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Abstract
A convolutional neural network (CNN) is a type of deep,
feed-forward artificial neural network able to detect,
recognize, and classify visual imagery. Given the visual
nature of dermatology, recent research has explored
the ability of trained CNNs to detect skin cancers. The
ability of CNNs to correctly categorize biopsy-confirmed
images of skin lesions has been compared to that of
dermatologists in several studies discussed herein. This
article will review several studies that evaluated the ability
of CNNs to detect skin cancer. Given the diagnostic
accuracy that CNNs have demonstrated in studies to
date, and the ease of which they could be incorporated
into smartphones and digital dermatoscopes, CNNs have
the potential to significantly improve the detection of
skin cancer and potentially other dermatological diseases.
Further research is needed regarding how CNNs could be
effectively integrated into clinical practice.

Introduction

S

kin cancer is one of the most common cancers worldwide
and is the most common cancer affecting white-skinned
individuals.1,2 Skin cancers can be divided into two categories:
melanoma and non-melanoma skin cancers. Non-melanoma skin
cancers, particularly basal cell carcinomas and squamous cell
carcinomas, are very common. Melanoma, while less common,
carries a 5-year survival rate of approximately 15% if detected in
its latest stage.3 Early detection of skin cancer can allow for earlier
treatment intervention and improved outcomes.4
Skin cancers are usually first identified visually. Accordingly,
there has been interest in developing a computer-based method
of image analysis that could detect skin cancers with a high degree
of specificity and sensitivity. However, the appearance of a lesion
in a photographic image can vary depending on the circumstances
in which the photograph is taken. For example, factors such as
lighting, angle, focus, and zoom can introduce variability and
challenges for image classification software.5 Traditional image
classification algorithms also relied on common features identified
by humans, such as colour or border information.6,7 For example,
characteristic features of melanoma first noted by the human eye,
such as border irregularity, would be included in the traditional
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algorithm as a key factor. As human recognition of different lesion
appearances is limited, this meant that the resulting algorithms
would also be limited.
Image classification has long been a challenging frontier in
computer vision. Recently, deep learning convolutional neural
networks (CNNs) have emerged as an effective means to recognize,
classify, and detect visual imagery.8 While CNNs are complex and
a detailed description of their design is outside the scope of this
review, a basic understanding of CNNs can be gleaned by an
understanding of the visual cortex in the brain. Inspired by biology,
CNNs take inputs (such as an image of a skin lesion), process
them through a series of unidirectional steps, and then arrive at
an output (e.g. a diagnosis). CNNs are also capable of learning
and improving their accuracy by adjusting the weight of different
features to a particular output.8 Therefore, CNNs can be “trained”
with large amounts of high-quality images to fine-tune important
identifying features.

Diagnosing a Picture – CNNs versus Dermatologists
In a pivotal study by Esteva et al., the ability of a trained CNN
to classify skin lesions was compared to that of 21 board-certified
dermatologists.9 The CNN in this study was trained using a dataset
of 129,450 images representing 2,032 individual diseases. In the
later stages of algorithm validation, the investigators tested the
CNN’s ability to distinguish previously unseen biopsy-confirmed
keratinocyte carcinomas from benign seborrheic keratoses, and
malignant melanoma from benign nevi. The first case represents
the ability to diagnose the most common skin cancers, where the
second case represents the ability to diagnose the most aggressive
skin cancers. In the case of distinguishing malignant melanoma
from benign nevi, the CNN was given both standard images and
dermoscopic images. For each image, dermatologists were also
asked independently to either biopsy or treat the lesion, or reassure
the patient. Sensitivity and specificity were measured for both
dermatologists and the CNN in regards to detecting keratinocyte
carcinoma and melanoma on standard images, and melanoma
under dermoscopy. In all cases, the CNN marginally outperformed
both the average of the 21 dermatologists and the majority of the
dermatologists individually.
Results from the study by Esteva et al. showed that their
CNN had an ability similar to board-certified dermatologists at
classifying skin cancers based on images. However, lesions are
not solely diagnosed or categorized based on their appearance.
Dermatologists take contextual factors into account when creating
a differential diagnosis, such as the clinical history, lesion size, tactile
feel, and three-dimensional appearance. As the clinical context of
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each lesion was not provided in this study, performance of the
CNN compared to an in-person assessment by a dermatologist
could not be assessed.
Recently, a study by Haenssle et al. incorporated some clinical
context of a lesion into the comparison between a CNN and
dermatologists.10 This study assessed the ability of a CNN to detect
dermoscopic melanoma in comparison to an international group of
58 dermatologists, including 30 who had over 5 years of experience
with dermoscopy. In this study, a pre-trained CNN was additionally
trained with over 100,000 images and corresponding disease labels.
Dermatologists for this study were invited from a mailing list of the
International Dermoscopy Society, and a response rate of 33.7%
was received. The investigators created a set of 100 validated
dermoscopic images, none of which had been used to train the
CNN. In phase 1, dermatologists were asked whether each lesion
was a benign nevus or melanoma, and what their management
decision would be (excision, short-term follow-up, or to reassure the
patient). The option to select short-term follow up was included as
it can help identify lesions that are rapidly changing, and selection
of this option was considered to be a true positive in sensitivity
calculations and a true negative in specificity calculations. The
mean (± standard deviation) diagnostic sensitivity and specificity for
the dermatologist group was 86.6% (±9.3%) and 71.3% (±11.2%),
respectively. With regards to dermatologist management in phase 1,
sensitivity was 98.8% (±2.9%) and specificity was 64.6% (±13.6%).
In phase 2, the same group of dermatologists were provided with
the same 100 case images 4 weeks later in addition to age, sex, and
body site, as well as close-up images. When provided additional
clinical information and close up images in phase 2 of the study,
diagnostic sensitivity increased to 88.9% (±9.6%) and specificity to
75.7% (±11.7%). Management sensitivity and specificity in phase
2 was 98.6% (±2.8%) and 66.7% (±12.4%), respectively. Using the
dermatologists’ mean diagnostic sensitivity of 86.6% in phase 1 as
a benchmark on the CNN receiver operating characteristics curve,
the CNN was found to have a higher specificity of 82.5% (p<0.01).
Using the dermatologists’ phase 2 diagnostic sensitivity of 88.9% as
the operating point on the CNN receiver operating characteristics
curve, the CNN also had a higher specificity of 82.5% (p<0.01).
This study by Haenssle et al. provides additional evidence
supporting the effectiveness of trained CNNs in detecting
melanoma. By providing some clinical information about a lesion
to the dermatologist group, they were better able to mimic a real
life patient encounter. That said, only the age, sex and body site was
provided to the dermatologists. A comprehensive clinical history
was not given for each case, and it is possible that the provision of
a patient history could have improved the diagnostic accuracy of
the dermatologists. Nonetheless, this study demonstrated that their
trained CNN had relatively high sensitivity and specificity for the
detection of melanoma.

dermatoscope. The ways in which this novel research could
be translated to clinical practice has been the subject of much
discussion.9-12
Several concerns must be addressed before CNNs can be
implemented in clinical practice. Since it is essential to train
CNNs to recognize images, an extensive training method should
be developed. The sensitivity and specificity of CNNs trained
with different large image sets should also be compared to ensure
consistency and reproducibility. Image sets used in CNN training
should also include lesion appearances across a spectrum of skin
colours, as well as atypical lesion presentations to improve diagnostic
ability. Prior to commercial use, approval from jurisdictional
regulatory agencies should be sought to ensure the product has
been appropriately assessed for effectiveness and safety. Ideally,
data from prospective clinical trials assessing the congruency of
CNN diagnostic predictions to biopsy results should be obtained.
Additionally, it must be decided how this technology will
be used – whether or not it will be largely restricted to use
by dermatologists, or if access via a smartphone application
will be made available to the general public. In the hands of a
dermatologist, a trained CNN can complement a dermatologist’s
independent assessment of a patient and help confirm diagnoses,
similar to how medical imaging currently assists in the diagnosis of
many diseases. CNN interpretations could also be used to increase
or decrease a dermatologist’s index of suspicion for indeterminate
lesions. If also made available directly to patients, it is possible that
concerning lesions could be detected faster and the patient could
be rapidly triaged to a dermatologist. However, there is concern
that a false benign diagnosis from a CNN could delay a patient
in seeking medical attention. In this event, who would be liable?
Furthermore, for a patient to appropriately use a CNN to classify
a lesion, the patient must first notice the lesion. An overreliance on
a smartphone CNN application could lead to delayed diagnosis of
lesions in areas that are often overlooked by patients, such as the
back and behind the ears.13

Diagnosing a Human – CNNs in Clinical Practice

Conclusions

To date, early trials have shown CNNs to be a powerful method
of detecting skin cancer.9,10 After an extensive training period, it
appears that CNNs are able to classify images of skin cancers about
as accurately as a dermatologist. Though the specific architecture
of a CNN can be complicated to construct, once created it can
be easily integrated into smartphone applications or a digital

Trained CNNs have demonstrated the ability to detect skin
cancer in an image with a sensitivity and specificity similar to that
of a dermatologist. Though further research is required to fully
comprehend their uses and limitations, it is possible that CNNs will
eventually be a powerful diagnostic tool in the armamentarium of
dermatologists.
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Future Directions
Though CNNs offer great promise, additional research is
required before they can be implemented in clinical practice.
Further research is required to determine the most effective method
of training a CNN to diagnose skin cancer, and how this technology
can be incorporated most effectively into existing practice.
The utility of CNNs to make alternative dermatologic
diagnoses should be explored. Currently, CNNs have also been
shown to have accuracy similar to dermatologists at detecting
onychomycosis.14 Given the mechanism of CNNs, almost anything
that can be identified visually could theoretically be identified by a
CNN. As such, it is likely that CNNs have the potential to identify
many other dermatological diseases.
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