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Abstract Background: The diagnosis of most cancers is made by a board-certified patholo-

gist based on a tissue biopsy under the microscope. Recent research reveals a high discordance

between individual pathologists. For melanoma, the literature reports 25e26% of discordance

for classifying a benign nevus versus malignant melanoma. Deep learning was successfully im-

plemented to enhance the precision of lung and breast cancer diagnoses. The aim of this study

is to illustrate the potential of deep learning to assist human assessment for a histopathologic

melanoma diagnosis.

Methods: Six hundred ninety-five lesions were classified by an expert histopathologist in accor-

dance with current guidelines (350 nevi and 345 melanomas). Only the haematoxylin and eosin

stained (H&E) slides of these lesions were digitalised using a slide scanner and then randomly

cropped. Five hundred ninety-five of the resulting images were used for the training of a con-

volutional neural network (CNN). The additional 100 H&E image sections were used to test

the results of the CNN in comparison with the original class labels.

Findings: The total discordance with the histopathologist was 18% for melanoma (95%
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confidence interval [CI]: 7.4e28.6%), 20% for nevi (95% CI: 8.9e31.1%) and 19% for the full

set of images (95% CI: 11.3e26.7%).

Interpretation: Even in the worst case, the discordance of the CNN was about the same

compared with the discordance between human pathologists as reported in the literature.

Despite the vastly reduced amount of data, time necessary for diagnosis and cost compared

with the pathologist, our CNN archived on-par performance. Conclusively, CNNs indicate

to be a valuable tool to assist human melanoma diagnoses.

ª 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

Melanoma is accountable for most skin cancererelated

deaths worldwide [1]. Just as most other cancers, it is

primarily diagnosed via tissue biopsy; the tissue spec-

imen is cut into slices and is pretreated with different
histopathological methods before it is observed on a

slide under the microscope by a board-certified histo-

pathologist. For the first assessment, H&E staining is

standardly used to prepare the slide. The pathologist

decides based on the H&E staining whether further

staining is necessary or whether the diagnoses of a nevus

can safely be made. If the lesion is suspicious of mela-

noma, the histopathologist will order for additional
immunohistochemistry to confirm.

However, the gold standard in melanoma diagnosis

via human-assessed biopsy alone is challenged by recent

studies that revealed a diagnostic discordance between

expert histopathologists in distinguishing between

benign nevi and malignant melanomas.

Lodha et al. [2] evaluated 392 diagnoses of thin

melanoma or benign nevus. The histopathological slides
were classified into four classes by two histopathologists:

definite nevus, probable nevus, definite melanoma and

probable melanoma. The pathologists fully agreed only

in 54.5% of the cases. In 25% of the cases, a high level of

disagreement (definite nevus and definite melanoma)

was observed between both histopathologists.

Corona et al. [3] evaluated the discordance in the

diagnoses of cutaneous melanoma vs. benign lesions: In
37 of 140 cases (26%), a disagreement in classifying the

biopsy occurred.

Past research has revealed a lower variance in com-

puter vision, and more specifically convolutional neural

networks (CNNs), in clinical and dermoscopic mela-

noma diagnosis compared with human assessment

[4e10]. CNNs were successfully applied to histopatho-

logical images in breast cancer, showing on-par perfor-
mance with a group of 11 histopathologists [11] and in

the field of nonesmall cell lung cancer, however,

without the comparison with histopathologists [12].

A CNN autonomously learns statistical patterns in a

data set which are relevant to a specific classification

problem. This is done by ‘showing’ a large number of
images to the CNN, processing them through the

CNN and comparing the resulting output with the

actual class of each image. The internal parameters are

then adjusted over several training runs in such a way

that the classification error is continuously reduced. If

the training data set is representative, then, the CNN

can also assign the previously unseen samples to the

respective classes with high accuracy. The minimum
number of samples/patients depends strongly on the

specific classification task. For example, a study in 2018

presents a CNN for breast cancer diagnosis from pa-

thology slides with a receiver operating characteristic

(ROC) of 0.99. Thus, it was nearly perfect, and it was

built from less than 270 slides [13]. The annual compe-

tition with the benchmark database ImageNet Large

Scale Visual Recognition Competition (ILSVRC) con-
tains approximately 1000 images per class [14].

This study is the first work that implemented deep

learning into the histopathologic diagnosis of melanoma

and compares it with the classification results of a

board-certified histopathologist (set as the gold stan-

dard). The aim of this study is to illustrate the potential

of deep learning not to replace, but to supplement

human assessment for a definite melanoma diagnosis.
We aim to demonstrate that the discordance between

the CNN and an expert pathologist is comparable with

discordance rates between different pathologists as re-

ported in the literature.
2. Methods

2.1. Study design

This comparative study was conducted from September

25, 2018 (design of study and submission to the ethics

committee), to March 12, 2019 (completion of data

analysis and manuscript approval by all authors). The

anonymised slides were obtained from the largest

regional dermatohistopathologic institute that follows

the international guidelines for histopathologic diag-
nosis of melanoma (Dr. Dieter Krahl, Mönchhofstraße

52, 69120 Heidelberg) and were classified into two cat-

egories: nevi and melanomas. The class labels were

confirmed by the responsible board-certified

http://creativecommons.org/licenses/by-nc-nd/4.0/


Fig. 2. Average receiver operating characteristic (ROC) curve of

the CNN. CNN, convolutional neural network.
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histopathologist with more than 20 years of experience.

Ethics approval was obtained from the ethics committee

(Faculty of Mannheim of the University of Heidelberg,

reference number of the approval: 2018-630N-MA).

2.2. Characteristics of the used specimen

The slides of the 350 nevi obtained from the institute of

Dr. Krahl were obtained from biopsies of the past year

and consisted of epidermal/junctional nevi and com-

pound/epidermocorial nevi (1:1). Papillomatous nevi

were not included because they mostly do not receive

additional immunohistostaining. The vertical diameter

of the specimen is in between 0.2 mm (epidermal/junc-
tional nevi) and 3.0 mm (mostly congenital compound

nevi).

The obtained melanoma specimen had the same

range of vertical diameter (0.2 mm for in situ melanoma

and up to about 3.0 mm for mostly stage 4 melanoma)

and was equivalent to the melanomas detected in the

institute for the past year. The nevi were also diagnosed

in the past year but were randomly picked from a large
sample.

2.3. Training of the CNN

The whole slides were digitalised using a NanoZoomer
S360 digital slide scanner from the company Hama-

matsu (Japan). Subsequently, image sections (0.06% of

the whole slide on average) with a 10-fold magnification

were randomly cropped (one crop per slide/patient;

Fig. 1). The only criterion for the selection of the

cropped area of the whole-slide image was that the
Fig. 1. Comparison of the data available for the pathologist vs. CNN

haematoxylin and eosin stain.
epithelium was visible in it. The individual sections of

the slide were then assigned to the respective class which

the histopathologist had assigned to the whole slide (and
additional immunohistochemistry slides in case of mel-

anoma diagnosis).

We used a pretrained [15] ResNet50 CNN [16]. To

adapt the CNN for the classification of our test set, 595

cropped image sections of 595 histopathologic slides

from 595 individual patients were used for transfer

learning (300 nevi and 295 melanomas). For evaluation

of the CNN, a test set of 100 additional randomly
cropped test images (melanoma:nevi Z 1:1) was gener-

ated, which was separate from the training set. For more

technical details on the training procedure, please see

Appendix 1. We chose random crop images of the
to classify a biopsy. CNN, convolutional neural network; H&E,
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epithelium for both training and testing to reduce the

time necessary for training and testing.

2.4. Comparison with the board-certified histopathologist

Misclassification rates between the average result of the

CNN and the reference pathologist were calculated

separately for melanomas and unspecific nevi, as well as

for the combined set of all images. Ninety-five percent

confidence intervals (CIs) were determined for all rates

using the normal distribution approximation.

3. Results

The mean ROC curve over all 10 runs is shown in Fig. 2

(blue line). It was determined by calculating the average
predicted class probability for each test image over all of

the 10 runs.

Misclassification rates of the trained CNN (total

discordance with the histopathologist) were 18% for

melanomas (95% CI: 7.4e28.6%), 20% for nevi (95% CI:

8.9e31.1%) and 19% for the full set of images (95% CI:

11.3e26.7%).

4. Discussion

For the first time, a deep learning algorithm was

implemented in histopathologic melanoma classifica-
tion. Our algorithm was discordant for 19% of images

on average (95% CI: 11.3e26.7%). Consequently, the

discordance between the CNN and the histopathologist

is on par with the discordance between expert histopa-

thologists as described in the literature (25% [Lodha

et al. [2]] or 26% [Corona et al. [3]]) in the classification

of melanomas and nevi [3].

This finding is remarkable in light of the fact that the
CNN had a much more limited amount of data avail-

able (0.06% of the scanned H&E slide; see Fig. 1). In

addition, a histopathologist may order additional tests,

examine the whole slide and use the magnification of the

microscope (i.e. zoom in and zoom out). The results are

reported as the average value of the performed 10 test

runs. Thus, the measured results did not occur randomly

but due to the training.
The promise of digital pathology is the potential to

augment the pathologist’s eye with information/intelli-

gence that cannot be gleaned by human examination

[17]. In this work, randomly cropped images from digital

whole-slide images were used to compare machine

learning with discordance rates of human pathologists.

The on-par performance may be explained by the ability

of artificial intelligence to mine ‘subvisual’ image fea-
tures [18] that may not be visually discernible by a

pathologist. Consequently, computer vision is able to

gather more information with diagnostic relevance from

an image section than a pathologist. Thus, these
subvisual image features offer the opportunity for better

quantitative modelling of disease appearance and hence

possibly improved prediction of disease aggressiveness

and patient outcome with a lower amount of input data

[18].

4.1. Limitations

A major limitation of this study is the binary nature of

the algorithm: a pathologist has to exclude a broad

spectrum of differential diagnoses, while our algorithm

can only decide whether a lesion is more likely a nevus

or a melanoma without even determining any subtypes
of these. In addition, prospective studies implemented in

the clinical setting are necessary to confirm a clinical

impact of CNNs in assisting melanoma diagnoses.

It should also be noted that the obtained slides stem

from a single dermatohistopathologic institute which

adheres to guideline-recommended procedures for pre-

paring the biopsy. Thus, it is unknown how the algo-

rithm would perform on slides that stem from institutes
not adhering to the standard operating procedures as

defined by the guidelines or in different countries with

different standard operating procedures.

Furthermore, the only criterion for inclusion in the

training and test set is that part of the epithelium is

visible. It can happen that an image section is randomly

selected from a slide containing malignant tissue where

no malignant structures are visible. Accordingly, the
results of our classifier could be further improved in the

future if the sections used for training and test data are

examined/annotated by a pathologist review panel [16]

to evaluate if malignant structures are visible in a

section or by the use of whole digitalised slides for

training and testing.

Choosing a single pathologist following the histo-

pathologic guidelines as the ground truth could further
be improved by including independent pathologist re-

view panels which have demonstrated to reduce discor-

dance and improve the precision of histopathologic

melanoma diagnosis [19].

In addition, we did not stratify our sample for criteria

such as vertical diameter of the lesion. However, the risk

of a selection bias is reduced because the test set was

pulled randomly from the whole sample of 695 slides.
Moreover, the composition of the 695 slides reflects the

clinical reality of the composition of melanoma cases

and was not preselected (all diagnosed melanomas from

the past year), and the composition of nevi reflects the

clinical reality of nevi which receive immunostaining

(random selection of nevi that received immunostaining

in the past year). Since the test-set that was used for the

calculation of the discordance between pathologists in
the literature was different from ours and classifier

performance is also dependent on test-sets, our results

should be interpreted with caution and need further

confirmation.
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Recent deep learning publications in the field of

breast and lung cancer [11,12] demonstrated the imple-

mentation of automatic annotation methods which has

potential for both: to highlight areas of interest for

improved processing by a subsequent algorithm and/or

pathologist. Such a system is not available for mela-

noma but should be addressed in future research.

5. Conclusion

For the first time, deep learning was applied to classifi-

cation of histopathological images of nevi and mela-

nomas. The CNN showed pathologist-level discordance
on a test set of 100 images of nevi and melanomas

despite using considerably few data and less time to

make a decision. Conclusively, CNNs indicate to be a

valuable tool to assist human melanoma diagnoses.

Additional studies are necessary to confirm this post hoc

finding.
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