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Artificial intelligence (AI) or the devel-
opment of computer systems and algo-
rithms to perform tasks that normally
require human intelligence is an active
area of investigation, with speculation
over future innovations as well as inte-
gration of current technology seam-
lessly into everyday life with
applications such as face identification
on smartphones, recommendations of
shows on streaming applications, use of
voice to text, and Global Positioning
System optimization by ridesharing
services. The continuous development
of technology and tools within AI also
offers great potential for clinical appli-
cations within medicine. To be most
successful, human intelligence and AI
must work together synergistically. The
concept of augmented intelligence
(AuI) focuses on the role of AI in
assisting clinicians to enhance human
intelligence rather than replace it.
When developed appropriately, AuI has
the potential to positively transform the
practice of physicians.
AI policies and positions

In the past, medical technology often
has been developed without significant
input from physicians or the end user,
such as in the case of the electronic
medical record (Dietsche, 2018). The
American Medical Association (AMA)
proactively provided policies to
advance the role of AuI in enhancing
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patient care, with the goals of
increasing the value for physicians and
identifying opportunities to integrate
practicing physicians’ perspectives into
the development and implementation
of healthcare AI (American Medical
Association, 2018). The AMA also spe-
cifically highlighted the need to pro-
mote the development of high-quality,
clinically validated AI that is trans-
parent, focuses on user-centered
design, conforms to leading standards
for reproducibility, addresses bias, and
avoids introducing or exacerbating
healthcare disparities. In 2019, the
American Academy of Dermatology
published a Position Statement on AuI,
reinforcing many of these issues,
including the need for technology to be
collaboratively developed, while at the
same time minimizing the risk of
potentially disruptive effects and unin-
tended consequences (Kovarik et al.,
2019).
Guidelines and pitfalls when
developing high-quality AI/AuI

In clinical dermatology, there are many
potential applications of AI/AuI. Some
examples include skin lesion diagnosis,
monitoring/tracking of skin lesions,
diagnostic decision support, histopa-
thology diagnostic support, improving
workflows, and uncovering associa-
tions between clinical and molecular
data (Young et al., 2020). The
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development and successful imple-
mentation of AI/AuI requires high-
quality research involving multiple
steps, attention to detail, persistence,
and a dedication to high-quality clin-
ical care. A deficiency in any critical
step can lead to false predictions by the
algorithm and poor outcomes for the
patients on whom it is used. In the case
of any rapidly growing technology,
policies, regulations, and ethics may
not keep up with development and
implementation. Although AI holds
promise for dermatology, considering
the implications of poorly developed AI
and encouraging the creation of quality
applications are critical.

Although the development of a
useful AI algorithm may be complex,
a practical application will be diffi-
cult to implement successfully in a
clinical setting without basic criteria
being met. First, there has to be a
clinically relevant question that the
AI can answer. The clinical question
will guide the type of images
required, and it is essential to have
ethical access to sufficient, diverse,
quality, and appropriately labeled
data sets, which are often images or
clinical photos in dermatology appli-
cations. The algorithm should be
trained on an initial set of images,
then fine tuned, and validated on a
separate set of images. An indepen-
dent test dataset should be used to
evaluate the accuracy of the algo-
rithm. The algorithm should then be
validated in a relevant clinical
setting, with continued monitoring
and evaluation (Kovarik et al, 2019).

This process can be prone to many
pitfalls. Image datasets often lack
diverse skin types (Guo et al., 2022a);
may be incomplete, preventing the al-
gorithm from diagnosing rare diseases
or rare presentations of common dis-
eases (Tschandl, 2021); contain images
of poor quality; or have improper la-
bels. The method used for image la-
beling and the classification of the data
on which the algorithms are trained
(ground truth) should be clearly
described and justified. Histopatholog-
ical diagnosis should be considered the
gold standard for labeling neoplasms
(Daneshjou et al., 2022b). Many algo-
rithms receive insufficient dataset
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training through inadequate sample
sizes, lack of external test sets, homo-
geneous datasets, and lack of clinical
validation. Some algorithms are not
developed appropriately for a particular
end user or clinical scenario or without
clinical collaborators.

Optimally, both images and algo-
rithms would be publically available to
allow for assessment of dataset char-
acteristics, potential bias, and robust-
ness (Daneshjou et al., 2021).
Dermatology image sets are not always
available owing to patient privacy or
consent issues; however, patient de-
mographic data, including skin tone, as
well as other metrics related to image
quality (cameras used, image process-
ing steps) should also be made avail-
able because they may affect AI
performance. In addition, as noted by
Daneshjou et al. (2021), if images were
obtained by public sources, they should
be clearly delineated and labeled for
reference. Making an AI algorithm
publically available also presents chal-
lenges because there is intellectual
property involved, and the complexities
around interpreting the code can be
complicated. Online platforms have
now been created that will host AI
models and allow users to interactively
test them with their own images or data
(Abid et al., 2020).

To develop high-quality clinically
relevant AI/AuI, standards need to be
met. Earlier this year, Daneshjou et al.
(2022b) published the “Checklist for
Evaluation of Image-Based Artificial
Intelligence Reports in Dermatology.”
In this consensus statement, the authors
highlight key recommendations for de-
velopers of AI and reviewers of AI-
based reports, focusing on data, tech-
nique, technical assessment, and
application. Rigorous clinical trials are
much needed to evaluate AI algorithms
to understand whether they translate to
the clinical settings in which they will
be used (Daneshjou, 2022a; Han et al.,
2022). In addition to evaluating algo-
rithms that aid in diagnostic support,
researchers are trying to study whether
AI is able to delineate body surface area
and localize lesions of several skin
diseases, including vitiligo, psoriasis,
and atopic dermatitis (Guo et al.,
2022b; Han et al., 2022; Hurault
et al., 2022; Medela et al., 2022;
Schaap et al., 2022).
JID Innovations (2022), Volume 2
Using AI for lesion segmentation and
severity scoring

Tracking atopic dermatitis over time
using a quantitative measurement is
important to follow patient progress
and assess therapeutic efficacy. This can
be a time-consuming task with variable
inter- and intra-rater reliability. Both the
Eczema Area and Severity Index (EASI)
and the Severity Scoring of Atopic
Dermatitis Index (SCORAD) have been
developed to assess the clinical signs of
atopic dermatitis, and they have been
validated in the in-person setting
(Schmitt et al., 2013). Given the rise of
teledermatology, investigators have
compared remote atopic dermatitis
severity assessments on the basis of
photographs with in-person assess-
ments (Ali et al., 2021; Hughes et al.,
2021). Results showed strong correla-
tions between assessments performed
in person and those done using photo-
graphs; however, photographs were
taken by study coordinators or physi-
cians in a controlled environment. In
addition, data on skin tone were not
available for study participants. One
study on atopic dermatitis showed that
in patients with highly pigmented skin
evaluated using photographs, all EASI
and SCORAD scores had poor inter-
rater reliability regardless of disease
severity (Zhao et al., 2015).

Recently, JID Innovations published a
report by Medela et al. (2022)
describing an AI algorithm that was
created to automate the SCORAD
assessment using photographs. The
question of inter- and intra-rater reli-
ability using these assessments makes
the question of ground truth and data
labeling difficult. High-quality AI be-
gins with accurately labeled training
datasets that are derived using best
practices and on the basis of evidence.
If the AI algorithm is trained using a
component of inaccurate eczema
severity data, the outcomes will be
erroneous. Hurault et al. (2022), also
recently published in JID Innovations,
examined whether high-quality eczema
segmentation data can be obtained
from dermatologists using images reli-
ably. They found that inter-rater reli-
ability of eczema segmentation varied
from image to image, with a poor
agreement between the raters on
average. These results reinforce the
difficulty of reliably and consistently
detecting atopic dermatitis from photos.
Hurault et al. (2022) offered suggestions
for improving poor inter-rater reliability
in segmentation data for machine
learning models, including letting the
algorithm identify eczema regions by
itself, using algorithms that can be
trained on noisy segmentation labels,
improving the training of the raters, and
averaging the segmentation from mul-
tiple raters. Alternatively, photo assess-
ments that are performed in person may
assist in reliability, given that this is the
setting in which the tools were vali-
dated, including in patients with highly
pigmented skin.

The study by Medela et al. (2022)
utilized three image datasets, two
comprised patients with Fitzpatrick skin
types I‒III and one from patients with
Fitzpatrick skin types IV‒VI. Images
were collected from online public
sources, and demographic data were
only available for one dataset. Three
experts annotated each image without
any context except the image alone.
The ground truth labels for lesion seg-
mentation and visual sign classification
were obtained by averaging the results
of the three annotators. As mentioned
by Hurault et al. (2022), this is one
method that may reduce inter-rater
reliability. Although the results by
Medela et al. (2022) show potential,
with lesion segmentation annotation
generally consistent across datasets,
some visual signs such as edema and
dryness were difficult to assess in
photos, particularly in patients with
darker skin tones. The original
Consensus Paper on the SCORAD
(Stalder et al., 1993) mentions the dif-
ficulty in accurately assessing edema
from clinical photos as well as the need
to assess dryness with palpation. In
addition, the majority of images in the
study by Medela et al. (2022) were of
mild atopic dermatitis, and the algo-
rithm will need to recognize all sever-
ities of the disease as well as be able to
distinguish what is not atopic dermatitis
within the field of view.

Although quantitative measurement
of atopic skin disease seems to be a task
in which AI could assist, the technology
is only in the preliminary stages. The
challenge of identifying the actual area
of involvement of atopic dermatitis in
the skin is a product of poor inter- and
intra-rater reliability in disease labeling
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as well as the lack of a definitive diag-
nostic procedure for mapping out the
disease. Given the suboptimal agree-
ment by experts, consideration could
be given to an unsupervised learning
approach or one that trains the algo-
rithm to diagnose atopic dermatitis to
create its own segmentation data.
Further advancement of AI algorithms
will also require an appropriate repre-
sentation of all skin tones, patient de-
mographics, severity of atopic
dermatitis, and complications of dis-
ease during the training phase to move
this process forward.

AI/AuI innovation in dermatology

There are significant opportunities for
future innovations in AI/AuI to improve
the practices for physicians and out-
comes for patients, including stream-
lining time-consuming tasks and
providing diagnostic decision support.
AI also has the potential to assist with
tasks where there is limited or poor
inter-rater reliability; however, the al-
gorithm is only as good as the data la-
bels from which it is trained.
(Schlessinger et al., 2019). All clinical
AI applications must ensure the highest
data quality and validation standards.
Development of high-quality AI is time
consuming and costly; however, in the
end, there is great potential for
improving patient outcomes and satis-
faction, maintaining patient safety,
reducing cost, and transforming physi-
cian practice.
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