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with Al-assisted dermoscopy: A reader (J( . |f
study in facial pigmented lesions ONE:

Abdurrahim Yilmaz, MSc,* Handan Merve Erol Mart, MD.P Burak Temelkuran, PhD,* and
Bengu Nisa Akay, MD"

Background: Differentiating lentigo maligna (LM) from benign facial pigmented lesions remains difficult
due 1o substaritial clinical and dermoscopic overlap, particularly on chronically sun-damaged skin, a setting
underrepresented in existing artificial intelligence (AD) studies.

Objective: To develop and evaluate a deep learning-based model for facial pigmented lesions and assess

its impact on dermatology resident diagnostic performarnce.

Metbods: In this retrospective study, 722 lesions (894 dermoscopic images) were analyzed (LM: 190; pigmented
actinic keratosis: 230; solar lentigo/seborrheic keratosis: 302). Twenty percent of lesions were reserved for
testing; the remainder underwent five-fold stratified cross-validation. An Xception-based convolutional neural
network was trained for binary and 3-class classification. A reader study with 26 residents compared diagnostic

accuracy before and after Al assistance.,

Results: The model achieved a mean accuracy of 84.2% x 2.5%, sensitivity of 90.0% * 11.5%, and
specificity of 81.9% = 1.2%. Resident accuracy improved from 64.9% to 74.0% with Al support (P < .0001),
with the largest gain observed in LM detection (-+16.5%).

Limitations: Retrospective design, lack of multimodal clinical data, and resident-only reader study.

Conclusion: Al-assisted dermoscopy improves diagnostic performance in a challenging facial lesion
setting, particularly for LM, supporting its role as an adjunct tool in clinical decision-making and
dermatology training. (J Am Acad Dermatol https://doi.org/10.1016/.jaad . 2026.06.085.)

Key words: artificial intelligence; decision support system; dermoscopy; facial lesions; lentigo maligna;

resident performance assessment.

INTRODUCTION

Accurate diagnosis of pigmented facial lesions
remains one of the most challenging tasks in derma-
tology. In chronically sun-damaged skin, lentigo
maligna (LM, pigmented actinic keratosis (PAK), solar

lentigo (SL), and seborrheic keratosis (SK) frequently
exhibit substantial clinical and dermoscopic overlap,
limiting the reliability of visual assessment. This
challenge is compounded by the unique histo-
anatomical structure of facial skin, where the flattening
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of rete ridges gives rise to a pseudonetwork pattern,
rendering classical dermoscopic criteria less specific.!

From a clinical perspective, accurate identification
of LM is critical, given its potential to progress to
invasive melanoma if left untreated. At the same

time, diagnostic uncertainty leads to a substantial may, therefore, capture subtle morphological relation-
number of unnecessary biopsies of benign lesions, ships that are difficult to recognize through human
particularly in cosmetically interpretation_atone.” | While |
sensitive facial areas, with Al systems have demonstrated
implications  for  patient expert-level performance in
morbidity, aesthetic out- R ? various dermatologic classifi-
comes, and healthcare costs. ) TR RS Iy e cation tasks,®'" facial pig- 3

largely focused on mixed or nonfacial
datasets, with limited attention to
diagnostically challenging facial lesions.

mented lesions represent a
uniquely  difficult domain
due to subtle morphological

This diagnostic dilemma,
balancing early detection
with avoidance of overtreat-

ment, remains unresolved. - Al-assisted dermoscopy improves differences, high inter-class
The diagnostic difficulty is diagnostic accuracy for lentigo maligna similarity, and the lack of sin-
particularly  pronounced in and may enhance decision-making in gle pathognomonic features. |
early lesions of LM, which difficult facial lesions, particularly for less In this study, we develop
often lack distinctive clinical experienced clinicians. and evaluate a deep
features and may cdosely learning-based  diagnostic
mimic benign lesions.| Even system for the classification of
well-established dermdscopic criteria, such as asym- facial pigmented lesions, with particular emphasis
metric pigmented follicular openings, rhomboidal on distinguishing LM from its major benign mim-
structures, and gray dots or globules, are not entirely ickers, including PAK and SL/SK. We then investigate
specific and may be observed across different entities the effect of Al-assisted malignancy scoring on the
within the differential diagnosis.” This substantial diagnaostic performance of dermatology residents.
feature overlap highlights the intrinsic limitations of
pattern-recognition-based diagnostic approaches. METHODS =
Recent advances in dermoscopy have introduced This retrospective study was designed to evaluate A_
additional criteria aimed at improving diagnostic the diagnostic performance of a deep learning mode]
accuracy.” Notably, perifollicular linear projections for classifying dermoscopic images of facial pigmented
have been described as a novel dermoscopic feature lesions. Ethical approval was obtained from the
associated with LM, representing pigmented linear Clinical Research Ethics Committee of Ankara
structures radiating from follicular openings.” These University Faculty of Medicine . (Approval No:
structures likely correspond to eary follicular invasion 104-388-26). The study was conducted in accordance
by atypical melanocytes and may represent an inter- with the principles of the Declaration of Helsinki. Due
mediate stage in the progression from asymmetric to the retrospective nature of the image analysis and
follicular pigmentation to angulated or rhomboidal the use of de-identified data, the institutional review
structures. Although such features improve didgnostic board waived the requirement for informed consent.
specificity, their sensitivity remains limited. An overview of this study is shown in Fig 1.
" Recent conceptual advances have challenged the
;l conventional paradigm of dermoscopic diagnosis, Dataset collection and AI model
which relies on the identification of specific malig- Dermoscopic assessment was performed using
nant features s {0 he “inverse approach” suggests that DermlLite DL3N, Di4, and DL5 (3 GEN, LLC, Dana
the absence of characteristic benign patterns, rather Point, CA, USA), Heine Delta 20T (Heine Optotechnik,
than the presence of individual malignant criteria, Herrsching, Germany), and Dermlite Foto I Pro light
may represent a more reliable strategy for the dermatoscopes in both polarized and non-polarized
recognition of early LM. This perspective reflects modes. Clinical and dermoscopic images were
the substantial overlap of dermoscopic features captured using a Nikon D7500 camera (Nikon Corp.,
among facial pigmented lesions and underscores Tokyo, Japan) attached to the dermoscopes and
the importance of contextual and combinatorial subsequently transferred to a computer for detailed
pattern analysis over isolated feature detection.’ evaluation. The dataset comprised dermoscopic
Arificial intelligence {(AD, particularly deep images (jpg format) categorized into 3 specific facial

learning-based image analysis, offers a promising lesion “types: LM, PAK, and SL/SK. SL and SK were

pole v
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Abbreviations used:

Al artificial intelligence

CNN: convolutional neural network
LM: lentigo maligna

PAK: pigmented actinic keratosis
SK: seborrheic keratosis

SL: solar lentigo

combined into a single class due to their
well-recognized clinical, histopathological, and der-
moscopic overlap on facial skin. These lesions are
considered part of a continuous benign spectrum and
represent the most common benign mimickers of LM
in clinical practice, making their combined evaluation
methodologically appropriate  for the primary
diagnostic task. For binary classification, lesions
were grouped into 2 clinical categories: malignant
(LM) and benign (PAK and SL/SK).

The study population consisted of patients from
Turkiye, predominantly with Fitzpatrick skin types
II-v, with the majority classified as types V.
Male patients were slightly more represented,
comprising approximately 60% to 65% of the cohort.
Histopathological confirmation was performed for afl
lesions except those meeting unequivocal benign
diagnostic criteria. All cases of LM were histopatho-
logically confirmed. When muliiple dermoscopic
images were available for a lesion, all images of
sufficient technical quality were included in the
dataset. Images containing significant artifacts or
inadequate image quality (eg, poor focus or illumina-
tion) were excluded.

A convolutional neural network (CNN) based on
the Xception'' architecture was utilized for Al model
training (Supplementary Methods, available via
Mendeley at  hips://daa.mendeley.com/datasets/
cdiBvwgk72.).

Resident reader study and statistical analysis
Resident testing was conducted with 26 derma-
tology residents with a mean clinical experience of
2.7 years (range, 1-4 years). Each resident completed a
timed, two-step diagnostic assessment in an
examination-like setting, with 1T minute allotted per
question. In the frst step, residents classified
pigmented facial lesions without any additional
support. In the second step, the same cases were
re-evaluated after disclosure of the Al-generated
malignancy score, ranging from 0 to 100. The test set
included cases from the main diagnostic categories of
LM, PAK, and SL/SK. Diagnostic performance before
and after Al assistance was compared using accuracy
and Cohen’s kappa statistics. A paired t-test was used
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to assess the statistical significance of the qé oe in’

For deep learning model analysis, clas

diagnostic accuracy following Al assistance. gé
performance on the hold-out test set was a

across individual folds. The key performance meiéd9 ]H "X

reported included accuracy, sensitivity, specificity,
and Fl-score. Final performance is reported as the
arithmetic mean, along with the standard deviation,
across the 5 cross-validation folds.

RESULTS
General dataset characteristics

A total of 722 unique facial pigmented lesions
encompassing 894 images (IM: 190 lesions/236
images, PAK: 230/268, SL/SK: 302/390) were evaluated
(Table D. The malignant group comprised 190 LM
lesions (236 images), while the benign group was
represented by 230 PAK (208 images) and 302 51/SK
lesions {390 images), for a total of 532 tesions and 658
images. After allocating 20% of the lesions (144 test
lesions/177 images: LM = 50, PAK = 48, SL/SK = 79) to
the independent test set, the remaining patient/lesion
groups (578 train + validation lesions/717 images)
were distributed across 5 stratified cross-validadon
folds, ensuring no patient overlap between the
training, validation, and test sets.

Diagnostic model performance

The Xeeption-based architecture reliably discrimi-
nated between LM and benign keratotic/lentiginous
facial lesions. Following rigorous lesion-bound five-
fold cross-validation on the held-out distinct test set,
the ensemble average demonstrated robust predictive
strength.

In five-fold lesion-based cross-validation (test set,
» =177 images; 50 malignant, 127 benign) the binary
model achieved a test accuracy of 84.2% * 2.5%,
sensitivity of 90.0% * 11.5%, and specificity of
81.9% * 1.2% (Table D). Across the five-folds, the
mean confusicn matrix components were true posi-
tive = 45, false positive = 23, true negative = 104, and
false negative = 5. The 3-class model achieved a mean
test accuracy of 71.4% £ 0.6%, a macro-F1 score of
708% * 09%, and a weightedF1 score of
71.3% * 0.7%.

Resident results

The mean baseline diagnostic accuracy of the
residents was 64.8% (1686/2600; range, 50%-84%),
which increased to 74.0% (1925/2600; range,
6G3%-89%) after access to the Al malignancy score
(Fig 2 and Table II), corresponding to a mean
absolute improvement of 9.2%. This improvement
was highly significant on paired analysis (# < .0001).
Across all 2600 resident-level decisions and 5200

@ b
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Fig 1. Overview of the study workflow. Dermoscopic images of facial pigmented lesions were
collected and grouped at the lesion level to prevent data leakage. After preprocessing and
lesion-level splitting, the dataset was used for training and evaluating Xception-based deep
learning models for binary and 3-class classification. A reader study was then conducted to
assess the effect of Al-generated malignancy scores on dermatology resident performance.

Table 1. Baseline characteristics of the lesion dataset

Feature Category N (Lesion) N (Image)
Total dataset 722 894
Lesion type Lentigo Maligna (LM) 190 236
Pigmented Actinic Keratosis (PAK) 230 268
Solar lentigo/Seborrheic keratosis (SL/SK) 302 390
Clinical groups Malign (LM} 190 236
Benign (PAK + SL/SK} 532 658

total decisions, Al assistance changed incorrect to
correct classifications in 302 instances, while
changing correct to incorrect classifications in only
63 instances {misleading ratio of 3.74%), vielding a
net gain of 239 correct diagnoses. In other words, for
every case in which the Al misled a resident away
from a correct answer, it correcied more than 4
previously incorrect decisions. Accuracy gains were
observed across all residency years, with the greatest
improvement seen among second-year residents
(-+11.7%), followed by third-year (+9.3%), first-
year (+8.6%), and fourth-year residents (17.6%)
(Supplementary Fig 1, available via Mendeley at
hitps.//data.mendeley.com/datasets/cdj8vwgk/72 and
Table ID. Accuracy increased from 60.6% to 69.2%
among first-year residents and from 69.5% to 77.1%
among fourth-year residents. Lesion-specific anal-
ysis showed that the largest benefit of Al assistance
was observed for LM, where accuracy improved
from 61.5% to 78.0% (+16.5%), whereas smaller
gains were seen for PAK (69.8% to 75.6%, +5.8%0)

and SL/SK (63.5% to 68.3%, +4.8%). Al assistance
also improved agreement with the reference stan-
dard, with Cohen’s kappa increasing from 0.4716 to
0.6097, corresponding to a net gain of +0.1381 and
a shift from moderate to substantial agreement
(Table 1I).

DISCUSSION

The diagnosis of pigmented facial lesions remains a
major challenge in dermatologic practice because Ly,
PAK, SL, and 3K frequently share overlapping clinical
and dermoscopic features. This challenge is further
amplified by the distinctive histoanatomical character-
istics of facial skin, in which pseudonetwork structares
and follicular pigmentation patterns may reduce the
specificity of conventional dermoscopic criteria. Tn
this context, the present study evaluated a deep
learning-based system for the classification of facial
pigmented lesions and demonstrated that Al assis-
tance can provide meaningful diagnostic support,
particularly for the recognition of LM.

&L&% l
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Overall Accuracy: Baseline vs Al-Assisted
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Fig 2, Reader-study results. Box-and-whisker plots with individual reader values show
diagnostic accuracy before and after Al assistance. The dashed red line indicates standalone
Al accuracy, and the shaded region represents the corresponding standard deviation.

The reader study provides evidence for the trans-
. lational relevance of the proposed system. Across
26 dermatology residents and 2000 final and 5200 total
decisions, the overall effect of Al assistance was clearly
favorable, with corrected decisions substantially out-
weighing Al-induced errors. Nevertheless, the exis-
tence of Al-induced errors remains important and
should not be overlooked. Some true LM cases were
assigned relatively low malignancy scores, potentially
resulting in false reassurance, whereas some benign
lesions received mildly elevated scores, which may
have led to unnecessary diagnostic suspicion
(Supplementary Figs 1.a, 2, available via Mendeley at
hups://dala.mendeley.com/datasets/cdj8vwgk72, and
Fig 3). These observations highlight an important
principle for clinical implementation: Al outputs
should be interpreted as probabilistic decision-
support signals rather than definitive recommenda-
tions. Effective human-Al interaction will therefore
depend not only on model accuracy, but also on
interface design, score calibration, user training, and

clinician awareness of situations in which algorithmic
outputs may be misleading.’> ! More informative Al
interfaces may further increase this benefit. Rather than
providing only a malignancy score, explainable Al
approaches that highlight relevant image regions or
specific dermoscopic patterns may offer more
sinterpretable support and further improve resident
performance.”* In addition, the findings indicate a
positive association between residents’ trust in Al
output and the displayed probability of malignancy
(Supplementary Fig 1la, le and 1.f available via
Mendeley at htips://data.mendeley.com/datasets/
cdigvwgl72)."” From a clinical perspective, this
finding is particularly relevant because it suggests
that the model's value extends beyond isolated per-
formance metrics and translates into measurable
improverment in human diagnostic behavior.'*** This
finding is reassuring, particularly when interpreted
alongside the much larger number of corrected errors. |

The lesion-specific resident results are especially
notable. The largest improvement with Al assistance

ﬁg&\@%
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Table II. Resident diagnostic performance before and after Al assistance

Metric Without Al (Baseline) Al-Assisted
Al accuracy NA 84.2%
Overall diagnostic accuracy of residents 64.9% 74.0% +9.2%
Overall Cohen’s kappa of residents 04716 0.6097 +0.1381 <0001
Based on lesion type
Lentige Maligna (LM) 61.5% 78.0% +16.5%
Pigmented Actinic Keratosis (PAK) 69.8% 75.6% +5.8%
Solar Lentigo/Seborrheic Keratosis (SL/SK) 63.5% 68.3% +4.8%
Based on experience
Year 1 60.6% 69.2% +8.6%
Year 2 62.5% 74.2% +11.7%
Year 3 64.6% 73.9% +9.3%
Year 4 69.5% 77.1% +7.6%
among second-year residents (+11.67%), whereas
BEFORE Al: fourth-year residents showed the smallest relative

16/26 (61.5%)

Al output: 58%

Fig 3. Lentigo maligna. The case of lentigo maligna
showing one of the largest improvement in diagnostic
accuracy with Al assistance. Before Al assistance, 16 of 26
residents correctly classified the lesion. After presentation
of 2 58% predicted probability of LM, all 26 residents
classified it correctly.

was observed in LM, with diagnostic accuracy
increasing from 61.5% to 78.0%. This is the most
clinically meaningful category in the present study, as
missed LM may progress to invasive melanoma, lead-
ing to worse prognosis and more extensive surgical
treatment. These findings suggest that the AT system
was particularly effective in reducing one of the most
important real-world diagnostic errors in facial dermo-
scopy: misclassifying LM as a benign pigmented
lesion, especially SL or SK. However, greater emphasis
on detecting LM may also increase false-positive
diagnoses and unnecessary biopsies of benign facial
lesions. In the cosmetically sensitive facial setting, this
may result in scarring, patient anxiety, and increased
healthcare utilization. Nevertheless, this trade-off may
be acceptable given the greater potential harm asso-
ciated with missed melanoma.

The pattern of benefit zcross training levels is also
noteworthy. Although all resident groups improved
with Al support, the greatest gain was observed

gain, consistent with their higher baseline perfor-
mance and reduced margin for improvement. This
pattern may reflect a ceiling effect, whereby more

malignant experienced residents already perform closer to their
AFETER Al maximum unaided [evel and therefore have less
26/26 (1 od%) opportunity for measurable improvement. At the

same time, the observation that all training levels
benefited suggests that Al support may function both
as a diagnostic aid and as an educational calibration
tool. In residency settings, such systems may reinforce
recognition of high-risk lesions, provide immediate
probabilistic- feedback, and potentially accelerate
learning in diagnostically difficult domains.'**!

The standalone performance of the AT modetl also
warrants consideration. The model achieved higher
diagnostic accuracy than the baseline performance
of residents (Accuracy: 84.2% vs 64.9%), suggesting
that deep learning systems can capture diagnosti-
cally relevant patterns even in a highly challenging

‘facial lesion setting. However, the combination of

human and Al did not fully reach the standalone
model performance (Accuracy: 74.0% vs 84.2%),
highlighting that effective integration of Al into
clinical workflows is not purely additive. This
observation underscores that the clinical value of
Al lies not in replacing physicians, but in comple-
menting human  decision-making. Optimizing
human-Al interaction remains a critical component
for translating high standalone model performance
into maximal clinical benefit. The present findings
support the broader concept that AT may be partic-
ularly valuable in dermatology when used as an
assistive system. Qur results, therefore, align with an
emerging view that the most clinically useful Al
systems may be those that improve physician

Qe o
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petformance, consistency, and confidence rather
than those designed solely to outperform clinicians
on isolated benchmarking tasks.' "%

Several limitations should be considered when
interpreting these findings and their clinical applica-
bility. First, this was a retrospective study based on a
relatively limited dataset derived from a specialized
lesion category. Purthermore, the dataset originated
from a single population, which may limit the gener-
alizability of the findings to other clinical settings and
patient populations. In addition, the model used
dermoscopic images alone and did not incorporate
clinical photographs, age, lesion history, anatomic
subsite, or longitudinal change, ail of which may
influence real-world diagnostic reasoning. Finally, the
resident study was also conducted in a time-
constrained examination format and therefore does
not fully capture routine clinical workflow, where
biopsy thresholds, patient history, and serial follow-up
also inform decision-making.

In conclusion, the present study demonstrates that
deep learning-based analysis of dermoscopic facial
lesions can provide clinically meaningful support for
the diagnosis of LM and its principal benign mimickers.
Al assistance significantly improved resident diag-
nostic accuracy and agreement with the reference
standard, with a strongly favorable balance between
corrected and induced errors. These findings support
the potential role of Al-based malignancy scoring as an
adjunct tool in facial dermoscopy, particularly for
challenging lesions and in training environments.
Future studies should focus on validation in larger
and more diverse patient populations, explainable AT,
prospective validation, evaluation among experienced
dermatologists, external multicenter testing, integra-
tion of multimodal clinical data, and optimization of
human-Al interaction to better define the role of such
systems in real-world dermatologic practice. Such
efforts may help bridge the gap between promising
algorithmic performance and safe, effective clinical
adoption.
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