Dermatology Meets Deep Learning: AI’s Role in Modern Skin Care
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Figure 3. Selected diagnostic performance metrics across skin cancer studies; values are study-specific and not pooled. [6-8, 20, 24]
OpenEvidence, PubMed, and Google Scholar; terms related to Al, machine
learning, dermatology, melanoma, and skin cancer. Direct Comparisons of Al and Clinician Performance +33.2% 0.93-0.99
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DISCUSSION
General dermatology top-1 accuracy 630.66
General dermatology top-3 accuracy 750 ®:: e High sensitivity often came at the expense of specificity, producing more false-positive
STEP 3 findings and referrals.
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criteria. e Applications and reported outcomes varied by task, which limits direct cross-study
Figure 2. Direct comparative performance of Al and clinicians; values are study-specific and not pooled. [1-4, 8] com pa rison .
v Skin Tone Representation in the Fitzpatrick17k Dataset e Generalizability remains limited by underrepresentation of darker skin tones,
STEP 4 8,000 curated/internal datasets, and limited external validation.
. . 7,755 e Future studies should prioritize diverse populations, prospective real-world testing, and
Data Extraction preservation of physician autonomy.
6,000
Disease, Al model, clinical application, sample size or data source, and reported 6 089
performance measures were collected. ?
5,000
CONCLUSION
J 4,000 . . . .
e Al demonstrates its strongest and most consistent performance in skin cancer
o0 detection.
e Al mayimprove disease monitoring, clinical decision support, and access to
| | | | | | 2,000 7 168 dermatologic care.
30 studies and supporting sources included in the final review ’ . _ . . o
e Current evidence supports Al primarily as an adjunct to clinicians rather than a
replacement.
0 Fitzpatrick I Fitzpatrick ll-IV Fitzpatrick V-V e Further diverse, prospective real-world validation and model development are

needed before broader implementation.

Figure 1. Fitzpatrick17k includes 7,755 type I-ll images versus 2,168 type V-Vl images; 565 unknowns are not shown. [17]
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