LETTERS TO THE EDITOR

Artificial intelligence-enhanced dermoscopy for
early skin cancer detection in private practice:
insights from a retrospective cohort study

Journal of Investigative Dermatology (2025) m, m—w; doi:10.1016/}.jid.2025.12.006

TO THE EDITOR

Given the rising incidence of skin can-
cer (Defossez et al, 2021), combined
with prolonged wait times for derma-
tologic consultations and a declining
dermatologist-to-population ratio (Perrot
et al, 2024; Yadav et al, 2016), artificial
intelligence (Al) may help shorten diag-
nostic delays by supporting general
practitioners in improving their diag-
nostic capabilities. Deep learning,
particularly convolutional neural net-
works (CNNs), now matches or sur-
passes clinicians in classifying skin
lesions, with high sensitivity and speci-
ficity (Salinas et al, 2024). These tools
are increasingly integrated into the
clinical workflow. However, despite
promising accuracy in specialized hos-
pital settings, their real-world perfor-
mance remains underexplored (Jones
et al, 2022).

This retrospective, population-
based study was conducted in a pri-
vate dermatology and esthetic sur-
gery center. Adults presenting with
any skin lesions were included. All
lesions were systematically imaged
by the general practitioner using a
dermoscopy  camera  (Medicam
1000s, Fotofinder GmbH) coupled
with a CE-cleared CNN tool (Molea-
nalyzer Pro) independent of his initial
clinical examination. Each lesion had
dermoscopic images analyzed by the
Al, which generated a malignancy
score (0—1) and classified lesions as
low risk (0.05—0.19), intermediate
risk (0.20—0.49), or high risk
(0.50—0.95). A score >0.2 was
selected as the cut off for high-risk
classification (Supplementary Materials
and Methods). Biopsy decisions were

based on the combination of clinical
impression and Al data. Histopathology
was assessed by 2 blinded dermatopa-
thologists. Premalignant lesions were
classified as malignant. Clinical vari-
ables were analyzed according to the
ABCDE (Asymmetry, Borders, Color,
Diameter, Evolution) rule to explore
concordance between algorithmic and
human visual assessment (Supplementary
Materials and Methods).

Among 403 lesions analyzed in a pre-
dominantly light skin phototype (Fitzpa-
trick 11/11) cohort with a median age of 48
years (Supplementary Table S1), the Al tool
classified 273 as high risk (>0.2) and 130
as low risk (<0.2) (Supplementary
Table S2), whereas histopathology identi-
fied 104 malignant and 299 benign lesions
(Supplementary Table S3). This yielded
high sensitivity (92.3%) but modest speci-
ficity (40.8%), with an overall good area
under the curve of 0.814 (95% confidence
interval = 0.765—0.863). Increasing the
malignancy threshold to 0.5 improved
specificity (55.9%) but reduced sensitivity
(81.7%), whereas the optimal Youden in-
dex (0.49) was achieved at 0.9, yielding
83.6% specificity and 65.4% sensitivity
(Figure 1). Eight false negatives were mis-
classified by the Al: 5 actinic keratosis, 2
superficial spreading melanomas, and 1
squamous cell carcinoma.

In this cohort, patient age >50 years,
recent lesion evolution, and diameter
>6 mm were significantly associated
with  histopathologic ~ malignancy
(ORyge = 0.078, OReo = 1.96,
ORgia = 1.86; all P < .001). Analysis of
ABCDE parameters showed that Al
classification at the 0.2 threshold was
primarily influenced by morphological
features. Color variegation had the
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strongest association with Al positivity
(86% vs 57%; OR = 4.58, P < .001),
followed by border irregularity (81% vs
58%; OR =3.12, P < .001), asymmetry
(80% vs 63%; OR = 2.30, P = .002),
and recent evolution (75% vs 59%;
OR = 2.05, P < .001). Lesion diameter
>6 mm was not significantly correlated
with Al output (OR = 1.35, P = .17)
(Supplementary Table S4).

When stratified by ABCDE score, Al
sensitivity remained consistently high
(>0.92) across all subgroups at the 0.2
threshold, but specificity declined from
51.2% in ABCDE = 0—1 lesions to 13%
in ABCDE = 4-5, suggesting
increasing overclassification in clini-
cally abnormal cases. Raising the
threshold to 0.5 improved specificity
(up to 64% for ABCDE = 0—1) but
reduced  sensitivity  (~0.56—0.87)
(Figure 2 and Supplementary Table S5).
Despite these threshold adjustments,
overall accuracy remained stable across
all ABCDE subgroups, indicating that
the Al model’s discriminative capacity
was independent of clinical suspicion
level on the basis of ABCDE criteria.

This study underscores the potential
of Al-assisted dermoscopy to improve
early skin cancer detection in a private
medical center. Recent prospective
studies evaluating Al in dermatology
and primary care settings (Brancaccio
et al, 2024) provide important bench-
marks for widespread tools using
CNNs. Our study, despite its retro-
spective design, aligns with the review’s
call for additional real-world evidence
contributing to fill this gap by evalu-
ating Al performance in a private clinic.

Although raising the Moleanalyzer
Pro malignancy cut off to 0.5 or 0.9
improved specificity, it substantially
reduced sensitivity. Given the clinical
priority of minimizing missed malig-
nancies, the 0.2 threshold appears most
appropriate, although it leads to more
false positives and limits the tool’s use
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Figure 1. ROC curve of Moleanalyzer Pro diagnostic performance compared with pathology. ROC,

receiver operator characteristic.

as a standalone diagnostic aid. In a
recent meta-analysis, sensitivities and
specificities using only clinical exami-
nation and images were 37.5% and
84.6%, respectively, for primary care
physicians. When dermoscopy was
added, diagnostic performance
improved to 49.5% and 91.3%,
respectively (Chen et al, 2025).
Accuracy remained consistent across
all ABCDE levels, indicating that the
CNN identifies subvisual cues not
directly aligned with clinical heuristics.
The weaker association of diameter and
evolution with Al positivity does not
necessarily represent a limitation but
may reflect appropriate de-emphasis of
less predictive, noncausal features.
Prior explainable-Al studies similarly
show that CNNs rely primarily on
textural and pigment-gradient cues
beyond the ABCDE rule (Giavina-
Bianchi et al, 2023; Hauser et al, 2022).
Although our findings differ from
those of experimental studies reporting

better performances, the discrepancy
likely reflects the transition from
controlled image datasets to heteroge-
neous, real-life clinical material.
Similar declines were reported in other
real-world cohorts, yet the consistently
high sensitivity supports Al-assisted
triage as a safe tool for minimizing
missed skin cancers (Miller et al, 2023).
Moreover, biopsy decisions combined
clinical judgment with the Al malig-
nancy score. This reflects real-world
use but represents a methodological
limitation, potentially inflating sensi-
tivity and reducing specificity.

Despite the single-center design and
predominantly phototypes II—Ill popu-
lation, our findings highlight the strong
potential of Al-assisted dermoscopy as
a decision-support tool for general
practitioners with dermoscopy exper-
tise. The CE-cleared CNN-based system
demonstrated  high sensitivity and
consistent performance beyond tradi-
tional ABCDE criteria, capturing
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morphological cues often impercep-
tible to clinical assessment. Although
newer transformer-based and hybrid
models now outperform conventional
CNNs (Cai et al, 2025), our results
provide valuable real-world evidence
on the clinical utility of a currently
accessible Al tool. The general practi-
tioner had a formal dermoscopy
training in a dermatology-focused pri-
vate medical centre. Although this may
limit generalizability to standard pri-
mary care environments, such private—
clinic populations remain largely
underexplored in the dermatology-Al
literature and, therefore, provide valu-
able real-world insight.
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Figure 2. Evolution of sensitivity and specificity across ABCDE scenarios and 2 different malignancy
thresholds. 0.2: dashed; 0.5: solid. ABCDE, Asymmetry, Borders, Color, Diameter, Evolution.
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SUPPLEMENTARY MATERIALS AND
METHODS

Study design

We designed a retrospective, population-
based, real-life setting study conducted
in a private dermatological and esthetic
surgery center in Paris, France. Patients
were included from November 1, 2022
to July 26, 2024. All patients received
written information about the study,
including their right to withdraw at any
time. Ethical approval was obtained from
the Paris Sorbonne University Research
Ethics Committee (n° IRB00014283).
This study was carried out according to
the 2021 updated STARD-AI (Standards
for Reporting of Diagnostic Accuracy
Studies for Artificial Intelligence) and
Strengthening the Reporting of Observa-
tional Studies in Epidemiology guidelines
and the World Medical Association
Declaration of Helsinki Ethical Principles
(Sounderajah et al, 2021; von Elm et al,
2008; World Medical Association, 2013).

Participants and inclusion criteria
Records of nonopposing patients, aged
>18 years, presenting with suspicious
or nonsuspicious skin lesions, including
suspected  melanoma and  non-
melanoma skin cancers, were included.
Both referred and nonreferred patients
were eligible.

Imaging and artificial intelligence
system

The diagnostic device used was an
advanced dermoscopy camera (Medi-
cam 1000s, Fotofinder Systems GmbH,
Bad Birnbach, Germany) combined
with a CE-cleared convolutional neural
network system (Moleanalyzer Pro,
Fotofinder Systems GmbH). The training
and technical aspects of the artificial
intelligence (Al) model has been previ-
ously described (Haenssle et al, 2018).

Patient workflow

The clinical examination is first con-
ducted by the general practitioner who
had a formal training in dermoscopy.
Suspicious lesions are then captured
either by the physician or the assistant
and takes approximately 20 minutes.
The images are then reviewed by the
general practitioner. Each lesion had at
least T macroscopic and 1 dermoscopic
image captured (Medicam 1000s, x20
magnification). After image capture, the
Moleanalyzer ~ Pro  generated a

malignancy risk score (0—1), categorizing
lesions into low risk (0.05—0.19), inter-
mediate risk (0.20—0.49), and high risk
(0.50—0.95). The Al score is based solely
on the dermoscopy image. The binary cut
off of >0.2 corresponds to the manufac-
turer's recommended threshold  for
intermediate-risk  classification. During
analysis, alternative thresholds (0.5, cor-
responding to the “high-risk” threshold
and 0.9 corresponding to the “optimal
theoretical threshold”) were evaluated to
examine sensitivity—specificity trade offs,
confirming that 0.2 offered the highest
sensitivity and was thus the most clinically
appropriate for a triage-oriented tool.

The decision to biopsy a lesion was
made using both the general practi-
tioner’s clinical judgement and the Al
malignancy score.

Histopathological confirmation

All biopsied lesions were analyzed by 2
independent, blinded pathologists (LVD
or LB) specialized in skin cancer. Pre-
malignant lesions, such as actinic ker-
atoses, were classified as malignant for
analysis purposes. In cases of initial
disagreement, the slides were re-
examined jointly in a consensus
meeting. Final diagnoses were estab-
lished through this consensus process,
ensuring that no case was included
without diagnostic agreement.

Data collection

Data were collected retrospectively and
included patients’ medical records;
relevant medical history such as per-
sonal or familiar history of skin cancer;
or any other risk factor related to skin
malignancy, macroscopic and histo-
logical characteristics of the lesions,
and Al scores. All included lesions had
at least 1 clear digital and 1 dermo-
scopic photograph with Al scoring.
Clinical features were assessed using
the ABCDE (Asymmetry, Borders, Co-
lor, Diameter, Evolution) rule to stan-
dardize visual evaluation across all
pigmented lesions. Although originally
developed for melanoma detection, this
framework was applied because over
80% of lesions in the cohort (334 of
403) were pigmented, providing a
consistent and reproducible method for
morphological classification.

Statistical analysis
Skin lesions classified as intermediate or
high risk by the Al tool were positively

Journal of Investigative Dermatology (2025), Volume m

considered “Al suspicious.” Blinded his-
topathological reports were used as the
gold standard for comparison. Data were
analyzed using R (version 4.4.1, R
Foundation for Statistical Computing,
Open GNU License). An initial descrip-
tive analysis of the data was performed,
and each variable was expressed in n (%)
for discrete variables and in median (with
SD) for continuous variables. Receiver
operating characteristic curves were
generated from continuous Al scores,
and the area under the curve (95%
confidence interval) quantified discrimi-
native ability. Binary performance met-
rics (sensitivity, specificity, positive and
negative predictive values, and accuracy)
were calculated at different predefined
thresholds. The optimal theoretical
threshold for overall diagnostic perfor-
mance was determined using Youden's
index (Sn 4 Sp — 1). Lesions were strat-
ified by the number of positive ABCDE
criteria (0, >1, >2, >3, >4, >5) to
explore how clinical appearance influ-
enced Al behavior and then grouped in 3
subgroups: ABCDE = 0—1, ABCDE =
2—3, and ABCDE = 4—5. Areas under
the curve were computed for each sub-
group  with automatic  orientation
correction. Associations between indi-
vidual ABCDE features and Al positivity
(score > 0.2) were tested using chi-
square or Fisher’s exact tests, with ORs
(95% confidence interval) estimated by
logistic regression. Continuous scores
were compared with the Wilcoxon test.
P < .05 was considered significant.
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Supplementary Table S1. Study Population

Characteristics n (%)
Sex, n (%)

M 147 (54)

E 124 (46)
Age, y, median (minimum, maximum) 48 (18, 88)
Active smokers, n (%) 32 (12)
Significant past medical history, n (%) 21 (8)
Significant family history, n (%) 8 (3)
Obesity, n (%) 3 (1)
Fitzpatrick classification, n (%)

1l 21 (8)

111 242 (89)

\% 8 (3)
Total number of patients, n (%) 271 (100)

Abbreviations: F, female; M, male.

Supplementary Table S2. Confusion Matrix: Al Score and Pathology
Analysis Performances with 0.2 Malignancy Threshold

Al Score > 0.2 Al Score < 0.2
Pathology Analysis (Intermediate to High Risk)  (Low Risk) Metrics
Pathology analysis: malignant 96 8 Se: 92.3%
Pathology analysis: benign 177 122 Sp: 40.8%
Metrics PPV: 35.1% NPV: 93.8%  Accuracy: 54.1%

Abbreviations: Al, artificial intelligence; NPV, negative predictive value; PPV, positive predictive
value.

Se denotes sensitivity, and Sp denotes specificity.

R Aguglia et al.
Al-enhanced dermoscopy use in private practice

Supplementary Table S3. All

Lesions Final Histology

Tumor Histology n (%)
Angiokeratoma 1(0.2)
Botriomycoma 2 (0.5)
Benign inflammatory lesion 10 (2.5)
Basal cell carcinoma 21 (5.2)
Squamous cell carcinoma 12 (3.0)
Condyloma 2 (0.5)
Epidermic hamartoma 1(0.2)
Hemangioma 4 (1.0)
Hisitocytofibroma 8 (2.0)
Adenomatous sebaceous 3(0.7)
hyperplasia

Lichen planus—like keratosis 5(1.2)
Actinic keratosis 47 (11.7)
Trichilemmal cyst 3(0.7)
Lentigo 3(0.7)
Lichen 5(1.2)
Bowen’s disease 9(2.2)
Melanoma 15 (3.7)
Melanosis 10 (2.5)
Molluscum 1(0.2)
Mucocele 1(0.2)
Naevus 174 (43.2)
Pendulum 1(0.2)
Seborrheic keratosis 58 (14.4)
Papilloma 7 (1.7)
Total 403 (100)
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Supplementary Table S4. Association between Individual ABCDE Clinical Criteria and Al Positivity (Moleanalyzer
Pro Score > 0.2) in the Study Cohort, Using Chi-Square Test

ABCDE Criteria Al Score > 0.2 when Present Al Score > 0.2 when Absent OR (95% CI) P-Value
Asymmetry 79.8% 63.3% 2.30 (1.36—3.88) <.001
Borders irregularity 81.3% 58.2% 3.12 (1.96—4.99) <.001
Color variegation 85.9% 57.1% 4.58 (2.71=7.74) <.001
Diameter >0.6 mm 70.3% 63.6% 1.35 (0.88—2.07) .166
Evolution (recent) 74.5% 58.7% 2.05 (1.34—3.13) <.001

Abbreviations: ABCDE, Asymmetry, Borders, Color, Diameter, Evolution; Al, artificial intelligence; Cl, confidence interval.
P < .05 was considered statistically significant.

Supplementary Table S5. Evaluation of Model Performances Based on ABCDE with Al Malignancy Thresholds Set

to 0.2 and 0.5

Performance Parameters Se (%) Sp (%) PPV (%) NPV (%) Accuracy (%) n
Al 0.2 100 57.1 7.7 1 58.6 29
ABCDE = 0'

Al 0.5 100 75.0 12.5 100 75.9

ABCDE = 0

Al 0.2 92.2 39.1 36.5 93.0 53.7 374
ABCDE = 1°

Al 0.5 81.5 53.9 40.2 88.5 61.5

ABCDE = 1

Al 0.2 93.7 333 43.4 90.6 54.6 269
ABCDE = 2°

Al 0.5 84.2 50.0 47.9 85.2 62.1

ABCDE = 2

Al 0.2 92.3 19.8 52.5 72.7 55.3 159
ABCDE = 3*

Al 0.5 83.3 40.7 57.5 71.7 61.6

ABCDE =3

Al 0.2 93.6 12.5 61.1 57.1 60.8 79
ABCDE = 4°

Al 0.5 87.2 28.1 64.1 60.0 63.3

ABCDE = 4

Al 0.2 1 0 82.6 N/A 82.6 23
ABCDE = 5°

Al 0.5 94.7 0 81.8 0 78.3

ABCDE = 5

Abbreviations: ABCDE, Asymmetry, Borders, Color, Diameter, Evolution; Al, artificial intelligence; Cl, confidence interval; N/A, not available; NPV, negative
predictive value; PPV, positive predictive value.

Se denotes sensitivity, and Sp denotes specificity.

'ABCDE = 0: none of the ABCDE criteria are positive.
2ABCDE = 1: at least 1 of the ABCDE criteria is positive.
*ABCDE = 2: at least 2 of the ABCDE criteria are positive.
“ABCDE = 3: at least 3 of the ABCDE criteria are positive.
®ABCDE = 4: at least 4 of the ABCDE criteria are positive.
®ABCDE = 5: all ABCDE criteria are positive.
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