

(8
7.
0%

–
90

.0
%
)

https://doi.org/10.1038/s41746-024-01103-x Review article

npj Digital Medicine | (2024)7:125 13



Dichotomous classification (‘benign’ vs ‘malignant’)
Six studies42–46 developed an AI algorithm with dichotomous outcomes,
obtaining a performance comparable or superior to clinicians in 5 of
them42–45. One study showed a better performance for clinicians46.

Multiclass and combined classification
Five studies47–51 incorporated AI algorithms with multiclass classification.
Zhao et al.48 and Pangti et al.49 obtained superior performance of AI algo-
rithms, while Chang et al.47, showed comparable performance between AI
and specialists. In one study, clinicians outperformed AI algorithm50.

Three studies52–54 with clinical images used both dichotomous and
multiclass algorithms. Han et al.53 observed an improvement in diagnostic
Sn and Sp with the assistance of the AI algorithm for both classifications,
being statistically significant for less experienced clinicians.

Diagnostic performance of artificial intelligence algorithms ver-
sus clinicians, from both clinical and dermoscopic images
Eight studies included clinical and dermoscopic images as part of their
analysis21,55–61. Overall, 75% (n = 6) resulted in comparable performance,
and 25% (n = 2) showed better performance for AI algorithms in com-
parison to clinicians. Only 1 study obtained statistical significance57.

Dichotomous classification
Six studies applied dichotomous classification; Haenssle et al.57 being the
only study obtaining a better performance for the AI algorithm over clin-
iciansdespite the incorporationofmetadata. Five remaining studies showed
a comparable performance between AI and clinicians.

Multiclass and combined classification
Huang et al.61 classified into 6 categories, with AI being superior to spe-
cialists in average accuracy. Finally, Esteva et al.55 used two multiclass
classifications, showing comparable performance betweenAI and clinicians
in both.

Meta-analysis
A total of 19 studies were included in the meta-analysis. Table 4 shows the
summary estimates calculated to compare performance between AI and
clinicians with different levels of experience.

Only 1 prospective studymet the inclusion criteria andwas included in
the meta-analysis.

AI vs overall clinicians’meta-analysis
When analyzing the whole group of clinicians, not accounting for expertise
level, AI obtained a Sn 87.0% (95% CI 81.7–90.9%) and Sp 77.1% (95% CI
69.8–83.0%), andoverall cliniciansobtainedaSn79.8%(95%CI73.2–85.1%)
and Sp 73.6% (95% CI 66.5–79.6%), with a statistically significant difference
for both Sn and Sp, according to the likelihood ratio test (p < 0.001 for both
Sn and Sp). The Forest plot is available in Fig. 3a, b. The ROC curve shapes
confirmed the prior differences (Fig. 4). Supplementary Fig. 1a, b shows the
sub analysis adjusted for retrospective vs prospective design.

AI vs generalists clinicians’meta-analysis
When analyzing the AI performance vs generalists, AI obtained a Sn 92.5%
(95%CI 88.9–94.9%) and Sp 66.5% (95%CI 56.7–75.0%), and generalists a
Sn 64.6% (95% CI 47.1–78.9%) and Sp 72.8% (95% CI 56.7–84.5%), the
difference being statistically significant for both Sn and Sp, according to the
likelihood ratio tests (p < 0.001 for both). The ROC curve shapes confirmed
the prior differences, with higher heterogeneity and wider confidence
interval for generalists (Fig. 5). Subgroup analysis comparing internal vs
external test set was not possible given all included studies were performed
using internal test set in this subgroup (Fig. 6a, b).

AI vs non-expert dermatologists’meta-analysis
AI obtained a Sn 85.4% (95% CI 78.9–90.2%) and Sp 78.5% (95% CI
70.6–84.8%), while non-expert dermatologists obtained Sn 76.4% (95% CIT
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71.1–80.9%) and Sp 67.1% (95% CI 57.2–75.6%), with a statistically sig-
nificant difference, both in Sn and Sp (p < 0.001 for both). The ROC curve
shapes confirmed these results (Fig. 7). The Forest plot is available in Fig.
8a, b. In the internal vs external test set subgroup analysis (Fig. 8a, b), AI
achieved better Sn in the external test set, while greater Sp with an internal
test set. For non-expert dermatologists, no changes in Sn were observed;
however, they achieved better Sp in the external test set. In the prospective
vs. retrospective subgroup analysis (Supplementary Fig. 2), only 1 pro-
spective study met the inclusion criteria and was included in the meta-
analysis. A trend towards better Sn in retrospective versus prospective
studies was observed.

AI vs expert dermatologists’meta-analysis
AI obtained a Sn 86.3% (95% CI 80.4–90.7%) and Sp 78.4% (95% CI
71.1–84.3%), and expert dermatologists a Sn 84.2% (95% CI 76.2–89.8%)
and Sp 74.4% (95% CI 65.3–81.8%), this difference was statistically sig-
nificant for both Sn and Sp, according to the likelihood ratio test (p < 0.001
for both). The ROC curve shapes were comparable for both AI and expert
dermatologists, with narrow confidence intervals (Fig. 9). The subgroup
analysis by internal vs external test set showed that AI had better Sn in
external test set while Sp was better for internal test set. For expert der-
matologists there was no difference in Sn; Sp was better in external test set

(Fig. 10a, b). The subgroup analysis regarding study design, retrospective vs.
prospective (Supplementary Fig. 3), found only one study.

Discussion
In the present study, we found an overall Sn and Sp of 87% and 77% for AI
algorithms and an overall Sn of 79% and Sp of 73% for all clinicians (‘overall
clinicians’) when performing a meta-analysis of the included studies. Dif-
ferences between AI and all clinicians were statistically significant. Perfor-
mance between AI algorithms vs specialists was comparable between both
groups. The difference between AI performance (Sn 92%, Sp 66%) and the
generalists subgroup (Sn 64%, Sp 72%) was more marked when compared
to the difference between AI and expert dermatologists. In studies that
evaluated AI-assistance (‘augmented intelligence’), overall diagnostic per-
formance of clinicians was found to improve significantly when using AI
algorithms62–64. This improvement was more important for those clinicians
with less experience. This is in line with thismeta-analysis’ results where the
difference was greater for generalist than for expert dermatologists and
opens an opportunity for AI assistance in the group of less-experienced
clinicians. To the best of our knowledge, this is the first systematic review
and meta-analysis on the diagnostic accuracy of health-care professionals
versus AI algorithms using dermoscopic or clinical images of cutaneous
neoplasms. The inclusion of a meta-analysis is key to better understanding,

Fig. 2 | QUADAS-2 results of the assessment of risk of bias in the included
studies.QUADAS-2 tool was used to assess the risk of bias in the included studies in
terms of 4 domains (participants, index test, reference standard, and analysis). Low
risk (cyan) refers to the number of studies that have a low risk of bias in the respective

domain. Unclear (gray) refers to the number of studies that have an unclear risk of
bias in the respective domain due to lack of information reported by the study. High
risk (purple) refers to the number of studies that have a high risk of bias in the
respective domain. a. Risk of Bias Assessment b. Applicability Concerns.

Table 4 | Meta-analysis results, summary estimates of sensitivity, specificity, and likelihood ratio according to subgroups

Measure Sensitivity Specificity LR + LR -

Overall clinicians (n = 19 studies) Summary estimate AI 87.0% (95% CI
81.7–90.9%)

77.1% (95% CI
69.8–83.0%)

3.79 (95% CI
2.89–4.97)

0.17 (95% CI
0.12–0.23)

Summary estimate overall
clinicians

79.8% (95% CI
73.2–85.1%)

73.6% (95% CI
66.5–79.6%)

3.02 (95% CI
2.33 – 3.91)

0.27 (95% CI
0.20–0.37)

Generalists (n = 5 studies) Summary estimate AI 92.5% (95% CI
88.9–94.9%)

66.5% (95% CI
56.7–75.0%)

2.76 (95% CI
2.10-3.61)

0.11 (95% CI
0.07-0.16)

Generalist 64.6% (95% CI
47.1–78.9%)

72.8% (95% CI
56.7–84.5%)

2.37 (95% CI
1.63-3.46)

0.48 (95% CI
0.34–0.69)

Non-expert dermatologist (n = 14
studies)

Summary estimate AI 85.4% (95% CI
78.9–90.2%)

78.5% (95% CI
70.6–84.8%)

3.98 (95% CI
2.89–5.49)

0.18 (95% CI
0.13–0.27)

Non-experts 76.4% (95% CI
71.1–80.9%)

67.1% (95% CI
57.2–75.6%)

2.32 (95% CI
1.71–3.14)

0.35 (95% CI
0.27-0.46)

Expert dermatologist (n = 16
studies)

Summary estimate AI 86.3% (95% CI
80.4–90.7%)

78.4% (95% CI
71.1–84.3%)

3.99 (95% CI
2.97-5.37)

0.17 (95% CI
0.12–0.25)

Experts 84.2% (95% CI
76.2–89.8%)

74.4% (95% CI
65.3–81.8%)

3.29 (95% CI
2.31-4.67)

0.21 (95% CI
0.13–0.34)

Abbreviations: LR+ = positive likelihood ratio; LR−= negative likelihood ratio.
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quantitatively, the current state-of-the-art of AI algorithms for the auto-
mated diagnosis of skin cancer.

In general, the included studies presented diverse methodologies
and significant heterogeneity regarding the type of images included,
the different classifications, the characteristics of the participants, and
the methodology for presenting the results. This is important to
consider when analyzing and attempting to generalize and meta-
analyze the obtained findings and should be taken into consideration
when interpreting this study results. Research in AI and its potential
applications in clinical practice have increased exponentially during
the last few years in different areas of medicine, not only in
dermatology65. Other systematic reviews have also reported that, in

experimental settings, most algorithms are able to achieve at least
comparable results when compared with clinicians; however, they
also describe similar limitations as those described here66–69. Only a
few studies have evaluated the role of AI algorithms in real clinical
scenarios in dermatology. Our study confirms that only 5.7% of
studies were prospective and only one of the prospective studies was
suitable for meta-analysis62,63. This contrasts with recent data in other
medical areas showing an increase in the clinical use of AI70 and
highlights the relevance of understanding the role of AI in skin
cancer and dermatology. However, prospective studies pose a real
challenge for AI algorithms to become part of daily clinical practice
as they face specific tests such as ‘out-of-distribution’ images or cases.

Fig. 3 | Forest plot detailing the sensitivity and specificity for all groups of
clinicians (‘overall’) and artificial intelligence algorithms from each study
included in the meta-analysis according to type of test set (external vs internal).

a Sensitivity for artificial intelligence (left) and all clinicians (‘overall’) (right).
b Specificity for artificial intelligence (left) and all clinicians (‘overall’) (right).
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Based on this systematic review and meta-analysis results, several
challenges have been evidenced when applying AI in clinical practice. First,
databases are essential when training an AI algorithm. Small databases,
inclusion of only specific populations, or limited variation in skin photo-
types, limits the extrapolation of results71–73. The lack and under-
representationof certain ethnic groups and skin types in currentdatasets has
beenmentioned as a potential source of perpetuation healthcare disparity73.
Based on the results of our systematic review, we can confirm that most

algorithms have been trained using the same datasets over and over in at
least half of the studies. This translates into lack of representation of specific
groups. The diversity of techniques and camera types (e.g. professional vs
smartphones) used to capture images and their quality, possible artifacts
such as pencil marks, rulers or other objects, are variables that must also be
considered when evaluating the performance of AI algorithms71,72,74. A
second limitation is the lack of inclusionofmetadata in theAI algorithms. In
the real world, we manage additional layers of information from patients,

Fig. 4 | Hierarchical ROC curves of studies for comparing performance between artificial intelligence algorithms (left) and all group of clinicians (right).ROC receiver
operating characteristic. Each circle size represents the individual study sample size (circle size is inversely related to study variance).

Fig. 5 | Hierarchical ROC curves of studies for comparing performance between artificial intelligence algorithms (left) and generalists (right). ROC receiver operating
characteristic. Each circle size represents the individual study sample size (circle size is inversely related to study variance).
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Fig. 6 | Forest plots of studies showing artificial intelligence vs generalists sensitivity and specificity. a Sensitivity for artificial intelligence (left) and for generalists (right).
b Specificity for artificial intelligence (left) and for generalists (right).

Fig. 7 | Hierarchical ROC curves of studies for comparing performance between artificial intelligence algorithms (left) and non-expert dermatologists (right). ROC
receiver operating characteristic. Each circle size represents the individual study sample size (circle size is inversely related to study variance).
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including demographic data, personal and family history, habits, evolution
of the disease, and a complete physical examination, including palpation,
side illumination, and not only 2-D visual examination. These elements are
important to render a correct differential diagnosis and to guide clinical
decision-making, and so far, very few AI models incorporate them.
Therefore, real-world diagnosis is different from static 2-D image evalua-
tions. Regarding the design of human evaluation in experimental and ret-
rospective studies, in most cases it aims to determine whether a lesion is
benign or malignant, or to provide a specific diagnosis. This differs from
clinical practice in a real-life setting, in which decisions are generally
behavioral, whether following up, taking a biopsy or removing a lesion,
beyond exclusively providing a specific diagnosis based on the clinical
evaluation. The scarce available prospective studies that account for this
real-world clinical evaluation makes generalization of these positive results
of AI mainly based on retrospective studies restricted. In addition, the
management of patient information and privacy, and legal aspects of reg-
ulation regarding the application of AI-based software in clinical practice,
also represents an emerging challenge75.

The current evidence gathered from this article supports collaboration
between AI and clinicians (‘augmented intelligence’), especially for non-
expert physicians. In the future,AI algorithmsare likely tobecomea relevant
tool to improve the evaluation of skin lesions by generalists in primary care
centers, or clinicianswith less access to specialists63. AI algorithms could also
allow for prioritization of referral or triage, improving early diagnosis.
Currently, there are undergoing studies evaluating the application of AI
algorithms in real clinical settings, which will demonstrate the applicability
of these results in clinical practice. The first prospective randomized con-
trolled trial by Han et al.62, showed that when a group of clinicians used AI
assistance, the diagnosis accuracy improved. This improvement was better
for generalists. The results of this recent randomized clinical trial partially
confirm the potentially positive role of AI in dermatology. These results also
confirm that the benefit is more pronounced for generalists, aligning with
the findings of the present meta-analysis.

With the aim of reducing the current barriers, we propose to
generate and apply guidelines with standardization of the metho-
dology for AI studies. One proposal is the Checklist for Evaluation of

Fig. 8 | Forest plots of studies showing artificial intelligence vs non-expert dermatologists sensitivity and specificity according to type of test set (external vs internal).
a Sensitivity for artificial intelligence (left) and for non-expert dermatologists (right). b Specificity for artificial intelligence (left) and for non-expert dermatologists (right).
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Fig. 9 | Hierarchical ROC curves of studies for
comparing performance between artificial intel-
ligence algorithms (left) and expert dermatolo-
gists (right).ROC receiver operating characteristic.
Each circle size represents the individual study
sample size (circle size is inversely related to study
variance).

Fig. 10 | Forest plots of studies showing artificial intelligence vs expert dermatologists sensitivity and specificity according to type of test set (external vs internal).
a Sensitivity for artificial intelligence (left) and expert dermatologists (right). b Sensitivity for artificial intelligence (left) and for expert dermatologists (right).
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Image-Based Artificial Intelligence Reports in Dermatology, pub-
lished by Daneshjou et al.76. These guidelines should include the
complete workflow and start from the moment images are captured
to protocols on databases, experience of participants, statistical data,
definition on how to measure accuracy, among many others. This
will allow us to compare different studies and generate better quality
evidence. For example, Esteva et al.52. defined ‘overall accuracy’ as the
average of individual inference class accuracies, which might differ
from others. In addition, it is mandatory to collaborate with inter-
national collaborative databases (e.g. ISIC, available at www.isic-
archive.com) to provide accessible public benchmarks and ensure
repeatability and the inclusion of a diverse group of skin types and
ethnicities to avoid for underrepresentation of certain groups. These
strategies would make current datasets more diverse and
generalizable.

The main strengths of the present study were the extensive and
systematic search in 3 databases, encompassing studies from early AI
days up to the most recently published studies, the strict criteria
applied for the evaluation of studies and extraction of data, following
the available guidelines for systematic reviews, and the performance
of a meta-analysis, that allows for quantitatively assess the current
AI data.

Limitations include the possibility of not having incorporated articles
available in databases other than the ones included, or in other languages,
thus constituting selection bias. Also, AI is a rapidly evolving field, and new
relevant articlesmight have emergedwhile analyzing the data. To the best of
our knowledge, no landmark studies were published in the meantime.
Publication bias cannot be ruled out, since it ismore likely that those articles
with statistically significant results were to be published. Also, as shown in
our results, more than half of the studies (64.1%) utilized the same public
databases (e.g. ISIC and HAM10000), generating a possible overlap of the
images in the training and testing group. Furthermore,most studies used the
same dataset for training and testing the algorithm (73.6% used an internal
test set) which might further bias the results. As observed in the subgroup
analysis of the present study, there were differences in estimated Sn and Sp
for bothAI and clinicians depending onwhether an internal vs. external test
set was used. However, these were post-hoc analysis and should be inter-
preted with caution. External test set is key for proper evaluation of AI
algorithms6 to ‘validate’ that the algorithmwill retain its performancewhen
presented with data from other datasets. Limited details regarding humans’
assessment by readers were available and could also affect the results. We
also groupedall skin cancers as one group for analysis, variations in accuracy
exists for different skin cancers (e.g. melanoma vs basal cell carcinoma vs
squamous cell carcinoma) for humans and for AI algorithms. The appli-
cation of QUADAS-2 shows a potential information bias, as it is an
operator-dependent tool which generates subjectivity and qualitative
results. Regarding the meta-analysis, we faced twomain limitations. Firstly,
the heterogeneity between studiesmakes it difficult to interpret or generalize
the results obtained. Secondly, due to the lack of necessary data, the number
of studies included in themeta-analysis was reducedwhen compared to the
studies included in the systematic review. Finally, there was a minimal
number of prospective studies included in the systematic review and only
one was subjected to the meta-analysis and therefore, those results must be
interpreted with caution. Nevertheless, in this post-hoc analysis prospective
studies showedworse performance of AI algorithms compared to clinicians
confirming the relevance of the complete physical examination and other
clinical variables such as history, palpation, etc. This also shows a lack of
real-world data published given most studies were retrospective reader
studies.

Conclusion
This systematic review and meta-analysis demonstrated that the diagnostic
performance of AI algorithms was better than generalists, non-expert der-
matologists, and despite being statistically significant, AI algorithms were
comparable to expert dermatologists in the clinical practice as the

differences were minimal. Asmost studies were performed in experimental
settings, future studies should focus on prospective, real-world settings, and
towards AI-assistance. Our study suggests that it is time tomove forward to
real-world studies and randomized clinical trials to accelerate progress for
the benefit of our patients. Theonly randomized study available has showna
better diagnosis accuracy when using AI algorithms as ‘augmented
intelligence’62.We envision a fruitful collaboration between AI and humans
leveraging the strengths of both to enhance diagnostic capabilities and
patient care.
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