
From the First D

Thessalonikia;

of Viennab; S

University, The

Diagnostica, A

e Cura a Carat

Dermatology,

enae; and De

Vanvitelli, Nap

Funding sources:

Conflicts of intere
The dermoscopic inverse approach
significantly improves the accuracy of

human readers for lentigo
maligna diagnosis
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Background: A recently introduced dermoscopic method for the diagnosis of early lentigo maligna (LM) is
based on the absence of prevalent patterns of pigmented actinic keratosis and solar lentigo/flat seborrheic
keratosis. We term this the inverse approach.
Objective: To determine whether training on the inverse approach increases the diagnostic accuracy of
readers compared to classic pattern analysis.
Methods: We used clinical and dermoscopic images of histopathologically diagnosed LMs, pigmented
actinic keratoses, and solar lentigo/flat seborrheic keratoses. Participants in a dermoscopy masterclass
classified the lesions at baseline and after training on pattern analysis and the inverse approach. We
compared their diagnostic performance among the 3 timepoints and to that of a trained convolutional
neural network.
Results: The mean sensitivity for LM without training was 51.5%; after training on pattern analysis, it
increased to 56.7%; and after learning the inverse approach, it increased to 83.6%. The mean proportions of
correct answers at the 3 timepoints were 62.1%, 65.5, and 78.5%. The percentages of readers outperforming
the convolutional neural network were 6.4%, 15.4%, and 53.9%, respectively.
Limitations: The experimental setting and the inclusion of histopathologically diagnosed lesions only.
Conclusions: The inverse approach, added to the classic pattern analysis, significantly improves the
sensitivity of human readers for early LM diagnosis. ( J Am Acad Dermatol 2021;84:381-9.)

Key words: artificial intelligence; dermatoscopy; dermoscopy; diagnosis; inverse approach; maligna;
melanoma; pigmented actinic keratosis; solar lentigo.
L
entigo maligna (LM) is difficult to recognize
because it shares similar epidemiologic, path-
ogenetic, and morphologic characteristics

with pigmented actinic keratosis (PAK) and solar
lentigo/flat seborrheic keratosis (SL/SK).1-4
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Dermoscopy allows the recognition of mela-
nomas lacking macroscopic criteria.5 However,
discriminating early LM from PAK and SL/SK remains
challenging even dermoscopically, although the
dermoscopic morphology of LM has been exten-
sively investigated.3,4,6-8 The initial dermoscopic
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features of LM appear on the outline of the follicular
openings: they are gray and include dots, short lines,
semicircles, and circles.3,6,9-11 These features are very
subtle, only focally present, and, thus, difficult to
recognize. Additionally, similar structures typify PAK
and SL/SK, especially when regression occurs
(lichen planuselike keratosis).3,12-14 This was
CAPSULE SUMMARY

d The inverse approach dermoscopic
method for the diagnosis of early lentigo
maligna (LM) uses the absence of
prevalent patterns of pigmented actinic
keratosis and solar lentigo/flat seborrheic
keratosis.

d Training in this method improved
sensitivity for the diagnosis of LM from
51.5% to 83.6%, making it a useful tool.
highlighted in studies report-
ing that dermoscopic fea-
tures with high sensitivity
for LM had low
specificity.4,8,15-17

To address this problem,
we introduced a newmethod
suggesting that the diagnosis
of early LM should not be
based on the presence of
LM-specific features but on
the absence of prevalent
nonmelanoma patterns. We
now term this method the
inverse approach. The sensi-

tivity of the method in the initial study was 88.5, and
the specificity was 66.9%.18 The method is based on
the notion that PAK and SL/SK can be dermoscopi-
cally diagnosed by the detection of at least 1 of the
features shown in Table I, provided that the feature is
predominant, meaning that it occupies more than
half of the lesion’s surface. If these features are
absent or present only in small areas, then this is
enough to consider the lesion as suspicious for LM,
even if none of the features known to typify LM can
be seen (see Supplementary Material available via
Mendeley at https://data.mendeley.com/datasets/
htdcngcvr9/1#file-6a1ee9d5-3248-4198-8408-a2d2527
dee9b).

The primary aim of the present study was to
investigate whether the inverse approach increases
the diagnostic accuracy of human readers as
compared to the classic pattern analysis. In addition
to the classic accuracy measures, we also used a
convolutional neural network (CNN) as an objective
reference with reasonable accuracy.
METHODS
This diagnostic study was held during a 3-day

dermoscopy masterclass, using a data set of facial
pigmented macules, histopathologically diagnosed
as LM, PAK, or SL/SK. The participants were asked to
classify the lesions at 3 different timepoints, using a
voting system with manual devices. One screen was
placed in front of every 3 participants, and a video
wall projection was visible to all of them. The study
was conducted by using appropriately anonymized
data sets and, therefore, ethics committee approval
was waived.

Participants
All 78 participants of the masterclass were invited

and agreed to participate in the study. Of them, there
were 45 board-certified dermatologists, 30 residents
in dermatology, 2 general
practitioners, and 1 nurse.
Before the masterclass, they
evaluated clinical and der-
moscopic images of 66
randomly selected skin tu-
mors (not facial), which
included all common diag-
noses (nevus, seborrheic
keratosis, angioma, dermato-
fibroma, melanoma, and
basal and squamous cell car-
cinoma). Based on the num-
ber of correct answers,
participants were classified
in 3 groups (higher, intermediate, and lower skills
in dermoscopic diagnosis) by a simple split into
thirds. We selected this method to assess the baseline
skills of participants because we consider it more
objective than the commonly used method of asking
how many years of experience each participant
reports having.

Test set
A sample size calculation was conducted to

validate the number of lesions to include in the test
set. The number of readers was fixed at 78, and with
an aim of increasing sensitivity by 30%, with an alpha
level at 0.05 and power of 80%, a number of 56
lesions was calculated as adequate. The database of
the Department of Dermatology at the University of
Campania was screened for eligible cases. Facial
pigmented macules with a definite histopathologic
diagnosis of LM, SL/SK, or PAK were eligible. The
search identified 407 eligible lesions, excised or
biopsied between July 2009 and July 2018, including
162 LMs, 169 SL/SKs, and 76 PAKs. Of them, 60
lesions were selected with the use of random
numbers. The final test set consisted of clinical and
dermoscopic images of 23 LMs, 26 SL/SKs, and 11
PAKs. All images were captured with a camera with
a dermoscopic lens (polarized light at 10-fold
magnification).

Procedures
Participants evaluated the 60 images at 3

timepoints. The first evaluation was performed
on day 1, before teaching activities. On day 2, the

https://data.mendeley.com/datasets/htdcngcvr9/1#file-6a1ee9d5-3248-4198-8408-a2d2527dee9b
https://data.mendeley.com/datasets/htdcngcvr9/1#file-6a1ee9d5-3248-4198-8408-a2d2527dee9b
https://data.mendeley.com/datasets/htdcngcvr9/1#file-6a1ee9d5-3248-4198-8408-a2d2527dee9b


Table I. The dermoscopic inverse approach for
diagnosis of lentigo maligna*

Nonmelanoma feature Suggested diagnosis

Scales Actinic keratosis
White and wide
follicular openings

Actinic keratosis

Erythema Actinic keratosis
Reticular or parallel
brown lines

Solar lentigo/seborrheic
keratosis

Sharply demarcated border Solar lentigo/seborrheic
keratosis

Milia-like cysts/
comedo-like openings

Solar lentigo/seborrheic
keratosis

*The presence of 1 (or more) of these structures as a predominant

feature in the lesion is highly suggestive of actinic keratosis or

seborrheic keratosis, as shown. If none of these criteria can be

seen as a predominant feature, then the lesion is assessed as

suspicious for lentigo maligna.

Abbreviations used:

AI: artificial intelligence
CNN: convolutional neural network
LM: lentigo maligna
PAK: pigmented actinic keratosis
SL/SK: solar lentigo/flat seborrheic keratosis
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participants attended a 45-minutes lecture on
dermoscopy of LMs, PAKs, and SL/SKs, based on
pattern analysis and including an analytic
description of global patterns and local features
with several examples. At the end of day 2,
approximately 30 hours after the first evaluation,
the second evaluation was performed. On day 3,
participants attended a 30-minute lecture describing
the inverse approach, with numerous examples. At
the end of day 3, approximately 30 hours after
the second evaluation, the third evaluation was
performed. The sequence of the 60 images in the 3
evaluations was randomly altered. The readers were
informed about the correct answers only after the last
evaluation, and none of the images of the test set
were included in the training lectures.
Outcomes and measures
The primary outcome was the sensitivity and

specificity for LM without training and after training
on pattern analysis and on the inverse approach.
Secondary outcomes were the number of correct
answers at the 3 timepoints, the sensitivity and
specificity for PAK and SL/SK, and the comparison
of the performance of participants to that of a
previously trained CNN.
CNN
To estimate readers’ accuracy to an objective

reference, we compared it to automated image
analysis via a reasonably accurate single CNN.
Using the pytorch framework,19 we fine-tuned an
ImageNet20-pretrained ResNet3421 architecture for
dermoscopic classification of 7 pigmented skin
tumors on the publicly available HAM10000
data set.22,23 The resulting CNN takes a single
dermoscopic image as an input, produces a
probability value (range, 0-1) for every diagnosis,
and the one with the highest value is used as the final
prediction. We measured a mean recall value of
77.7% for the resulting trained CNN on the official
International Skin Imaging Collaboration-2018 test
set, with more correct answers than the average
human rater of a recent study.24 Because participants
in this study were given 3 possible answers, proba-
bilities for all other classes were set to 0 before the
softmax layer during inference. The class with the
highest probability value was taken as the final CNN
prediction.
Statistical analysis
A descriptive analysis was performed to calculate

the sensitivity and specificity of each reader, the most
voted answer, and the correct answers per day. The
mean sensitivity and specificity were calculated with
95% confidence intervals. The McNemar test was
used to compare the correct answers among
evaluations. Considering sensitivity as a continuous
variable, we used paired t tests to compare the
sensitivity per day and per group in the subgroup
analysis. Finally, we conducted scatterplots for
sensitivity, specificity, and correct answers per day.
All statistical tests were 2 sided, and the level of
significance was a P value of less than .05. The
analysis was made with SPSS Statistics, version 25.0
(IBM, Armonk, NY) and GraphPad Prism, version
8.0.0, (GraphPad Software, San Diego, CA).
RESULTS
The male-to-female ratio of the 78 participants

was 1:3.4, and the mean age was 41.1 years, ranging
from 24 to 74 years. The main results are shown in
Table II.
Diagnostic accuracy of readers for LM
The mean sensitivity of readers for LM diagnosis

without training was 51.5%. After training on pattern
analysis, the mean sensitivity increased to 56.7%.
After learning the inverse approach, it further
increased to 83.6% (Fig 1, A). All differences in
mean sensitivity among the 3 evaluations were



Table II. Results of the evaluation of 78 readers

Measure

No training

(day 1)

Pattern analysis

(day 2)

Difference

(day 2 - day 1)

Inverse approach

(day 3)

Difference

(day 3 - day 2)

All readers
Diagnostic accuracy for LM
Mean sensitivity,
% (95% CI)

51.5 (48.3 to 55.0) 56.7 (53.5 to 59.8) 5.2
95% CI: 1.6 to 8.5

P = .005

83.6 (80.7 to 86.4) 26.9
95% CI: 24.4 to 29.4

P\ .001
Mean specificity,
% (95% CI)

85.2 (83.4 to 87.0) 86.1 (84.5 to 87.7) 0.9
95% CI: �1.2 to 3.0

P = .39

85.6 (83.9 to 87.1) �0.5
95% CI: �2.5 to 1.4

P = .56
Mean number of
correct answers (%)

37.3 (62.1) 39.3 (65.5) 2.0 (3.4)
95% CI: 0.7 to 3.4

P = .003

47.1 (78.5) 7.81 (13.0)
95% CI: 6.4 to 9.2

P\ .001
Most voted answer
Diagnostic accuracy of the most

voted answer, % (95% CI)
Sensitivity for LM 69.6 (49.1 to 84.4) 69.6 (49.1 to 84.4) 0 100 (85.6 to 100) 30.4
Specificity for LM 83.8 (68.8 to 92.3) 89.2 (75.2 to 95.7) 5.4 89.2 (75.2 to 95.7) 0
Accuracy for LM 78.3 (66.4 to 86.9) 81.7 (70.1 to 89.4) 3.4 93.3 (84.1 to 97.4) 11.6
Sensitivity for PAK 50.0 (21.1 to 78.9) 66.7 (34.9 to 90.1) 16.7 66.7 (34.9 to 90.1) 0
Specificity for PAK 95.8 (85.8 to 99.5) 97.9 (88.9 to 100.0) 2.1 100.0 (86.3 to 100.0) 2.1
Accuracy for PAK 86.7 (75.4 to 94.1) 91.7 (81.6 to 97.2) 5.0 93.3 (83.8 to 98.2) 2.6
Sensitivity for SL/SK 92.3 (74.8 to 99.1) 92.3 (74.8 to 99.1) 0 88.5 (69.9 to 97.6) �3.8
Specificity for SL/SK 82.4 (65.5 to 93.2) 79.4 (62.1 to 91.3) �3.0 94.1 (80.3 to 99.3) 14.7
Accuracy for SL/SK 86.7 (75.4 to 94.1) 85.0 (73.4 to 93.0) �1.7 93.3 (83.8 to 98.2) 8.3

Correct most voted answers, n (%) 47 (78.3) 49 (81.7) 2 (3.4)
95% CI: �4.9 to 11.5

P = .41

56 (93.3) 7 (11.6)
95% CI: 3.5 to 26.5

P = .01
Readers by group, % (95% CI)
High skills in dermoscopy
Mean sensitivity for LM 58.3 (52.3 to 64.3) 64.4 (59.2 to 69.2) 6.1

95% CI: �0.4 to 12.7
P = .06

89.1 (84.3 to 93.9) 24.7
95% CI: 20.1 to 29.2

P\ .001
Mean specificity for LM 87.3 (84.7 to 89.8) 88.2 (85.6 to 90.8) 0.9

95% CI: �2.1 to 4.0
P = .53

88.6 (86.1 to 91.0) 0.4
95% CI: �2.4 to 3.2

P = .79
Intermediate skills in dermoscopy
Mean sensitivity for LM 49.9 (44.9 to 54.9) 56.5 (52.6 to 60.3) 6.6

95% CI: 1.1 to 12.0
P = .02

82.2 (77.4 to 86.9) 25.7
95% CI: 21.3 to 29.5

P\ .001

J
A
M

A
C
A
D
D

E
R
M

A
T
O
L

F
E
B
R
U
A
R
Y
20

21
3
8
4

La
lla

s
et

a
l



M
e
an

sp
e
ci
fi
ci
ty

fo
r
LM

8
3
.8

(8
0
.8

to
8
6
.8
)

8
4
.7

(8
2
.8

to
8
7
.2
)

0
.9

9
5
%

C
I:
�3

.0
to

4
.9

P
=
.6
3

8
3
.5

(8
1
.0

to
8
6
.0
)

�1
.2

9
5
%

C
I:
�4

.5
to

2
.0

P
=
.4
2

Lo
w

sk
ill
s
in

d
e
rm

o
sc
o
p
y

M
e
an

se
n
si
ti
vi
ty

fo
r
LM

4
5
.5

(3
9
.4

to
5
1
.6
)

4
8
.3

(4
2
.0

to
5
4
.5
)

2
.8

9
5
%

C
I:
�3

.9
to

9
.5

P
=
.4
0

7
9
.1

(7
3
.7

to
8
4
.5
)

3
0
.8

9
5
%

C
I:
2
6
.2

to
3
5
.4

P
\

.0
0
1

M
e
an

sp
e
ci
fi
ci
ty

fo
r
LM

8
4
.6

(8
0
.4

to
8
8
.8
)

8
5
.6

(8
2
.2

to
8
9
.0
)

1
.0

9
5
%

C
I:
�3

.5
to

5
.5

P
=
.6
6

8
4
.4

(8
1
.0

to
8
7
.9
)

�1
.1

9
5
%

C
I:
�6

.0
to

3
.7

P
=
.6
2

C
I,
C
o
n
fi
d
e
n
ce

in
te
rv
al
;
LM

,
le
n
ti
g
o
m
al
ig
n
a;

P
A
K
,
p
ig
m
en

te
d
ac
ti
n
ic

ke
ra
to
si
s;
SL
/S
K
,
so
la
r
le
n
ti
g
o
/f
la
t
se
b
o
rr
h
e
ic

ke
ra
to
si
s.

J AM ACAD DERMATOL

VOLUME 84, NUMBER 2
Lallas et al 385
statistically significant (Table II). The mean speci-
ficity was approximately 85% in all evaluations.
Correct answers of readers
The mean number of correct answers without

training was 37.3 of 60 (62.1%). After training on
pattern analysis, the mean number of correct
answers increased to 39.3 (65.5%; P = .003). After
training on the inverse approach, the mean number
of correct answers increased to 47.1 (78.5%;
P\ .001). The correct answers of every reader per
day are shown in Fig 1, B.
Diagnostic accuracy of the most voted answer
Based on the most voted answer per lesion, the

sensitivity for LM without training was 69.6%, the
specificity was 83.8%, and the accuracy was 78.3%.
After training on pattern analysis, the sensitivity
remained equal to 69.6%, whereas the specificity
increased to 89.2% and the accuracy to 81.7%.
After learning the inverse approach, the
sensitivity for LM increased to 100%, the specificity
remained equal to 89.2%, and the accuracy increased
to 88.3%.
Correct answers based on the most voted
answer

Without training, the most voted answer was
correct in 47 of 60 lesions (78.3%). After training on
pattern analysis, the number of correct answers
increased to 49 (81.7%), but this increase was not
significant. After training on the inverse approach,
the most voted answer was correct in 56 lesions
(93.3%), which was a statistically significant
improvement (Table II).
Subgroup analysis by diagnostic skills
Of 78 participants, 27 scored more than 58 of 66

correct answers in the pretest on nonfacial lesions
and were classified as highly skilled in dermoscopic
diagnosis, 28 scored between 54 and 58 correct
answers and were classified as intermediately
skilled, and 23 scored fewer than 54 correct answers
and were classified as less skilled. The mean
sensitivity and specificity for LM diagnosis of readers
of the 3 groups are shown in Table II. Highly skilled
readers scored better at all timepoints, followed by
the intermediately and less skilled. The sensitivity for
LM slightly improved after training on pattern
analysis, but the difference was significant only in
the intermediate group. In contrast, the sensitivity
significantly increased in all 3 groups after
participants learned the inverse approach.



Fig 2. Diagnostic performance of 78 humans readers and a convolutional neural network.
Scatterplots of sensitivity and specificity of readers for the diagnosis lentigo maligna on days 1,
2, and 3. The red dot indicates the sensitivity and specificity of the convolutional
neural network. The horizontal red reference line highlights the readers who supersede the
sensitivity of the convolutional neural network in each evaluation. SensD1, Sensitivity on day 1;
SpecD1, specificity on day 1.

Fig 1. Diagnostic performance of 78 human readers. A, Scatterplot showing the sensitivity of
the readers for lentigo maligna on days 1, 2, and 3. The red lines depict the mean sensitivity.
B, Scatterplot of correct answers of the readers per day. The mean number of correct answers
corresponds to the lines inside each box.
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Performance of the CNN and comparison to
human raters

The sensitivity of the CNN for LM diagnosis was
73.9%, the specificity was 97.3%, and the number of
correct specific answers was 46 of 60 (76.7%).
Without training, 6.4% of raters performed better
than, 7.7% equal to, and 85.9% worse than the CNN.
After receiving training on pattern analysis, 15.4% of
raters performed better than, 5.1% equal to, and
79.5%worse than the CNN. After learning the inverse
approach, 53.9% of raters were superior, 5.1% were
equal, and 41.0% were inferior to the CNN (Fig 2).
DISCUSSION
Our study shows that the inverse approach

significantly improves the ability of clinicians to
accurately classify flat pigmented facial lesions. The
improvement is most pronounced in the sensitivity
for LM, which is the most relevant diagnostic
measure from an outcome perspective. Although
our study was not conducted in a clinical setting, the
remarkable improvement in all diagnostic measures
strongly suggests that the application of the inverse
approach could significantly facilitate the clinical
recognition of early LM.



Fig 3. Examples of lesions of the data set. A, A pigmented actinic keratosis displaying erythema
and white-to-yellow and wide follicular openings (arrows) compared to the follicles outside
the lesion, which are hardly visible. B, A solar lentigo typified by reticular brown lines. Both
lesions were correctly classified by the majority of readers in all 3 evaluations, as well as by
artificial intelligence. (C) A lentigo maligna displaying gray angulated lines (arrows). An area
with pigment network is also seen at the lower part (circle), but the feature is not predominant
because it occupies a small proportion of the lesion’s surface. It was correctly diagnosed by the
majority of readers in all 3 evaluations, as well as by artificial intelligence. (D) A lentigo maligna
lacking melanoma-specific criteria. It was misdiagnosed by the majority of readers on days 1
and 2 but correctly diagnosed by using the inverse approach. The lesion was also correctly
classified by artificial intelligence. (E) A lentigo maligna lacking melanoma-specific criteria. It
was misdiagnosed by the majority of readers on days 1 and 2 and misclassified by artificial
intelligence. The lesion was correctly diagnosed as melanoma by the majority of the readers on
day 3 using the inverse approach.
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Our results confirm the common notion that the
differential diagnosis of pigmented facial macules is
highly challenging. In the initial test used to classify
participants, which did not include facial lesions, the
mean percentage of correct answers was 92.4%,
much higher than in the test set of facial lesions
without training (62.1%) or after training on
pattern analysis (65.5%). The fact that early LM
is very difficult to recognize was previously
demonstrated.3,4,8,15,16 In our study, the mean sensi-
tivity for LM diagnosis was 51.5% without training
and 56.7% after training based on pattern analysis,
which means that approximately half of melanomas
escaped detection.

The most important result of our study is the
increase of sensitivity for LM with the inverse
approach. The mean sensitivity of readers increased
to 83.6%, and the most voted answer correctly
classified all melanomas. Notably, this increase of
sensitivity occurred without any cost in specificity,
which remained unaltered. This is particularly
noteworthy because previous diagnostic models
for LM achieved a sensitivity for melanoma higher
than 90% only if the specificity decreased to 50%.8,16
Thediagnosis ofmalignant neoplasmsbasedon the
exclusion of benign neoplasms is not new in dermo-
scopy. The 2-step algorithm is based, to some extent,
on the exclusion of common benign tumors but
also evaluates the presence of melanoma-specific
criteria.25 In contrast, the inverse approach for LM
diagnosis is exclusively based on the presence or
absence of features that typify PAK and SL/SK (Fig 3).

The application of the inverse approach also
improved the diagnostic accuracy for PAK and
SL/SK and the total number of correct answers,
highlighting that the method also enhances the
discrimination between PAK and SL/SK. Although
this is less relevant from a clinical perspective, it still
has some value, because PAK is considered as a
premalignant lesion or as an in situ squamous cell
carcinoma that requires treatment, whereas SL/SK is
a benign proliferation.26

Our subgroup analysis showed that the effect of
teaching methods was similar for all readers,
irrespective of their baseline diagnostic skills on
dermoscopy (Table II). This finding indicates that
the inverse approach is beneficial both for
inexperienced and well-trained clinicians.
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Artificial intelligence (AI) was shown to perform
at least equally to humans in artificial environ-
ments.24,27-30 A recent study found a very high
accuracy for LM, but the control group did not
include PAK, which represents themost challenging
differential diagnosis.31 On the other hand, AI also
showed excellent performance on PAK when
compared to human raters.24 In this study, we
showed that AI outperforms the majority of human
readers without training and after training on
pattern analysis. In contrast, using the inverse
approach, more than half of human readers super-
seded the CNN in diagnostic accuracy.

We consider our results clinically relevant,
because they indicate that the inverse approach
significantly improves the capacity of clinicians to
recognize inconspicuous LM. Most of the problems
associated with LM management result from the
fact that it is often diagnosed when it is large, which
limits surgical treatment, especially on the cosmeti-
cally and functionally sensitive area of the face.
Diagnosing LM at an early stage could obviously
simplify the surgical management. A potential
criticism is that the biologic course of LM is not fully
elucidated in terms of growth rate and potential to
invade the dermis and metastasize. Therefore, it is
not clear whether diagnosing and treating early LM
is always beneficial or represents an example of
overdiagnosing and, subsequently, overtreating a
lesion that would never become life threatening.32

Although this controversy is intriguing, it lies beyond
the aims and the power of this study. According
to current practice, LM should be treated, and,
therefore, the earlier the better.33,34

Our study has some limitations. First, it was
conducted in an experimental setting, and any conclu-
sion on the usefulness of themethod in the real clinical
practice is only indicative. Second, all included PAKs
and SL/SKs were biopsied, indicating that they were
assessed as diagnostically equivocal. This induces a
selection bias, considering that most PAKs and SL/SKs
are diagnosed clinically. Therefore, the diagnostic
specificity of clinicians is possibly superior to that
calculated here. Finally, we used a single AI algorithm,
trained only on public data. Therefore, our findings
cannot be generalized to other AI algorithms.

In conclusion, our study indicates that the inverse
approach, added to the classic pattern analysis,
significantly improves the diagnostic performance
of clinicians evaluating facial pigmented macules,
especially in terms of sensitivity for LM.
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