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Abstract

Background—The use of artificial intelligence (AI) algorithms for the diagnosis of skin diseases 

has shown promise in experimental settings but has not been yet tested in real-life conditions.

Objective—To assess the diagnostic performance and potential clinical utility of a 174-multiclass 

AI algorithm in a real-life telemedicine setting.

Methods—Prospective, diagnostic accuracy study including consecutive patients who submitted 

images for teledermatology evaluation. The treating dermatologist chose a single image to upload 

to a web application during teleconsultation. A follow-up reader study including nine healthcare 

providers (3 dermatologists, 3 dermatology residents and 3 general practitioners) was performed.

Results—A total of 340 cases from 281 patients met study inclusion criteria. The mean (SD) age 

of patients was 33.7 (17.5) years; 63% (n = 177) were female. Exposure to the AI algorithm 

results was considered useful in 11.8% of visits (n = 40) and the teledermatologist correctly 

modified the real-time diagnosis in 0.6% (n = 2) of cases. The overall top-1 accuracy of the 

algorithm (41.2%) was lower than that of the dermatologists (60.1%), residents (57.8%) and 
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general practitioners (49.3%) (all comparisons P < 0.05, in the reader study). When the analysis 

was limited to the diagnoses on which the algorithm had been explicitly trained, the balanced 

top-1 accuracy of the algorithm (47.6%) was comparable to the dermatologists (49.7%) and 

residents (47.7%) but superior to the general practitioners (39.7%; P = 0.049). Algorithm 

performance was associated with patient skin type and image quality.

Conclusions—A 174-disease class AI algorithm appears to be a promising tool in the triage and 

evaluation of lesions with patient-taken photographs via telemedicine.

Introduction

The use of artificial intelligence (AI) for the diagnosis of skin diseases has shown significant 

promise to improve health outcomes.1 Recently developed AI algorithms using convolution 

neural networks (CNNs) have been shown to classify clinical images equally or better than 

dermatologists in artificial study settings.2–4 Despite the promising results coming from 

reader studies, these AI algorithms have not yet been applied to dermatology clinical 

practice and have not yet shown efficacy in improving healthcare outcomes, while only one 

study has evaluated their performance in real-life conditions.5

During the lockdowns that occurred due to the COVID-19 pandemic, our dermatology 

service implemented live, video-based telemedicine visits to maintain patient care while 

minimizing the risk of infection and avoiding in-person encounters.6–8 Given the limitations 

and diagnostic challenges associated with telemedicine visits, an accurate AI algorithm 

could help as a screening aid or as a clinical decision support tool for healthcare providers.
9,10 To date, the diagnostic performance of AI algorithms using patient-submitted 

photographs in telemedicine workflows is poorly characterized.

In 2020, Han et al published a publicly testable CNN algorithm trained using 220,680 

images of 174 dermatological disorders and validated on 3,501 images and 134 diseases.11 

The algorithm was able to classify skin diseases and improved the diagnostic performance of 

healthcare providers in a reader study. Here, we aimed to assess the diagnostic performance 

and potential clinical utility of this AI algorithm in a prospective study conducted in a real-

life telemedicine setting during the visits.

Patients and methods

This was an IRB-approved, single-centre, prospective, diagnostic accuracy study conducted 

between 27 March and 30 April 2020. All data collection was explicitly planned prior to the 

performance of the index tests and reference standard and the study was reported following 

the STARD 2015 guidelines.12 Consecutive patients who submitted clinical images of one or 

more new skin conditions for evaluation in our telemedicine dermatology clinic were 

considered eligible for inclusion. Both new and existing patients were eligible with no age 

restrictions. Cases were excluded if no images were submitted by patients, images were 

rated as insufficient quality, patients submitted images but did not present for telemedicine 

visit, patients had a telemedicine visit but did not subsequently adhere to the 

recommendation for an in-person visit or diagnostic testing, or upon evaluation, they had no 

skin condition present for examination.
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Telemedicine clinical workflow

Patients submitted ≥ 1 clinical images of the skin condition to the consulting dermatologist 

prior to, or during the telemedicine visit. All patients received standardized imaging 

instructions, which provided lighting and flash guidelines in addition to recommended 

poses. Images were sent to the dermatologist via secure email. If necessary, the 

dermatologist could request an additional set of images. Quality of images was rated by the 

dermatologist as ‘insufficient’ vs. ‘sufficient’. Images of sufficient quality were further rated 

as ‘high quality’ or ‘average quality’. All telemedicine visits were real-time video 

encounters conducted using a video conferencing platform (Zoom Video Communication, 

Inc.). After reviewing the images and interviewing the patient, the dermatologist recorded 

their telemedicine clinical diagnosis and treatment plan into a study-specific data collection 

form. Patient demographics (age and sex), Fitzpatrick skin type (I-VI) and medical history 

were recorded. If the dermatologist was unable to reach a diagnosis, the patient was directed 

for an in-person visit, skin biopsy and/or additional laboratory workup.

Artificial intelligence index test

During the telemedicine visit, a validated, public, web-based AI algorithm (available online 

at http://modelderm.com) was used as the AI index test. Briefly, the algorithm was trained 

by one of the authors (S.S.H.) using the ASAN dataset that consisted of 220,680 images. It 

was validated using part of the ASAN dataset (17,125 images). The test set consisted of 

images from Korea (2201 images from the Seoul National University Bundang Hospital, 

Inje University Sanggye Paik Hospital, and Hallym University Dongtan Hospital), and the 

Edinburgh dataset (1300 images). The network structure includes SENet, SE-ResNet-50, and 

visual geometry group (VGG-19) parallelly concatenated and trained with 174 disease 

classes. These neural networks (SENet, SE-ResNet-50, and VGG-19) are convolutional 

neural networks, and the number of hidden layers is 154, 50 and 19, respectively. ImageNet 

pretrained models of each network were finetuned end-to-end separately. Details can be 

found in Han et al.11

The AI web application allowed uploading images at different magnifications. As per the 

instructions for the algorithm, images were uploaded with the skin condition occupying at 

least 80% of the field of view and with the region of interest (ROI) centred. The 

dermatologist chose a single image to upload to the web application. Dermatologists were 

instructed to use the most-representative and highest-quality image for each skin condition. 

The algorithm output consisted of three diagnoses (from a possible list of 174 skin 

conditions), ranked in order of probability (ranging from 0 to 1). All algorithm outputs were 

recorded. This procedure was conducted in real-time, during the visit, with the potential of 

affecting the outcome of the visit. Given the nature and setting of the AI index test, the 

reference standard as well as the composition of test classes was inherently blinded. Finally, 

dermatologists recorded if exposure to the AI algorithm: (a) was clinically useful to them 

during the telemedicine visit by either increasing their diagnostic confidence and/or 

expanding their differential diagnosis (yes, no) and (b) led to a change in their telemedicine 

clinical diagnosis (yes, no).
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Healthcare provider index test

Subsequent to the telemedicine visit, clinical images were independently evaluated by nine 

healthcare providers in a reader study. We invited three board-certified dermatologists, three 

dermatology residents, and three general practitioners (GPs), and all agreed to participate. 

The dermatologists had a median (min-max) of 3 (2–5) years of postresident clinical 

experience. One resident was in their second year and two were in their third year of 

dermatology training. The GPs had no formal training in dermatology but had an interest in 

skin diseases. GPs had a median (min-max) of 7 (1–11) years of postmedical school clinical 

experience. In this experiment, readers were only exposed to the images submitted by the 

patient and were blinded to clinical history/metadata as well as the results of the AI index 

test and the reference standard. There were no time restrictions.

Reference standard

The reference standard was defined in one of two ways. First, if the patient was 

recommended to return for an in-person clinic visit, the diagnosis from this visit (and any 

associated laboratory testing or skin biopsies) was used as the reference standard. Second, if 

no in-person clinic visit was performed, a panel of 6 dermatologists evaluated the case and 

established the reference standard based on consensus agreement. The panel dermatologists 

had a median (min-max) of 8 (5–13) years of postresident clinical experience; there was no 

overlap between dermatologists who participated in the reader study and the reference 

standard. During the consensus evaluation, the clinical images and medical history were 

shown to the panel of dermatologists. All index test results were unavailable during 

consensus evaluations. Only one diagnosis was permitted for the reference standard. There 

were no cases of disagreement.

Statistical analysis

Descriptive statistics were used to characterize the study data. Diagnoses were grouped into 

5 categories and 13 subcategories: (1) ‘inflammatory’ (subcategories: dermatitis, acne/

rosacea, autoimmune, papulosquamous and other); (2) ‘infectious’ (subcategories: bacterial, 

viral, fungal and parasitic); (3) ‘neoplastic’ (subcategories: malignant and benign); (4) 

‘alopecia’ (subcategories: scarring and non-scarring); and (5) ‘other’ (e.g. burn, scar, striae 

and among others), using a system adapted from Liu et al.13

The primary outcomes were the ‘top-1 accuracy’ and the ‘balanced top-1 accuracy’. The 

‘top-1 accuracy’ measures how frequently the top-1 prediction of the index test matched the 

reference standard diagnosis. Similar but not identical diagnoses to the reference standard 

(i.e. herpes simplex vs. herpes zoster) were considered incorrect. The ‘balanced top-1 

accuracy’ is the top-1 accuracy computed for each unique diagnosis separately and then 

averaged. This was performed to account for the variant prevalence of certain diagnoses (e.g. 

acne vs hidradenitis suppurativa). Because algorithm fundamentally always predicted 

incorrect answers for the untrained cases (‘out of distribution’), we performed sub-analyses 

for both measures restricted to the 174 conditions on which the index AI algorithm was 

explicitly trained (i.e. ‘in distribution’ vs. ‘overall’ conditions). A secondary outcome was 

the ‘top-3 accuracy’, which measures if the reference standard diagnosis was included in any 

of 3 diagnoses of the AI algorithm output.
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Shapiro–Wilk test was used for tests of normality, Z-tests were used to compare proportions, 

and Chi-square and Fisher exact tests were used to evaluate the association of categorical 

variables. Statistical analysis was performed using STATA 14.0®. An alpha value below 

0.05 was considered statistically significant.

Results

A total of 380 skin conditions were evaluated in the telemedicine clinic during the study 

period. After exclusion of 40 skin conditions (18 no clinical images, 8 insufficient quality 

images, 8 lost to follow-up after recommendation of in-person visit, and 6 no active disease), 

340 skin conditions (87 unique diagnoses) from 281 patients met the study inclusion criteria. 

The mean (SD) age of the patients was 33.7 (17.5) years; 37% (n = 104) were male and 63% 

(n = 177) were female. Of the 340 skin conditions, 190 (55.9%) occurred in Fitzpatrick skin 

phototype III patients, 84 (24.7%) in type IV patients, 59 (17.3%) in type II patients and 7 

(2.1%) in type I patients.

In 7.1% (n = 24) of visits, additional clinical images were requested and provided by the 

patients. Overall, 87.4% (n = 297) and 12.6% (n = 43) of images were rated as having ‘high 

quality’ and ‘average quality’, respectively. There were no differences in image quality by 

diagnostic category (P = 0.971) (Table S1). The reference standard was determined from in-

person clinic visits (18.5%, n = 63), skin biopsy (13.8%, n = 47) and consensus agreement 

of panel dermatologists (81.5%, n = 277). Overall, per the reference standard, 225 of the 

skin conditions were inflammatory (66.2%), 52 infectious (15.3%), 32 neoplastic (9.4%), 15 

alopecia (4.4%) and 16 other (4.7%). There were 87 unique diagnoses; the most frequent 

were acne (18.5%), contact dermatitis (8.2%), psoriasis (3.8%) and warts (3.6%) (Table 1 

and Table S2).

AI performance

The AI algorithm had overall top-1 and balanced top-1 accuracies of 41.2% and 35.1%, 

respectively (Table 2). Accuracy was associated with the Fitzpatrick skin type with better 

performance in darker skin types and was not associated with sex (Table S3). Of the 87 

unique skin diagnoses included, 63 (72.4%) were part of the AI algorithm training dataset. 

Therefore, 305 out of the 340 (89.7%) skin conditions were ‘in distribution’ and 35 were 

‘out of distribution’ images. When limiting the analysis to the ‘in distribution’ skin 

conditions, the top-1 and balanced top-1 accuracies increased to 45.3% and 47.6%, 

respectively (Table 3).

AI performance by disease category/subcategory

Top-1 accuracy was highest in the ‘other’ category (68.8%), followed by the ‘infectious’ 

(50%), ‘inflammatory’ (38.2%), ‘neoplastic’ (37.5%) and ‘alopecia’ (33.3%) categories (P = 

0.089). For the subcategories, ‘non-scarring alopecia’ had the highest top-1 accuracy 

(71.4%), followed by ‘papulosquamous’ (52.9%), ‘fungal’ (52.4%), ‘viral’ (50%), 

‘bacterial’ (50%), ‘acne/rosacea’ (47.4%), benign neoplasms (42.9%), ‘dermatitis’ (34.1%), 

‘autoimmune’ (26.5%), ‘parasitic’ (0%), ‘malignant neoplasms’ (0%) and ‘scarring 

alopecia’ (0%) (P = 0.035) (Table 2).
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AI vs. Physician performance

The overall top-1 accuracy of the AI algorithm (41.2%) was lower than that of the 

dermatologists (60.1%; P < 0.001), residents (57.8%; P < 0.001) and GPs (49.3%; P = 

0.034) (Table 2, Figure 1). The balanced top-1 accuracy of the AI algorithm was 35.1%, 

lower than the dermatologists (45.2%; P = 0.007) and the residents (42.6%: P = 0.045), but 

not different than the GPs (33.1%; P = 0.582).

The overall top-1 ‘in distribution’ accuracy of the AI algorithm (45.3%) was lower than that 

of the dermatologists (63.1%) and residents (60.9%) (P < 0.001) but similar to GPs (52.9%, 

P = 0.061) (Table 3, Figure 1). The balanced top-1 ‘in distribution’ accuracy of the AI 

algorithm (47.6%) was similar to that of the dermatologists (49.7%, P = 0.604) and residents 

(47.7%, P = 0.980) and superior than the GPs (39.7%, P = 0.049).

Accuracy by image quality

The algorithm achieved a higher top-1 accuracy in images of ‘high quality’ than in images of 

‘average quality’ (44.4% vs. 18.6%, P = 0.001). In contrast, there were no differences in the 

performance of the readers by image quality (Table S4).

AI utility

Overall, use of the AI algorithm was considered useful in 11.8% (n = 40) of cases, by 

increasing diagnostic confidence and/or expanding the differential diagnosis (Figure 2). The 

top-1 accuracy of these 40 photographs was 50%, similar to the overall top-1 accuracy of the 

340 images (41.2%, P = 0.286). The top-3 accuracy was 75.9%. The ‘balanced’ top-1 

accuracy for these 40 images was 54.9%, higher than the balanced top-1 accuracy of the 340 

images (35.1%, P = 0.014). ‘In distribution’ pathologies included in these 40 cases were 

inflammatory (n = 17), infectious (n = 12) and neoplastic (n = 8) (Table S5). Exposure to the 

AI algorithm modified the real-time diagnosis of the teledermatologist in 0.9% (n = 3) of 

cases; in 2 cases the diagnosis was correctly modified (tinea corporis and perioral dermatitis) 

and in 1 case neither the clinician nor the algorithm matched the reference standard 

(sarcoidosis).

Discussion

In this prospective, real-life study, we evaluated an AI algorithm’s performance in 340 skin 

conditions from 281 patients assessed via teledermatology and compared the results to 

physicians with different levels of experience in a reader study. The top-1 diagnosis 

accuracy, which indicates the accuracy of the algorithm’s diagnosis with the highest 

probability, was inferior to the accuracy of dermatologists, residents and GPs. However, 

when narrowing the analysis to the diseases included in the algorithm training dataset (i.e. 

‘in distribution’ cases) and adjusting for the variant prevalence of certain conditions, the 

‘balanced top-1 accuracy’ of the AI program was similar to the dermatologists and residents, 

and better than the GPs, suggesting growing potential for the use of AI in dermatology care.

Our results are similar to a recent study by Han et al11 that tested the same algorithm. They 

observed a top-1 accuracy of 44.8%, similar to the dermatologists. Liu et al13 used a CNN 
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algorithm to classify clinical images obtained retrospectively from cases of a 

teledermatology service within 26 pathologies. The AI program achieved a top-1 accuracy of 

66%, exceeding that of primary care physicians and nurse practitioners and similar to 

dermatologists.

Previous studies have used AI algorithms to distinguish melanoma from benign and 

malignant neoplasms, using datasets with high-quality, standardized clinical or dermoscopic 

images, mostly in experimental-reader environments. Those studies have shown similar or 

better AI diagnostic performances when compared with physicians.14–17 This study is the 

first to apply an AI algorithm to patient-taken clinical photographs in a prospective manner 

and in a real-life telemedicine scenario. In 2020, Tschandl et al18 evaluated an algorithm on 

dermoscopic images taken by patients at high risk for skin cancer and showed a lower 

performance compared with physician-taken dermoscopic images. Training an algorithm on 

dermatological clinical images has inherently more difficulties due to the great variability on 

image acquisition of those images compared with dermoscopic images alone. Only one 

study has evaluated the performance of an AI algorithm in classifying lesions as benign or 

malignant in a prospective real-life setting. In that study, the performance of the AI 

algorithm was significantly lower than obtained on a test set during algorithm training.5

Our study is novel in several aspects. We examined the performance on 87 different 

diagnoses; images were taken by patients mainly with cellphones and not by a health 

professional or professional cameras; patients were consecutive and not selected; and the 

study was conducted in a real-life teledermatology setting, with untrained dermatologists on 

the use of an AI algorithm. Interestingly, the performance of the AI algorithm was poorer in 

images of lower quality. This suggests that for optimal use of AI in clinical practice, image 

quality standards are needed.19,20 In contrast, image quality did not appear to affect the 

performance of physicians. We also observed better performance of the AI algorithm in 

darker skin types. This may be related to the population used to train the algorithm, which 

was mostly Asian. Our patient population was mainly comprised of Hispanic/Latino 

patients, which more commonly have darker skin types. This highlights the importance of 

the inclusion of patients with all skin colours in the development of AI algorithms, as skin 

type might affect diagnostic accuracy.21

Our results suggest that the use of AI algorithms could be a potentially useful tool for GPs to 

broaden their differential diagnosis of skin diseases. For the dermatologist, in contrast, it 

could be a useful tool to in atypical, challenging or doubtful cases. In fact, the use of the AI 

algorithm was deemed as useful in more than 10% of the cases, even though it did not 

modify the dermatologists’ primary diagnosis in most cases. The benefit of exposure to the 

algorithm may be greater in groups with less experience, considering that Tschandl et al18 

showed an inverse relationship between the gain from AI-based support and rater 

experience.

Limitations

Due to the sample size and consecutive case recruitment, we did not obtain representative 

results of less common diseases. The AI algorithm output was based on a single photograph, 

which differs from other AI algorithms that consider more than one photograph or additional 
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clinical metadata.22,23 Finally, we did not use formally validated tools to measure the 

physicians’ confidence in their diagnosis as well as the perceived utility of the algorithm.

Conclusion

In this prospective real-life study, we demonstrated that the accuracy of an AI algorithm was 

inferior to dermatologists for images of lesions submitted by patients during teledermatology 

encounters. Nonetheless, the use of an algorithm could enhance the confidence and accuracy 

of physicians as a human-algorithm collaboration tool. This is especially relevant due to the 

recent increase in teledermatology clinics worldwide.24,25 To further improve the 

performance of AI algorithms, they may need to be customized regionally. More studies are 

needed before AI can be incorporated into daily clinical practice.
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Figure 1. 
Overall and Balanced Top-1 accuracy of the AI algorithm vs. the Top-1 for clinicians. (a) All 

cases (in distribution + out of distribution) (n = 340). (b) In distribution cases (n = 305).
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Figure 2. 
Representative cases seen in the study. (a) 25-year-old female with diagnosis of acne. The 

tele-dermatologist’s diagnosis was ‘acne’ and the top-1 diagnosis of the algorithm was 

‘varicella’. The algorithm was considered ‘not useful’. (b) 10-year-old male with atopic 

dermatitis and diagnosis of ‘eczema herpeticum’. The tele-dermatologist had diagnostic 

uncertainty, suspecting ‘bacterial superinfection’ or ‘herpetic eczema’. The second and third 

diagnoses of the algorithm were ‘herpes simplex’ and ‘herpes zoster’ (top-3 correct). The 

algorithm increased the diagnostic confidence of the tele-dermatologist, who prescribed 

antivirals. (c) 20-year-old female. A diagnosis of ‘pseudolymphoma’ or ‘cutaneous lupus’ 

was suspected by the tele-dermatologist. The top-1 diagnosis of the algorithm was ‘tinea 

corporis’. A potassium hydroxide examination confirmed the diagnosis of a dermatophyte 

infection. In this case, the AI algorithm changed the diagnosis correctly.
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