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Abstract  Background: Recently, convolutional neural networks (CNNs) systematically out-
performed dermatologists in distinguishing dermoscopic melanoma and nevi images. Howev-
er, such a binary classification does not reflect the clinical reality of skin cancer screenings in
which multiple diagnoses need to be taken into account.

Methods: Using 11,444 dermoscopic images, which covered dermatologic diagnoses
comprising the majority of commonly pigmented skin lesions commonly faced in skin cancer
screenings, a CNN was trained through novel deep learning techniques. A test set of 300
biopsy-verified images was used to compare the classifier’s performance with that of 112 der-
matologists from 13 German university hospitals. The primary end-point was the correct clas-
sification of the different lesions into benign and malignant. The secondary end-point was the
correct classification of the images into one of the five diagnostic categories.

Findings: Sensitivity and specificity of dermatologists for the primary end-point were 74.4%
(95% confidence interval [CI]: 67.0—81.8%) and 59.8% (95% CI: 49.8—69.8%), respectively.
At equal sensitivity, the algorithm achieved a specificity of 91.3% (95% CI: 85.5—97.1%).
For the secondary end-point, the mean sensitivity and specificity of the dermatologists were
at 56.5% (95% CI: 42.8—70.2%) and 89.2% (95% CI: 85.0—93.3%), respectively. At equal sensi-
tivity, the algorithm achieved a specificity of 98.8%. Two-sided McNemar tests revealed signif-
icance for the primary end-point (p < 0.001). For the secondary end-point, outperformance
(p < 0.001) was achieved except for basal cell carcinoma (on-par performance).
Interpretation: Our findings show that automated classification of dermoscopic melanoma and
nevi images is extendable to a multiclass classification problem, thus better reflecting clinical
differential diagnoses, while still outperforming dermatologists at a significant level
(p < 0.001).

© 2019 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Background

Skin cancer is the most common malignancy in white-
skinned individuals, and melanoma accounts for most
skin cancer—related deaths worldwide [1]. Early detec-
tion of melanoma improves survival, and thus, several
institutions and entities of the European Union fund
programs for skin cancer screening that lead to earlier
diagnoses [2].

The success of skin cancer screening is highly
dependent on the accuracy and diagnostic ability of
dermatologists conducting the skin examination. How-
ever, dermatologists rarely achieve sensitivities
exceeding 80% in skin cancer screening settings [3]. In
2017, Esteva et al. [4], were the first to report on a deep
learning convolutional neural network (CNN) image
classifier that performed. In addition, this CNN gener-
ated its own diagnostic criteria for melanoma detection
during training. Several follow-up publications by other
authors have demonstrated that CNNs may exceed a
dermatologist’s performance in distinguishing mela-
noma from nevi and suggested their regular use in
clinical practice to assist physician diagnoses [5—9,17-
19]. In addition, most recently deep learning indicated
superiority over pathologists in distinguising melanoma
from nevi in histopathological images [20,21]. However,
a binary classification problem does not reflect the
clinical reality of skin cancer screening in which entities
of multiple diseases need to be taken into account.

As a result, different investigators started to conduct
reader studies with multiple skin lesions that are more
reflective of a skin cancer screening setting [10—13].
However, a systematic outperformance of dermatolo-
gists in such a multiclass study was not achieved to date.

In this article, we compared the sensitivity and spec-
ificity of 112 German dermatologists from 13 university
hospitals with that of a single CNN in detecting the
most common lesions that should be distinguished in a
skin cancer screening setting: actinic keratosis, intra-
epithelial carcinoma/Bowen disease, squamous cell car-
cinoma, basal cell carcinoma, benign keratosis including
seborrhoeic keratosis, solar lentigo and lichen pla-
nus—like keratosis, melanocytic nevi and melanoma.
More than 90% of lesions. The majority of pigmented
skin lesions found in routine skin examinations in skin
cancer screening settings are covered by these lesions.

2. Methods
2.1. Study design

This comparative study was conducted from 15th
January 2019 (design of study) to 25th May 2019
(completion of data analysis and manuscript approval
by all authors). The completion of anonymous elec-
tronic questionnaires was undertaken from 23rd April
2019 to 7th May 2019. Dermatologists were included via
randomly assigned links to the department directors of
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13 university hospitals who were asked to send one
questionnaire to their employed dermatologists via an
official university email account. The Ethics Committee
of Heidelberg University waived ethical approval owing
to the anonymity of the survey and dermatologic
images.

2.2. Data sets

2.2.1. Training and validation set

All images were obtained from the International Skin
Imaging Collaboration (ISIC) archive; most images
came from the HAM10000 Dataset [14]. This archive
contains dermoscopic images of heterogencous pop-
ulations that are publicly accessible, anonymous and
taken by different camera systems. Because some images
from the HAM 10000 Dataset show the same lesion from
different magnifications and angles, duplicates were
removed by lesion ID (provided by HAMI10000 crea-
tors) so that only one image per lesion was used. This
data set was supplemented with an additional 4291 im-
ages from the ISIC archive. A sufficiently large number
of images per skin disease should be presented to der-
matologists to attain a statistically reliable value for
sensitivity and specificity. For this reason, we limited
this study to the differential diagnoses of the most
frequent skin diagnoses in the archive, split into five
compound classes: (1) actinic keratosis (solar keratosis),
intraepithelial carcinoma (Bowen disease), squamous
cell carcinoma (akiec); (2) basal cell carcinoma (bcec); (3)
benign keratosis, including seborrhoeic keratosis, solar
lentigo and lichen planus—like keratosis (bkl); (4) mel-
anocytic nevi (nv) and (5) melanoma (mel). Class divi-
sion was based on the diagnostic categories set up by the
HAMI10000 Dataset creators. Using these restrictions,
this study used 11,444 images, 6390 of which had been
biopsy verified.

2.2.2. Test set

In this study, only biopsy-verified images from the
HAM10000 Dataset were used for evaluating the algo-
rithm. To prevent selection bias for the 300 test images
(60 for each of the five disease classes) from the available
biopsy-verified image set, we programmed a random
generator in Python. The test set is available for
downloading at (https://skinclass.de/TestSet.zip).

2.3. Participants and electronic questionnaire

To compare the CNN results with those of the derma-
tologists, an electronic questionnaire with the 300 test
images was sent to 13 leading dermatologists at 13
university hospitals in Germany (Aachen, Berlin, Bonn,
Essen, Heidelberg, Kiel, Leipzig, Mannheim, Magde-
burg, Miinchen, Regensburg, Rostock and Wiirzburg).
Because a concentrated evaluation of 300 images at a
time is overtaxing, the test set was split into six

questionnaires, with 50 images each, and randomly
assigned to each clinic.

The first part of the questionnaire recorded meta-
data about the participating physician, including age,
gender, years of dermatologic practice, years of der-
moscopic experience, estimated number of performed
skin cancer screenings in the last year and position
within the medical hierarchy. In the second part of the
questionnaire, the dermatologist viewed 50 images of
biopsy-verified skin lesions. The participant answered
four questions about each image. First, the participant
evaluated the quality of the shown image (excellent,
good, sufficient, poor, other image problems and no
image visible). Second, the participant estimated
whether the lesion image shown was benign (nevus,
seborrhoeic keratosis, solar lentigo and lichen ruber
planus) or malignant (melanoma, basal cell carcinoma,
actinic keratosis, Bowen disease and squamous cell
carcinoma). The participant then quantified the cer-
tainty of the decision on a scale of 0 (certain benign) to
10 (certain malignant). A value of 5 corresponded to a
maximum uncertainty regarding this decision. The
dermatologist then identified the type of lesion most
likely shown in the image. There were five possible
answers to this question: (1) melanoma (mel); (2) nevus
(nv); (3) basal cell carcinoma (bcc); (4) actinic keratosis,
Bowen disease or squamous cell carcinoma (akiec) and
(5) seborrhoeic keratosis, lentigo solaris or lichen ruber
planus (bkl). Finally, for each picture, the dermatolo-
gists rated their uncertainty regarding the diagnosis on
a scale from 0 (very uncertain) to 10 (very certain), with
a value of 5 corresponding to a maximum uncertainty.
All parts and questions of the questionnaire were
mandatory, and the participants received the correct
answers to the differential diagnoses at the end of the
survey.

2.4. Training of the CNN model

To maximise the training set, one CNN was trained for
each questionnaire. The training and test set were made
disjunctive by removing all test images belonging to a
given questionnaire from the corresponding training set,
leaving 11,394 images for training. Because the distri-
bution of images across the classes was different
(i.e. class imbalance), nv was downsampled by a factor
of 2, whereas the others were upsampled by a factor of 3
(via data augmentation). Thus, the final training set
consisted of 585 akiec, 910 bee, 3101 bkl, 4219 nv and
3521 mel images, giving a total of 12,336 images.

Based on good previous experience with the
ResNet50 architecture for skin lesion classification, we
opted to use a ResNet50 model for this study. Kassani
and Kassani [15] confirmed this experience with quan-
titative experiments. Appendix 1 outlines details on the
training procedure.
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2.5. Survey evaluation

In anonymous surveys, the fact that some surveys are
filled out carelessly or in a rush should be accounted
for. To handle this issue, individual answers to each
question are combined using methods tailored to the
nature of the answers. For image quality (categorical),
answers were converted into a grade (integer, range:
1-5, 1 = excellent, 5 = other image problems/no
image visible), and the arithmetic mean was then taken.
To get a combined estimate of whether the lesion was
considered benign or malignant (numeric, range:
0—10), the median was taken and converted to benign
if < 5 or malignant if > 5. For the differential diagnosis
question (categorical), the majority decision was used
to assign a class to a single image by ranking the in-
dividual answers against each other and taking the
most frequent class. To get a combined certainty esti-
mate for the differential diagnoses, the median was
taken. These values were considered the dermatolo-
gists’ confidence levels in their decisions. For the CNN,
confidence values were the output probability of the
network for each class.

Of the 117 survey responses, 5 were removed for not
fulfilling preset statistical specifications. A subset of 75
images was taken out of the 300 images because they
scored above a certain quality threshold, and derma-
tologists experienced a performance drop when classi-
fying this subset. The threshold was set at 2.5, excluding
images that, on average, were marked insufficient or
inadequate.

2.6. Performance and statistical analysis

The results from the dermatologists and the classifier
were evaluated from two standpoints:

The first approach measured how well benign lesions
were distinguished from malignant ones. To convert the
multiclass output from the dermatologists and the CNN
into a binary output, each output class was mapped to
either benign or malignant according to the nature of the
class (e.g. akiec would be mapped to malignant). An
additional approach was used for dermatologists to
convert their estimate regarding benignancy and malig-
nancy (survey question 2) into benign and malignant, as
described in the previous section. From here on, the
former will be referred to as DD (for differential di-
agnoses), with the latter referred to as Est. (for the esti-
mation of benignancy/malignancy).

The second assessed performance with respect to the
differential diagnosis task. Because sensitivity and
specificity are metrics used in binary classification,
multiclass classification results are binarised, with the
classification performance of a single class versus the
remaining classes calculated (one-vs-all approach).

Sensitivity, specificity and the overall rates of correct
classification were compared statistically for the

multiclass classification tasks by using 15 separate (two-
sided) McNemar tests in the form of 2 x 2 tables. For
the multiclass classification task, each class was
considered individually in a one-vs-all approach, which
resulted in five 2 x 2 tables for each metric. In a similar
manner, another three tables were used for the binary
classification task. Statistical significance was a value of
p < 0.05 and was corrected after Bonferroni correction
for the multiclass classification task to counteract the
multiple comparison problems.

3. Results

A total of 112 dermatologists from 13 German-based
clinics participated in this study. Thirty-six (32.1%)
participants were men, and 76 (67.9%) were women. The
median years of dermatologic practice was 4 years, with
47 (42.0%) dermatologists possessing less than 3 years of
experience with dermoscopic examinations, 37 (33.0%)
between three and 10 years, and 28 (25.0%) with more
than 10 years. Table 1 shows the participants’ distribu-
tion within the medical hierarchy. Each image was seen
and diagnosed by a minimum of 14 and a maximum of
30 dermatologists (median: 17.5), with confidence levels
ranging from 4 to 10 (median: 6.5). Fig. 1 compares the
dermatologists’ and the model’s average and class-
specific performance. Fig. 2 shows six mean receiver
operating characteristic curves over a total of 10 runs
(blue line) in comparison with the dermatologists’
overall performance (blue circle) and with their perfor-
mance broken down into the various employment types
(coloured symbols). The plot in the upper left corner
shows the average performance of the classifier and the
dermatologists over all five classes (see also Table 1),
whereas the other plots show the results for the one-vs-
all approach, in which each class is considered individ-
ually against the rest (e.g. melanoma vs non-melanoma).

Table 1

Dermatologists’ diagnostic performance showing sensitivities and
specificities for the binary (right) and multiclass classification task
(left).

Sample Differential Benign vs malignant
diagnoses (5-class (Est.)
average)

Sensitivity Specificity Sensitivity Specificity

All participants (n = 112) 56.5% 89.2% 74.4% 59.8%

Resident physicians 73.6% 93.4% 84.1% 27.6%
(n =4

Chief physicians (n = 1)*

Senior physicians 61.1% 90.3% 68.4% 72.8%
(n = 29)

Attendings (n = 12) 50.4% 87.7% 69.2% 56.5%

Junior physicians 54.8% 88.7% 75.9% 54.3%

(n = 67)

Est., estimation of benignancy/malignancy.

Metrics for the multiclass classification task were calculated by taking

the arithmetic mean of sensitivity and specificity over all five classes.
# Sample size too small to make a statement.
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characteristic.

Dermatologists achieved an overall mean sensitivity
and specificity of 56.5% (95% confidence interval [CI]:
42.8—70.2%) and 89.2% (95% CI: 85.0—93.3%), respec-
tively. At equal sensitivity, the average specificity of the
classifier lies at 98.8%, with an AUC of 0.960. Table 2
shows a summary of both metrics broken down into
five one-vs-all binary classifications, with the compari-
son of the overall dermatologists’ score to the CNN’s
score for each class at equal sensitivity. The lowest
overall sensitivity achieved by the dermatologists was
25.6% for akiec, a class in which the classifier demon-
strated strong performance (area under the curve (AUC)
of 0.977). Both dermatologists and the classifier per-
formed best for the bce class. The lowest score achieved

Benign vs Malignant (DD)

for the classifier was for the mel class, with a specificity
of 94.2% (AUC of 0.902).

Using the numeric estimate of benignancy/malig-
nancy for the evaluation of the binary classification task
(Est.), the dermatologists achieved an overall sensitivity
of 74.4% (95% CI: 67.0—81.8%), at a specificity of 59.8%
(95% CI: 49.8—69.8%). If mapping of differential diag-
nosis answers to benignancy/malignancy was used for
evaluation (DD) instead, an overall sensitivity and
specificity of 69.2% (95% CI: 61.3—77.0%) and 70.7%
(95% CI: 61.3—80.0%) was achieved, respectively. At the
highest sensitivity of 74.4%, the classifier’s specificity
was 91.3% (95% CI: 85.5-97.1%) (AUC of 0.928)
(Fig. 2).
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Fig. 2. Comparison of dermatologists’ and the model’s performance for the binary classification task. The model’s ROC curve is identical
across both plots. The dermatologists’ performance varied depending on the method used to classify their answers. DD, differential
diagnoses; Est., estimation of benignancy/malignancy; CNN, convolutional neural network; ROC, receiver operating characteristic.
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Table 2
Comparison of dermatologists’ overall specificity to the classifier’s specificity at equal sensitivity for each class.
Sensitivity Specificity
Dermatologists CNN

Akiec 25.6% (95% CI: 11.9—39.3%) 96.8% (95% CI: 94.2—99.3%) 99.5% (95% CI: 98.5—100%)
Bcee 73.8% (95% CI: 60.5—87.1%) 97.8% (95% CI: 95.7—99.9%) 99.5% (95% CI: 98.5—100%)
Bkl 59.5% (95% CI: 44.7—74.4%) 84.2% (95% CI: 78.9—89.4%) 99.5% (95% CI: 98.5—100%)
Mel 63.5% (95% CI: 50.4—76.5%) 79.8% (95% CI: 73.8—85.8%) 94.2% (95% CI: 90.7—97.7%)
Nv 60.0% (95% CI: 46.4—73.6%) 87.4% (95% CI: 82.5-92.3%) 97.1% (95% CI: 94.6—99.6%)

ClI, confidence interval; CNN, convolutional neural network.

For the binary task, the CNN significantly out-
performed the dermatologists regardless of the method
used to classify the dermatologists’ answers (McNemar
p < 0.001). When considering the multiclass clas-
sification task, the classifier outperformed them
(McNemar < 0.001) for all classes except the bec class. If
the complete test set (i.e. 300 images) was used for anal-
ysis, outperformance was achieved even for the bec class.

4. Discussion

In this study, we used images that were entirely available
from open-source databases to construct a CNN that
was trained and able to outperform dermatologists
significantly from all hierarchical categories in the
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differential diagnosis of a five-class classification prob-
lem, except for the bec class, where performance was on
par. In addition, outperformance was also achieved for
the clinically relevant decision of benign vs. malignant
lesions.

In machine learning, the technique of combining
multiple classifiers to form an ensemble is commonly
used to improve performance [16]. In this study, the
answers obtained from dermatologists were combined to
form an ensemble of sorts, which served as a kind of
outlier removal to provide a more robust answer.

Comparing the two methods used to obtain a binary
classification result from the dermatologists (dif-
ferential diagnosis vs. estimation of benignancy/
malignancy—see Methods for details), the latter
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Fig. 3. Distribution of correct and incorrect predictions by dermatologists and the classifier. (A and B) The distribution for the five-class
multiclassification task; (C—E) the distribution for the binary classification task. CNN, convolutional neural network; DD, differential

diagnoses; Est., estimation of benignancy/malignancy.
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showed higher sensitivity and, would be considered the
technically correct method to use. Converting the
answer from the differential diagnosis does not take
into account that the questions’ sole focus lies on the
correct classification but not on the clinically important
binary decision. A dermatologist swaying between nevi
and melanoma may choose nevi; however, if the same
dermatologist was asked for therapy management, they
likely would opt for a biopsy, thus tending towards a
malignant lesion. Regardless of the used approach, the
classifier showed systematic outperformance.

For dermatologists, the binary task revealed a higher
sensitivity at a lower specificity than the average overall

.-1)'!‘-_- - ™

Fig. 4. Differential diagnoses with confidence levels by the dermatologists and the classifier. (A) mel lesion diagnosed as mel the derma-
tologists (10) and CNN (97.4%). (B) nv lesion diagnosed as mel by the dermatologists (8) and CNN (93.8%). (C) bkl lesion diagnosed as
mel by dermatologists (5) and bkl by the CNN (96.0%). (D) bkl lesion diagnosed as mel by dermatologists (9) and bkl by the CNN
(90.0%). (E) akiec lesion diagnosed as akiec by dermatologists (8) and bcc by the CNN (44.6%). (F) mel lesion diagnosed as mel by
dermatologists (6) and nv by the CNN (96.6%). CNN, convolutional neural network.

performance for the multiclass classification task. This
decrease in specificity for the binary task was to be ex-
pected because the general high specificity for the mul-
ticlass classification is attributed to the one-vs-all
approach. Indeed, this approach introduces a high class
imbalance, leading to a low frequency of the singled-out
class (true positives and false negatives) and a high fre-
quency of the remaining classes (true negatives and false
positives). As specificity measures the true negative rate,
the occurring imbalance naturally would favour the
higher specificity values.

Regarding the differential diagnosis, the class with
the lowest accuracy score for the classifier was a

IS e
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melanoma (mel) with 65%, a class where dermatologists
performed similarly with 63% (Fig. 3).

Both the dermatologists and the classifier frequently
(21%) misclassified melanoma as nevi. On the other
hand, misclassifying nevi as melanoma was infrequent
for the classifier (8%), but high for the dermatologists
(30%). Fig. 3 shows the frequencies of correct classifi-
cations and misclassifications for the dermatologists and
CNN. These results suggest that the differential diag-
nosis of mel, bkl and nv is inherently difficult. Fig. 4
illustrates some of the lesions where dermatologists
and classifiers agreed or disagreed, along with their
confidence levels.

By exclusively using open-source images and limiting
the training process to a single neural network, this
study is entirely reproducible, even with limited avail-
able computing power. Furthermore, this limitation
makes the approach realistic for adaptation to a real-
world scenario. As such, commonly used ensemble ap-
proaches are able to achieve better results but are costly
to train and run.

4.1. Limitations

4.1.1. Data selection

To ensure reproducibility, images for training and
testing the classifier were obtained solely from open-
source databases. Supplementing training data sets with
additional images from proprietary sources is an effi-
cient method to increase classifier performance, but
significantly limits the ease of reproducibility. Because
only biopsy-verified images were considered for the
survey, a certain bias is introduced as these lesions are
presumably difficult to diagnose.

4.1.2. Anonymity

To comply with the privacy policy, the survey provided to
the dermatologists was conducted anonymously. Howev-
er, anonymity carries the risk of abuse and carelessly
provided answers. By involving physicians exclusively
through their institutional email address and using the
majority decision for further analysis, this risk was mini-
mised, and a high plausibility rate was achieved.

4.1.3. Dermatology decision based exclusively on one
image

During clinical examination of the patient, more infor-
mation is available to the physician for the diagnosis than
just the visual impression of the examined skin area.

For example, a palpation examination can be per-
formed, or the affected skin area can be related to other
skin lesions of the patient. Other clinical data, such as
age or family history, also contribute to decision-mak-
ing. Haenssle et al [9] showed that integrating this
additional clinical information can slightly improve
dermatologists’ sensitivity and specificity. In principle,
this information may also be taken into account by

machine learning methods, leading to better classifica-
tion quality in the future.

4.1.4. Generalisability

The classifier’s performance was established on a test set
disjunct from the training and validation set. However,
the test images originated from the same overall dataset
which was used for training (ISIC), thus raising concern
about the classifier’s ability to generalise on a truly
external test set (i.e. a set of images where a subset was
not used for training/validation (out-of-distribution
sample)). A valid concern as factors intrinsic to the
training dataset (e.g. type of dermatoscope, lighting or
pre-processing) could be picked up during training and
result in the network better classifying images sharing
these intrinsic factors.

In a preliminary study, a binary-classification CNN
(naevus vs melanoma), trained on ISIC images, showed
good performance on an ISIC test set but performed
worse on an external test set from the PH2 dermoscopic
image database [Mendonga, Teresa, Pedro M. Ferreira,
Jorge S. Marques, André R. S. Margal and Jorge
Rozeira. “PH2 - A dermoscopic image database for
research and benchmarking.” 2013 35th Annual Inter-
national Conference of the IEEE Engineering in Medi-
cine and Biology Society (EMBC) (2013): 5437-5440].
However, using just 100 images from the external test set
for training of the last fully-connected layers, sufficed to
completely restore performance. This indicates that deep
learning algorithms can easily be calibrated to new
dermatoscopes or other forms of preprocessing by the
help of training with relatively few images with these
new properties.

5. Conclusion

Collectively, our findings show that the automated bi-
nary classification of dermoscopic melanoma and nevi
images can be extended to a multiclass classification
problem, thus better reflecting clinical differential di-
agnoses, while still outperforming dermatologists at a
significant level (p < 0.001).
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