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Dermoscopy image analysis

Where we are and perspectives for the future

Dermoscopy is a non-invasive diagnostic method that allows the visualiza-
tion of skin structures of melanocytic lesions, not visible with naked-eye
examination. In the recent years, medical community has shown its interest
in the emerging field of analysis of dermoscopic images, aiming to evaluate
its potential application on melanoma diagnosis. This review aims to be an
introduction to the field of dermoscopic image analysis and an overview of
the recent research, examining the limitations that require further consider-
ation, while it intends to give new perspectives for future researchers, as well.

1.INTRODUCTION

Melanoma is a potentially fatal malignancy, with an
increasing incidence in the last decades, especially in
fair-skinned populations.” Early detection of melanoma
improves patient survival and decreases related mortality,
so that medical community focuses on new strategies to
earlier diagnosis.

In the past, diagnosis of melanoma was based on naked-
eye examination, using ABCD acronym, devised by Fried-
man and colleagues,? according to the following features:
asymmetry, border irregularity, color variation and diameter
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(more than 6 mm).? Although this diagnostic method is
widely used, it lacks accuracy, especially in the diagnosis
of de novo melanomas that are usually smaller than 6 mm.2
In addition, it lacks specificity, as long as benign lesions
exhibit “ABCD” characteristics.>*

The introduction of dermoscopy or epiluminescent
microscopy gave a new perspective on the diagnostic
approach of patients with pigmented skin lesions, as it
permits the visualization of skin structures, not visible to the
naked eye.’ Although this diagnostic tool has undoubtedly
improved the diagnostic accuracy compared to naked-eye
examination, there are still limitations. Its use depends on
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the clinical experience and training of the user.’ Additionally,
even with adequate clinical experience, there are aspects
regarding the subjectivity of visual analysis.”

Recently, the Cochrane Skin Cancer Diagnostic Test
Accuracy Group published a series of reviews on the di-
agnostic accuracy of newer imaging techniques, including
reflectance confocal microscopy,® smartphone applications,®
and computer-aided diagnostic methods.” The data that
demonstrate the wide acceptance of these methods are
limited though.Therefore, scientific community attempts to
improve these technologies and to introduce an automated
image analysis of melanocytic lesions, aiming to diagnostic
accuracy, especially for equivocal lesions.

Our interest will be focused on Dermoscopy Image
Analysis (DIA), due to the fact that dermoscopy is a widely
favorable method among dermatologists.”” Additionally,
it is remarkable that the majority of literature regarding
medical image analysis in dermatology concerns dermo-
scopic images.’?

2. TERMINOLOGY: SEGMENTATION, FEATURE
EXTRACTION, AND CLASSIFICATION

The term “Dermoscopy Image Analysis”was conceived
in 2005 by Menzies et al,”” when the accuracy of an au-
tomated DIA instrument for the diagnosis of melanoma
was compared with that of various clinician groups, con-
sidering the histological results as the “gold standard” of
the diagnosis.”? Since then, the term was widely adopted
by scientific community aiming to assess the accuracy of
medical diagnostic algorithms of melanoma detection.’*’*

Although DIA dates back to three decades ago, the
lack of a large dataset of dermoscopic images hindered
the rapid progress in this field. The publication of two
dermoscopy atlases; the “Interactive atlas of dermoscopy”
by Argenzianzo et al, and “An atlas of surface microscopy
of pigmented skin lesion: Dermoscopy by Menzies et al”
constituted the initial source of images for DIA. The problem
of the limited dermoscopic image database was, however,
virtually resolved after the publicly availability of 10,000
dermoscopic images from the International Skin Imag-
ing Collaboration archive (ISIC), a database collected by
internationally recognized clinical centers.’®

In this section, we will present the basic steps in the
pipeline of DIA through a computer-aided tool, which are
the following: image pre-processing, segmentation, feature
extraction, and classification.

Image-preprocessing is the first step in DIA and is ab-
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solutely necessary, especially for dermoscopic images that
lack quality. This step includes the correction of artifacts in
the images (e.g. hair), but also a color correction procedure,
in cases of poor illuminations conditions.””

Segmentation constitutes the second step in this mul-
tistep process and refers to the boundary distinction of a
skin lesion from the surrounding skin. Although it is an
easy process for the clinician, it is a “challenging” task for
computers, especially in cases where the transition from
the lesion to the surrounding skin is rough.’”® Other aspects
that make the computational segmentation of a skin lesion
difficult include the heterogeneity of lesions in their size,
shape, texture and color, including the diversity of imaging
conditions, as well.’>#

The most used algorithmic approaches in the field of
dermoscopy image segmentation include the active con-
tour model, clustering, thresholding, and region growing
algorithm.The latter achieves the best segmentation results,
in comparison to the other three models.”

In feature extraction, which constitutes a crucial step in
DIA, representative features of a skin lesion are obtained.
These features may concern the general appearance of the
lesion, such as shape, color, texture and symmetry, local
features of the lesion, deep learning (DL) features detected
by large Convolutional Neural Networks (CNNs) or specific
dermoscopic structures, such as pigment networks, streaks,
blue-white veil, which are correlated clinically with certain
disease states.”

Lesion classification is the final step in DIA, in which
the lesions are categorized into one of the two following
subtypes, melanoma or non-melanoma. Nevertheless,
there are recent classifiers, which offer a more refined
classification of lesions, identifying more types of skin
neoplasms.This classification is done through large CNNs,
which constitute the classifiers of choice, offering high
categorization accuracy.?’

3. WHERE WE ARE

Artificial intelligence (Al) is a computer science that
analyzes complex medical data and predicts outcome in
various clinical scenarios, mimicking human cognition.?’-#

In dermatology, Al focuses on melanoma detection. A
large number of studies report accuracy to classify melano-
cytic lesions from medical images, on a level comparable
to the clinician.?*?*

Deep learning (DL) constitutes the most popular Al
tool, in which large CNNs learn representations of data by



transforming the input information (images) into output
information (diagnoses), without requiring human engi-
neering.?” Recently, DL became popular in the field of DIA,
where its capacity to perform complex tasks is used in the
recognition and classification of melanocytic lesions.

The first attempt to train a CNN that could detect mela-
noma using 6,120 clinical images was performed in 2016.%
The values of sensitivity and specificity for authors Al tool
rated 0.81 and 0.80, respectively.? The limitation of this
study was the lack of demographic data, so that the ex-
ternal adoption of this program cannot be well assessed.

To best of our knowledge, the first Al program, trained
on dermoscopic images, was performed in 2016.%” In this
study, the potential of the program to discriminate between
melanomas and melanocytic nevi from dermoscopic im-
ages was demonstrated. The value of specificity of the
program exceeded the corresponding value, achieved by
8 dermatologists on the same set.?”

Since then, several studies compared the accuracy of Al
tools in categorizing dermoscopic images of melanocytic le-
sions against that of dermatologists. Indicatively, we report
a study presented in 2017.2 Therein, the authors tested their
CNN classifier against 8 expert dermatologists in the critical
distinction: melanomas versus melanocytic nevi. The results
of their research showed a superior performance of the Al
tool, compared to that achieved by dermatologists.?® The
outperformance of CNN classifier against 58 dermatologists
was shown in a similar study.? The authors followed the
same binary classification (melanomas versus nevi), using a
large dataset of more than 100,000 dermoscopic images.?®

In 2019, the research was focused on a more“challeng-
ing” situation; the distinction between melanomas and
atypical nevi, with results of algorithm performance being
similar to or exceeding clinicians’performance.?* Addition-
ally, the results from the melanoma classification benchmark
of the study were used for future comparisons. The overall
sensitivity and specificity of 157 German dermatologists to
detect melanoma counted 89.4% and 64.4%, respectively.’’

However, a binary classification of melanomas and nevi
is not reflective of the daily clinical practice, in which the
clinician must take into consideration multiple diagnoses
in a skin cancer screening. In this context, scientific com-
munity is now focused on training multiclass CNN classifiers,
with encouraging results.

Recently, a multiclass CNN classifier was trained through
DL principles in distinguishing the five most common
clinical entities in a skin cancer screening setting: actinic
keratosis, basal cell carcinoma, lichen planus like-keratosis,
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melanocytic nevus and melanoma.?? The findings of the
study demonstrated the significant outperformance of the
CNN classifier, compared to dermatologists.>? This is also
reflected in the results of a study of 2019,%* in a multiclass
classification task concerning seven disease classes.*

One step further, the translation of CNNs classifiers onto
smartphone applications, and their use by individuals is a
growing trend. Several studies have, however, shown that
these applications lack accuracy in detecting melanoma,
compared to clinical examination by dermatologists.***
Additionally, it was found that 3 out of 4 applications missed
30% or more of melanomas, classifying incorrectly the le-
sions as non-atypical.* From the above, it seems that the
current use of these applications is potentially dangerous,
giving a false sense of security in the consumer.

4. THE FUTURE

The questions that emerge regard the limitations of DIA
and Al programs and the way the scientific community can
achieve a wide utilization of a computer-aided diagnosis.

Initially, the estimation of the required number of der-
moscopic images to create an effective Al tool remains
difficult. A small dataset can negatively influence the quality
of the diagnostic algorithm, whereas a large dataset may
reduce the applicability of the algorithm to the external
clinical images.”? The dataset should include, additionally,
a wide spectrum of demographic parameters, so that the
Al algorithm can be clinically valid.?”?®

Other aspects that are totally ignored by computer-
aided tools in DIA are clinical information of significant
importance for the clinician, such as personal and familial
history, number of nevi, gender and age. Another limita-
tion is that these tools classify a lesion, without taking into
consideration neither the rest of the lesions of a patient nor
the temporal changes in a lesion.*®

This fact causes inconsistency, as the repeated pattern
in the nevi of a patient (signature nevus) and the lesion that
differs from all the rest of a patient (ugly duckling sign)
constitute very important principles for the clinician by
managing a patient with multiple nevi.* Future computer-
aided diagnosis should include such clinical metadata, so
that the diagnostic accuracy of these tools is even higher
and of wide acceptance by the medical community.

The lack of standardization in the conditions of obtain-
ing a picture (zooming, lighting, etc.) and the variability in
camera types constitute also severe limitations in Al pro-
grams. A restriction of the aforementioned factors could
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contribute to the reduction of the algorithm complexity
and improvement of its efficacy.’”

Except for technical issues that should be resolved, the
research in the field of DIA needs to be expanded in more
challenging clinical scenarios. The discrimination between
a severe dysplastic nevus and a melanoma in situ is, in some
cases, difficult, even with histological examination. This
distinction is, however, of significant clinical importance,
as the patients with an already diagnosed melanoma have
a high risk of developing a second melanoma in the first
five years; thus short-term follow-up is necessary.

Another perspective in medical image analysis is its
application on histopathological images. Recent literature
reveals a noticeable discordance (of about 26%) between
pathologists in discriminating nevi from melanomas at
histopathological level.** However, in a recently created
CNN classifier based on 695 histopathological images, only
a total discordance of 18% with a single histopathologist
for diagnosing melanoma was shown.* The creation of
CNN classifiers and their application on histopathological
images could be in the current future an even more efficient
Al tool for melanoma diagnosis.

At this point, it isimportant to refer the importance of a
synergistic collaboration between clinicians and computer
scientists, giving new scientific goals. It is a fact that the ma-
jority of papers with subject“Al”are published in computer

751

science journals and not in medical ones.*”’ This condition
leads to inconsistency. On the one hand, computer scientists
do not understand the clinical importance of the results, on
the other hand clinicians are not informed on the progress
of Al algorithms. Only with the active participation of der-
matologists and by setting new clinical goals, the progress
of a computer-aided diagnosis is possible.

Finally, using Al algorithms in medicine raises undoubt-
edly many ethical issues. These diagnostic tools can lead
to an overdiagnosis, in cases of unnecessary screening.®
Additionally, as the use of these methods is costly and
healthcare funding is required, inequity in access may
occur. Finally, the use of these technological advances
by patients raises ethical issues and requires governance,
especially in cases of easy availability of these tools via
smartphone applications.®

5. CONCLUSIONS

In a society with “technological explosion”, medicine
could not remain uninfluenced. DIA and generally Al in
dermatology are developing fields that give new perspec-
tives in management of patients with atypical melanocytic
lesions. An understanding of these tools and their use as
adjuncts by the clinician is necessary, scoping to improve
patient care.
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