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Abstract Background: The clinical differentiation of face and scalp lesions (FSLs) is chal-

lenging even for trained dermatologists. Studies comparing the diagnostic performance of a

convolutional neural network (CNN) with dermatologists in FSL are lacking.

Methods: A market-approved CNN (Moleanalyzer-Pro, FotoFinder Systems) was used for bi-

nary classifications of 100 dermoscopic images of FSL. The same lesions were used in a two-

level reader study including 64 dermatologists (level I: dermoscopy only; level II: dermoscopy,
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Melanoma;

Lentigo maligna;

Solar lentigo;

Actinic keratosis;

Seborrheic keratosis;

Basal cell carcinoma
Abbreviations

95% CI 95% confidence interva

AUC area under the curve

CNN convolutional neural ne

ROC receiver operating char
clinical close-up images, textual information). Primary endpoints were the CNN’s sensitivity

and specificity in comparison with the dermatologists’ management decisions in level II.

Generalizability of the CNN results was tested by using four additional external data sets.

Results: The CNN’s sensitivity, specificity and ROC AUC were 96.2% [87.0%e98.9%], 68.8%

[54.7%e80.1%] and 0.929 [0.880e0.978], respectively. In level II, the dermatologists’ manage-

ment decisions showed a mean sensitivity of 84.2% [82.2%e86.2%] and specificity of 69.4%

[66.0%e72.8%]. When fixing the CNN’s specificity at the dermatologists’ mean specificity

(69.4%), the CNN’s sensitivity (96.2% [87.0%e98.9%]) was significantly higher than that of

dermatologists (84.2% [82.2%e86.2%]; p < 0.001). Dermatologists of all training levels were

outperformed by the CNN (all p < 0.001). In confirmation, the CNN’s accuracy (83.0%)

was significantly higher than dermatologists’ accuracies in level II management decisions

(all p < 0.001). The CNN’s performance was largely confirmed in three additional external

data sets but particularly showed a reduced specificity in one Australian data set including

FSL on severely sun-damaged skin.

Conclusions: When applied as an assistant system, the CNN’s higher sensitivity at an equiva-

lent specificity may result in an improved early detection of face and scalp skin cancers.

ª 2020 Elsevier Ltd. All rights reserved.
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1. Introduction

The skin of face and scalp differs from skin of other

anatomic sites because of rather flat rete ridges and high

densities of follicular openings, sweat glands, and
sebaceous glands [1]. Therefore, the clinical and der-

moscopic examination of face and scalp lesions (FSLs)

requires additional knowledge on specific patterns at

these sites [2]. Moreover, a straightforward clinical

diagnosis is often challenging as FSL of benign (e.g.

solar lentigo, lichen planus like keratosis) or malignant

biology (e.g. lentigo maligna, pigmented actinic kera-

tosis [AK]) may show overlapping features [3e5]. The
appearance of FSL on severely sun damaged skin or

collisions of two or more different lesions may addi-

tionally hamper a correct diagnosis [6,7].

Recently, computer vision systems were reported to

attain a high level of diagnostic accuracy in the classi-

fication of skin lesions [8e12]. These systems often use

deep learning convolutional neural networks (CNNs)

trained by images and corresponding diagnostic labels.
In this end-to-end approach software filters autono-

mously scan training images on a pixel level for ‘good

representations’ of the specific diagnostic label. Each

additional training image increases the CNN’s ‘knowl-

edge’ on what the diagnostic label ‘looks like’. Well-

trained CNNs achieved a diagnostic accuracy on or
above the level of dermatologists. However, the meth-

odology of many earlier studies made it difficult to

transfer results into a real-life clinical setting [13]. Some

studies applied a disadvantageous setting on the side of

dermatologists by asking them to make a diagnosis by

only one image. Moreover, the differentiation of only
two diagnoses (e.g. nevi versus melanomas) did not

adequately reflect the clinical situation with a much

broader spectrum of lesions. With few exceptions [14,15]

most studies did not include lesions of special anatomic

sites (e.g. lesions of acral skin, mucosa, face, scalp).

Finally, most previous publications did not imply a

commercially or publicly available CNN architecture

making it difficult to reproduce reported results.
The aim of the present study was to investigate a

broad spectrum of FSL by a market-approved

CNN [9,14e16]. As a main comparator, we chose the

management decisions of dermatologists after reviewing

full case information, comparable with the setting of a

classical store-and-forward teledermatology

consultation [17].

2. Methods

The study was approved by the local ethics committee

and performed in accordance with the Declaration of

Helsinki principles.

2.1. Data for test cases

2.1.1. Test-set of this study

We compiled a test-set of 100 FSL by randomly drawing

image IDs created via a web-based application

(Random.org, Randomness and Integrity Services Ltd.,

Dublin, Ireland). Included images were provided by five

participating institutions, namely 1) Department of

http://Random.org
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Dermatology, University of Heidelberg; 2) Department

of Dermatology, Hospital Thalkirchner Street,

Munich; 3) Department of Dermatology, Medical

University of Graz; 4) First Department of

Dermatology, Aristotle University, Thessaloniki; 5)

Dermatology Office based clinic of Dermatology,

Konstanz. The test-set was ‘fully external’, because

none of the institutions providing test cases was
involved in CNN training or validation. The final set

included many difficult-to-differentiate lesions, namely

flat/macular lesions (n Z 77) of melanocytic or non-

melanocytic origin (Table 1). Most malignant cases

were lentigo maligna and lentigo maligna melanoma,

and false negative classifications in these diagnoses may

significantly worsen the prognosis. Raised/nodular cases

(n Z 23) targeted the differential diagnoses of
Table 1
Characteristics of patients and lesions (n Z 100 face and scalp cases).

Face and

scalp cases

(n Z 100)

Age (mean, �SD) 59 �22.8

Sex (n, %)

Female 42 42.0%

Male 58 58.0%

Confirmation of diagnosis (n, %)

Histopathology 98 98.0%

Unremarkable follow-up (>2 years) 2 2.0%

Localization (n, %)

Cheek 49 49.0%

Chin 1 1.0%

Ear 4 4.0%

Eye lid 4 4.0%

Forehead 15 15.0%

Nose 15 15.0%

Philtrum 3 3.0%

Scalp 5 5.0%

Temple 4 4.0%

Malignant diagnosis (n, %)

Lentigo maligna 22 22.0%

Invasive melanoma 19 19.0%

Lentigo maligna melanoma 16 16.0%

Nodular melanoma 2 2.0%

Superficial spreading melanoma 1 1.0%

(Pigmented) basal cell carcinoma 5 5.0%

(Pigmented) actinic keratosis 6 6.0%

Benign diagnosis (n, %)

Nevus 18 18.0%

Solar lentigo/seborrheic keratosis 30 30.0%

Breslow thickness of invasive melanomas (mean, ±SD) 0.75 �0.91

Pigmentation (n, %)

Pigmented 87 87.0%

Non-pigmented 13 13.0%

Origin of pigmentation (n, %)

Melanocytic 59 59.0%

Non-melanocytic 41 41.0%

Clinical morphology (n, %)

Flat/macular 77 77.0%

Raised/nodular 23 23.0%

Melanomas included hypomelanotic/amelanotic forms, actinic kera-

toses included pigmented forms, basal cell carcinomas included pig-

mented forms.
(pigmented) basal cell carcinoma, nodular melanoma,

papillomatous (dermal) nevus, or seborrheic keratosis.

All cases included close-up images, dermoscopic images,

and textual information (age, sex, anatomic location).

2.1.2. Additional external test-sets

To test for generalizability, we additionally used four

other external test-sets comprising a total of 4832 der-

moscopic images (Supplementary Table S1). First, the

‘Australian data set’ included solely FSL (n Z 240) and

was collected by C. Rosendahl between 2007 and 2012 in

a primary skin cancer practice in Queensland,

Australia [2]. Authors were fully blinded to diagnoses

and lesions were often located on severely sun damaged
skin and included many small and early lentigo maligna

lesions. All except one melanoma (Breslow 0.3 mm)

were in situ. Second, the ‘ISIC2018 data set’ including

1511 lesions with full blinding to diagnoses [11]. Third,

the ‘MSK-1 data set’ including 1100 lesions available at

https://www.isic-archive.com. Finally, the ‘Prospective

data set’ a real-world dermoscopic data set of 1981 le-

sions prospectively acquired during 15 years of follow-
up examinations in 435 patients at increased mela-

noma risk [18]. The CNN performance in data sets with

blinding was kindly assessed by P. Tschandl.

2.2. The convolutional neural network

The CNN was approved as a medical device in the
European Union (Moleanalyzer-Pro�, FotoFinder Sys-

tems, Bad Birnbach, Germany), and uses a modified

architecture of Google’s Inception_v4 [19], specifically

trained with dermoscopic images. The prototype of the

CNN was tested in a pivotal study [9] and details per-

taining to the CNN architecture and training were re-

ported earlier [9,14e16]. The CNN put out a

‘malignancy score’ ranging from 0 to 1 (higher scores
indicating higher probability for malignancy) with the a

priori cut-off of >0.5 for classifying a lesion as

malignant.

2.3. Reader study level I and II

Dermatologists were personally invited to participate
via a Web-based rating application. Participants were

categorised according to self-reported level of experience

with dermoscopy (‘beginner’ <2 years of experience,

‘skilled’ 2e5 years of experience, ‘expert’ �5 years of

experience). Dermatologists were not limited in the time

spend per case and could discontinue their work at their

own convenience for a 6-month period.

Each case was presented via two subsequent com-
puter slides: i) dermoscopic image (level I information)

and ii) dermoscopic image plus close-up image and

textual information (level II information). For each slide

dermatologists had to indicate management decisions

(treatment/excision, follow-up examination, no action)

https://www.isic-archive.com


Fig. 1. Receiver operating characteristic curve of the convolutional

neural network (CNN) (black curve) in relation to the results of all

dermatologists (n Z 64, red dots) in their level II management

decisions (full case information). The average (�SD) sensitivity

and specificity of all dermatologists (mean: green circle; � SD:

green error bars) and the CNN’s point of operation (blue circle,

sensitivity: 96.2%, specificity: 68.8%) are depicted.
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and binary diagnostic decisions (benign, malignant).

Diagnostically unclear case could be marked as ‘un-

clear’. All study cases are shown in Supplementary

Fig. S1.

2.4. Statistical analysis

Primary outcome measures were the CNN’s sensitivity,

specificity and accuracy in comparison with the derma-

tologists’ management decisions in study level II. Sec-

ondary endpoints included the dermatologists’

diagnostic decisions, their performance according to
their experience and the CNN’s area under the curve

(AUC) of receiver operating characteristics (ROCs).

Estimates are provided along with 95% confidence

intervals.

Management decisions ‘no action’ and ‘follow-up

examination’ were considered true-negative for benign

lesions. AK shows limited potential to progress to

invasive carcinoma and ‘excision/treatment’ and ‘follow-
up examination’ were considered true-positive.

For a head-to-head comparison of the CNN’s and

the dermatologists’ sensitivity at the same specificity we

determined the cut-off in CNN malignancy scores cor-

responding to the dermatologists’ mean specificity

within a 1100-image validation-set. This cut-off was

transferred to the test-set and the CNN’s versus der-

matologists’ sensitivity could be compared by a non-
parametric one sample Wilcoxon signed-rank test.

Changes in dermatologists’ diagnostic performance after

receiving additional level II information were tested by

Wilcoxon paired signed-rank test with observations

related to readers. Bonferroni corrections were used to

adjust for multiple testing. Results were considered

statistically significant at the p < 0.05 level. All analyses

were carried out using SPSS Version 24 (IBM, SPSS;
Chicago, Illinois, USA).

3. Results

3.1. Characteristics of face and scalp cases (n Z 100)

The average age (�SD) of patients was 59 (�22) years

(range 4e92 years) and 42% were female (Table 1). Face

and scalp cases included 48 benign lesions and 52 ma-

lignant/premalignant lesions (Supplementary Fig. S1).

3.2. Performance of convolutional neural network

3.2.1. Performance in test-set of this study

The CNN showed a sensitivity across all malignant di-

agnoses and specificity across all benign diagnoses of

96.2% [87.0%e98.9%] and 68.8% [54.7%e80.1%],
respectively. The ROC AUC was 0.929 [0.880e0.978]

(Fig. 1). Boxplots in Fig. 2 show the distribution of

malignancy scores in relation to diagnoses. The per-

centage of correct classifications in malignant lesions
was 100% in basal cell carcinomas, 100% in actinic

keratoses, 95.5% in invasive melanomas and 94.7% in

lentigo maligna, whereas in benign lesions 88.9% of nevi

and 56.7% of solar lentigo/seborrheic keratosis were

classified correctly (83.0% overall accuracy).

3.2.2. Performance in additional external test-sets

We used four external data sets (two with full blinding

to diagnoses) to test for generalizability of the CNN

performance (Supplementary Table S1). The ‘Australian

data set’ included 240 FSL collected in Queensland,

Australia [2]. Here, the CNN’s sensitivity was 90.4%
[83.5%e94.5%], however at a lower specificity of 48.4%

[39.9%e57.1%] resulting in a significantly lower ROC

AUC in comparison with our study data set (0.814

[0.760e0.868] versus 0.929 [0.880e0.978], p Z 0.014)

(Fig. 3). As a possible explanation for the reduced

specificity we found a frequent co-localization of benign

lesions with severely sun-damaged adjacent skin. In

contrast, the CNN’s ROC-AUC in our study data set
was comparable with that attained in the much larger

‘ISIC2018 data set’ (0.926 [0.912e0.940])11, ‘MSK-1

data set’ (0.939 [0.923e0.954]) and ‘Prospective data set’

[18] (0.945 [0.930e0.961], all p > 0.585).

3.3. Dermatologists’ management decisions

The mean sensitivity and specificity of dermatologists

for management decisions during study level II (full case

information) was 84.2% [82.2%e86.2%] and 69.4%



Fig. 2. The convolutional neural network’s (CNN) malignancy

scores (range 0e1) for major benign and malignant diagnostic

categories are depicted as boxplots. Scores closer to 1 indicate a

higher probability of malignancy. The upper and lower bounds of

boxes indicate the 25th and 75th percentiles while the median is

indicated by the line intersection the boxes. Whiskers indicate the

full range of scores. SebK, seborrheic keratosis.
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[66.0%e72.8%], respectively. With only one dermo-

scopic image at hand (study level I) dermatologists were

less sensitive (77.1% [74.0%e80.2%]) at a similar speci-

ficity (69.5% [66.3%e72.7%]). Expectedly, the perfor-

mance of dermatologists improved with more

experience. The percentage of correct management de-

cisions (accuracy) was lowest in beginners and highest in
experts (Supplementary Table S2). Full details on the

dermatologists’ performance are given in the supple-

ment and Supplementary Fig. S2.
3.4. Performance of convolutional neural network versus

dermatologists

The benchmark analysis was the difference in sensitivity

between the CNN and dermatologists when compared

at the mean specificity of dermatologists’ management

decisions in level-II. The CNN’s a priori cut-off at this

specificity (69.4%) was attained in a 1100-image
validation-set and then applied to the test-set. The

resulting CNN’s sensitivity was 96.2% [87.0%e98.9%],

which was significantly higher than the mean sensitivity

of dermatologists (84.2% [82.2%e86.2%]; p < 0.001).

For management decisions based on one dermo-

scopic image (level I) the dermatologists’ sensitivity was

lower and more inferior to the CNN (77.1% [74.0%e
80.2%]; p < 0.001). Moreover, accuracies (percentage of
correct diagnoses) were used for comparing dermatolo-

gist with the CNN. In this statistical approach the CNN

also outperformed dermatologists in their management

decisions (Supplementary Table S2).
4. Discussion

Chronically sun exposed skin of the face and scalp is

particularly prone to develop skin lesions of benign and/

or malignant biology. Clinically, diagnostic un-

certainties concerning FSL arise from overlapping

morphologies of benign and malignant lesions [2,3].
To create a setting closer to a real-life clinical situa-

tion, test cases in this study included a broad range of

malignant and benign, melanocytic and non-

melanocytic, pigmented and non-pigmented, flat/macu-

lar and raised/nodular skin lesions. These lesions

comprised the vast majority of FSL frequently biopsied

in clinical routine to confirm or rule out malignancy.

Most lesions (61%) were ‘difficult to differentiate’ le-
sions, namely lentigo maligna (22%), pigmented solar

lentigo/seborrheic keratosis (28%), pigmented AK

(6%) and pigmented basal cell carcinoma (5%). More-

over, we aimed to apply a fair comparator to the CNN’s

performance [13]. Our data clearly show that derma-

tologists’ management results improved after having

reviewed clinical plus dermoscopic images accompanied

by textual case information. Of note, gaining better re-
sults by integrating different levels of information into

the diagnostic process also works for CNNs. It was

shown, that the fusion of one CNN assessing clinical

images to one classifying dermoscopic images achieved

better results than either CNN alone [20]. Moreover,

textual non-imaging information may also be included

into the analysis by neural networks for successfully

predicting skin cancer [21].
The CNN of our study significantly outperformed the

dermatologists’ sensitivity by approximately 12% when

operating at a threshold equivalent to the dermatolo-

gists’ mean specificity. This difference in sensitivity

translated to an average of 6.2 of 52 malignant lesions

more frequently missed by dermatologists than by the

CNN (CNN: 2/52 malignant lesions missed, dermatol-

ogists: mean of 8.2/52 malignant lesions missed). Of
note, the CNN evaluated dermoscopic images only,

whereas dermatologists reviewed the full case informa-

tion. Unsurprisingly, when grouping dermatologists by

their self-reported experience, more experienced der-

matologists attained better results. This was reflected by

an improved rate of correct decisions in their diagnostic

and management decisions. When comparing the man-

agement decisions of dermatologist subgroups (experts,
skilled, beginners) after reviewing full information with

the CNN we found a significantly higher accuracy for

the CNN (only 8 of 30 experts surpassed the CNN’s

performance). Additionally, when setting the CNN’s

operation point to the specificity of individual derma-

tologist subgroups, the sensitivity of the CNN was

significantly higher across all levels of experience.

Most of the CNN’s outperformance was related to a
higher sensitivity at an equivalent specificity. In a



Fig. 3. The convolutional neural network’s (CNN) receiver oper-

ating characteristic (ROC) curve in the data set of this study (red

curve) is depicted in comparison with ROC curves resulting from

additional external data sets. The ‘Australian data set [2]’ solely

included face and scalp lesion (FSL) (green curve). The point of

operation of the CNN within both FSL data sets is depicted as a

circle on the curve in red (this study: sensitivity 96.2%, specificity

68.8%) and in green (‘Australian data set’: sensitivity 90.4%,

specificity 48.4%). Moreover, ROC curves of three other external

data set including more than 4500 images are shown. The ROC

AUCs were 0.929 [0.880e0.978] in this study’s data set, 0.814

[0.760e0.868] in ‘Australian data set’, 0.926 [0.912e0.940] in

‘ISIC2018 data set’, 0.939 [0.923e0.954] in ‘MSK-1 data set’, and

0.945 [0.930e0.961] in ‘Prospective data set’.
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clinical routine application of the CNN, this should

result in less missed malignant lesions but not neces-

sarily in less biopsied benign lesions. Yet, in a prospec-

tive real-life situation, the CNN would be applied as an

assistance system and its classifications would be

incorporated into the decision-making process. Unfor-

tunately, there are no prospective studies available to

show in which situation physicians would decide to
follow a CNN’s recommendation or not.

Overfitting and lack of generalizability are important

limitations not well recognised by many earlier

studies [22]. Overfitting occurs whenever an image data

set is collected from a few sources resulting in a narrow

distribution of lesions and also of unrecognised image

features. A similarly narrow distribution of lesions and

unrecognised image features in training and testing can
easily result in a major overestimation of the CNN’s

performance and lack of generalizability. For the CNN

of our study, overfitting was largely avoided by using

>150,000 training images from hundreds of cooperating

clinics and dermatologists around the world. Moreover,
all test cases were truly external cases, meaning that

sources providing test cases did not provide training

images. We also tested for generalizability by four larger

external data sets, one focused solely on FSL from

Australia with full blinding to the true diagnoses [2]. It

was reassuring to still find a CNN’s sensitivity of 90% in

the Australian data set [11], however, at a reduced

specificity and ROC AUC. The lower specificity in this
setting may be explained by appearance of many benign

lesions on severely sun-damaged skin. Conceivably, a

CNN that had ‘learned’ to classify actinic keratoses as

‘malignant’ during training could be misled by actinic

damage when present on surrounding skin. We are

currently investigating appropriate solutions to this

limitation in another study. In the remaining data sets,

which were not exclusively focused on FSL and included
more than 4500 dermoscopic lesions, the CNN’s per-

formance was comparable with that observed in our

study data set as shown by non-significant differences in

ROC AUCs.

There are several limitations to this study. First, our

test-set included only 100 lesions to guarantee recruit-

ment of enough dermatologists willing to review the

data, thus leaving only a few cases for certain diagnoses.
The CNN’s and the dermatologists’ results in these di-

agnoses should, therefore, be interpreted with caution.

Moreover, dermatologists did not receive textual infor-

mation on the history of lesions, e.g. recent change in

size or colour. The skin of face and scalp may bring

forward many more lesions (e.g. inflammatory lesions)

than were included in our test-set so that results should

not be transferred to a general population. Finally,
(current) deep learning algorithms lack interpret-

ability [23], rendering specific explanations for false

classifications impossible.

In conclusion, our study demonstrates that the tested

CNN may classify dermoscopic images of FSL at a high

level of sensitivity and specificity. The CNN’s perfor-

mance showed superiority in comparison with manage-

ment decisions of dermatologists after they had reviewed
the full case information. If applied in clinical routine,

the CNN’s higher sensitivity at an equivalent specificity

in comparison with dermatologists may result in less

missed malignant lesions but probably not in a reduc-

tion of biopsied benign lesions.
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