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Abstract- Background: Although skin cancers are the most
prevalent cancer diagnosed in the United States, racial and
ethnic minority individuals and people residing in rural
and other underserved communities are overrepresented
with skin cancers diagnosed late, lack timely access to
referral to experts, and are more likely to die from skin
cancer. While effective in controlled settings machine
learning (ML) based diagnostic tools have limited impact
on a particular population that would benefit from
increased capacity to be triaged due to the datasets clinical
biases, geographic barriers, and gaps in referral initiation
and completion.

Goals: Review and critique the evidence of the use of
advanced machine learning models to detect early skin
cancer; compile a list of specific barriers that prevent such
models from making an equitable impact in underserviced
communities in the U.S.; and recommend a holistic triage
system for ML-based detection of early skin cancer,
teledermatology and Methods: The 20 peer-reviewed
literature sources that were reviewed and used for this
narrative review included foundational studies on machine
learning validation for dermatology, studies examining
algorithmic bias and a diversity of skin datasets,
dermatology workforce and access epidemiology studies,
teledermatology implementation science, and dermatology
referral completion outcomes research. Patients were
sorted in categories based on the different stages of the
lesion detection to confirmed dermatologic evaluation
process; focus was maintained on the point where patients
were dropped from the process.

The results: include new deep learning systems which are
promising to match the performance of board-certified
dermatologists for diagnosis on curated sets of images and
the first primary-care skin cancer system to use Al is now
authoritatively approved by regulators in the United States.
(Venkatesh et al., 2024) However, dermatology AI models
that have been trained to predominantly and almost
exclusively classify lighter skin tone images are
significantly compromised when was applied to models
firom darker skin tones and less common presentations. A
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critical and increasing geographic maldistribution of the
dermatology workforce (Feng et al., 2018) coupled with an
incomplete triage of patients often fail to complete referral
to full definitive in-person evaluations, even after it is
successful (Duniphin, 2023; Pagani et al., 2023), especially
when crossing geographical boundaries or language/racial
barriers.

Perspectives: While advanced machine learning models
are a potentially promising resource for enhancing the
capacity to detect early skin cancer in underserved
communities in the U.S. by no means can they be assumed
to be similarly distributed. To unlock their potential,
however, calls for intentional, concurrent investments in a
variety of diverse and representative training data, auditing
biases, and structured support to complete referrals,
coupled with the need for a coordinated triage pathway, all
done and delivered as a whole and not in isolation as
technical interventions.

L INTRODUCTION

1.1 Burden of Skin Cancer in the United States and the
Diagnostic Delay in the Country

Skin cancer (both melanoma and the more common,
but non-lethal, non-melanoma skin cancers) is the
most frequently diagnosed form of cancer in the
United States. Despite an overall increase in incidence,
the rate of disease progression is not the same for
everyone: the survival rate is far better for those who
have been diagnosed with the disease at an early stage,
and the disease is still contained locally, than for those
at a late stage of the disease, after the cancer has spread
locally or regionally. Every part of the way up and
down this slope of an outcome gradient, from the
moment an individual first notices a suspicious lesion,
through an initial clinical evaluation and finally a
specialist evaluation and, if applicable, biopsy, is
examined here.
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A large body of evidence shows that the range of this
diagnostic interval is not worked through evenly
across racial, ethnic and geographic lines. In the
context of large national cancer registry analyses that
cover more than a decade of years (Qian et al., 2021)
and over a decade of years (Mahendraraj et al., 2017),
as well as systematic review and meta-analysis of the
melanoma literature (Lam et al., 2022), the same
pattern of later stage at diagnosis, and poor survival,
were also observed in non-Hispanic Black patients.
This inequity exists among a much greater range of
cancer health disparities experienced by people of
racial and ethnic minority groups across almost all
primary types of cancer (Zavala et al., 2021).

1.2 Lack of Economic Opportunity has been a Major
Challenge in the City's Region Since Its Founding

One key source of the inequities of diagnostic delay is
the distribution of the dermatology workforce across
the country. Using estimated dermatologist density
across the nation over the past 18+ years, the data did
not indicate a trend of increased density from rural and
non-rural areas over time, instead the disparity
between these areas increased over time, with higher
density in areas having more resources and in urban
environments (Feng et al., 2018). Many of those most
likely to benefit from early diagnosis are the patients
who have the hardest of access to the specialists who
can make a definitive diagnosis, as this maldistribution
of both patients and specialists is occurring in many
suburban and historically underserved urban areas.

Two groups of complementary innovation have been
spurred by this access challenge and are the focus of
this review. The first is technological: using
sophisticated machine learning algorithms to provide
a fast initial screening to determine the likelihood of
cancer for a skin lesion, by a primary care provider,
community health worker or even the patient directly
that generally have fewer access to board certified
dermatologists. The second is organizational;
Teledermatology technology, which connects patients
and/or primary care providers in underserved areas
with teledermatologic expertise reducing the need to
travel to a specialist's office to receive their services
(Duniphin, 2023, Parga et al. 2025).
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1.3 This Section Shares Some of The Justifications For
Using Machine Learning For Triage

The machine learning-based skin cancer triage tools
are appealing, just because they tackle the specific
problem mentioned in the previous point lack of
specialist capacity for the skin cancer diagnosis in
comparison with patient demand. Once a system based
on deep learning could detect a concerning from a
reassuring lesion on just a photo, if it was certain
enough, it can then be used anywhere where the
smartphone camera and internet connection are
available with no consideration of how many
dermatologists reside in the area. But initial test results
were impressive: a Deep Convolutional Neural
Network (DCNN) based classifier trained on 129,450
clinical images and compared with 21 board certified
dermatologists performed equally well when trained
and tested on both keratinocyte carcinoma and
melanoma images (Esteva et al. 2017). This discovery
spurred a significant follow-on research program,
generalising the classification task to a critical
subsequent one in the context of primary care
comprehensive differential diagnosis for which the
team has continued to research (Liu et al., 2020) and
ultimately to regulatory authorisation of Al-powered
devices that are meant to be used directly by non-
specialist clinicians (Venkatesh et al., 2024).

But measuring this promise is not solely based on
purely technical performance measures. An accurate
model on a population that isn't highly representative
of the population at question is of little help to them,
something this review documents; in the case of
melanoma, those at risk of poor outcomes (Daneshjou
et al., 2021, 2022; Fliorent et al., 2024) tend to be the
people with darker skin tones and less common
presentations who are underrepresented in melanoma
training data. The prospects of machine learning for
underserved communities thus come with the added
challenge of looking at the ability for machine learning
to work for some communities, but not others, and
what happens if a machine learning model does detect
a lesion it notes as a critical one to be referred?

1.4 The Review aims

The aims of this review are (1) to describe the
epidemiological pattern leading to disparities in skin
cancer outcomes driving the desire to scale-up triage,
with a focus on initial detection to teledermatology
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consultation to the eventual occurrence of a referral
completion; (2) to study access barriers, both societal
and individual, to dermatologic care within
underserved communities; (3) to critically review the
evidence of how much a machine learning-based skin
cancer detection technique can contribute to this
process and to how well it performs across all skin
tones; and (4) to stake out the entire triage pathway
from detection, via teledermatology consultation to
eventual dereferral, so as to identify “hotspots” where
losses to follow up are likely to occur in underserved
populations and propose an integrated approach to
mitigate such losses.

IL. METHODS

2.1 Approach and Scope

This is a narrative review from a set of ten English
language, peer-reviewed literature sources that were
found, by way of targeted searches, in databases
related to informatics in the biomedical, disease-
specific (oncoscopy) and health policy fields as well
as the dermatology field. Sources were chosen because
they directly addressed one or more of four thematic
areas: (1) epidemiology of skin cancer outcome
disparities by race, ethnicity and geography in the
U.S.; (2) machine learning and artificial intelligence
performance in skin cancer detection, foundational
validation studies, benchmark datasets, and consumer-
oriented diagnostic tools; (3) algorithmic bias in
dermatology artificial intelligence and its relationship
to skin tone representation in training datasets; and (4)
structural and organizational barriers to access of and
for dermatologic care and referral completion,
including implementation of teledermatology.

2.2 Identifies and Combines Information from and
Synthesizes A Variety of References

Due to the limited scope deliberately chosen for this
review, no more than the 20 sources cited above were
added, and all contentions made in this article are
supported by one or more of the above evidence with
in-text citations. Because of the large amount of
heterogeneity in the study design, population and
definition of outcomes of included sources (such as
large national cancer registry studies, single-
institution retrospective cohorts, algorithm validation
studies, and scoping reviews of health services),
findings have been summarised narratively rather than

IRE 1719647

through a formal quantitative meta-analysis. The
review is designed around a single focus to identify a
journey of ideas, starting with disparities in
population-level outcomes, then going through the
entry barriers and technological interventions to
address these disparities and then to the key point in
the care pathway at which disparities remain at the
point of referral completion which is where the review
argues that technology promises to have a most direct
impact.

2.3 Epidemiology and Disparities in Achieving
Optimal Skin Cancer Outcomes

There is the appearance of an apparent paradox to
melanomas in the United States that often causes
confusion non-Hispanic White persons have five to 10
times higher melanoma incidence rates than Black and
Hispanic persons or Asian persons and, once
diagnosed with melanoma, Black, Hispanic, and Asian
persons are always at a disadvantage compared with
the non-Hispanic White population with respect to
melanoma-specific outcomes. The study, which
included a population-based assessment of clinical and
histologic features and prognosis in 1,106 African-
American patients with melanoma between 1988 and
2011 in the Surveillance, Epidemiology, and End
Results (SEER) database, revealed both the unique
clinical and histologic characteristics of melanoma
among African-Americans and their relative poor
outcome (Mahendraraj et al., 2017). A more recent
analysis using the SEER data, confirm that this racial
outcome disparities trend in mortality statistics for
melanoma have persisted into other decades that have
followed as overall cancer care has improved,
suggesting that these disparities are not a reflection of
an incomplete older SEER data set (Qian et al., 2021).
This pattern appears to be independent of another large
scale SEER cohort from 1992-2009 which found
longer duration of survival after melanoma diagnosis
for White patients, followed by Hispanic, Asian
American/Native American, and Black patients
(Dawes et al., 2016), making it a more robust pattern
to stand by itself rather than being the result of any one
data set.
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2.4 The Importance Of Non-Metastatic Stage At
Diagnosis and The Difference In Survival Rates

In the melanoma outcomes literature reviewed in
Section 3.1, delayed diagnosis (minorities also tend to
be diagnosed at regionally advanced or distant stage
disease), has been the most consistent explanation
given for this survival gap (Dawes et al., 2016;
Mahendraraj et al., 2017). Results from a systematic
review and meta-analysis, collating a large number of
the included studies, showed overall reduction in
overall survival and melanoma-specific survival in
Black patients compared to non-Hispanic White
patients skin cancer, with similarly poor outcomes for
the other ethnic minority groups compared to non-
Hispanic White patients being reported often (Lam et
al., 2022). This is one of the most rigorous and
comprehensive evidence-based syntheses of North
American data over the past 30 years, with a robust
conclusion that the survival difference seen in
individual registry studies is a generalizable
phenomenon, and not specific to a single health care
system or period.

The diagnostic triage pathway is a significant point of
intervention, as it is during this stage that interventions
are most likely to close the gap on survival as they
enter into a process of earlier detection and evaluation
(such as the machine learning tools studied in Sections
5.0 and 6.0) and, where successful, achieve good
reliability across the entire patient mix that should be
able to use them.

3.3 Cancer Health Disparities in a Context Broader
than Cancer

It is important to note that the health disparities
presented above are not unique to melanoma, but
rather are part of the larger cancer health disparities
context for racial/ethnic minorities in the U.S. An in-
depth review of the health disparities in cancer for
several types of cancer and racial/ethnic minority
populations revealed that health disparities are due to
a complex, multifactorial combination of cancer-
specific and non-cancer risk factors that includes
genetic, environmental, socio-economic, and
healthcare access factors, which extend beyond any
individual cancer type (Zavala et al., 2021). The
importance of this lies in two aspects: first, the
melanomaspecific findings from sections 3.1 and 3.2
can be used within this broader context to show that
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the interventions proposed later in this review only
tackle a single pathway out of several that can
contribute to disparities in outcomes; these
interventions should not be expected to overcome
disparities entirely on their own; and second, the
implications of the lessons learned from the disparity-
reduction strategies other cancer types employ can
inform interventions specifically for skin cancers, and
vice versa.

3.4 We Are Committed to Providing Our Patients With
Respectful Care

The experiences of cutaneous treatment also vary
systematically across racial/ethnic lines in ways that
likely account for the above described delayed-
presentation pattern.Objective indicators of outcome
also vary systematical by racial/ethnic group in ways
that are likely to help explain the delayed-presentation
pattern found above. Using nationally representative
survey data, a cross-sectional study revealed
significant differences in the likelihood of a person
feeling respected, listened to, and explained, among
people with a self-reported skin cancer history
between people of racial and ethnic minority
backgrounds to non-Hispanic Whites during
interactions with the clinical system (Fahmy et al.,
2023). This is a clinical finding because perceived
disrespect and communication problems are likely to
deter patients from timely return for follow-up visits,
from voicing "concerns" related to new or changing
lesions, and from following through on appropriate
referral of new or changing lesions — the clinical
"pathway" of this behaviour which was detailed in
Section 9.0 of this review. The interpersonal
dimension of the care experience, which is essential
for the primary dimension of algorithmic/structural
barriers and barriers to earlier detection that is the
primary focus for this review, necessarily remains
uncouched without this dimension of the care
experience.

IV.  DERMATOLOGY ACCESS CRISIS IN
UNDERSERVED COMMUNITIES

4.1 This Reduces Geographic and Workforce
Maldistribution

In addition to the more-than-recognizable geographic
disparities in the numbers of skin surgeons and
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dermatologists in the United States that were
introduced in Section 1.2, the distribution of the U.S.
dermatology workforce is increasingly inequitable
over time. Using county-level dermatologist density
data, the authors determined that dermatologists were
consistently found to be more concentrated in well-
resourced, urban counties, and that dermatologist
density in metropolitan counties increased even more
over the study period than did other counties over the
same period (Feng et al., 2018). This puts a disturbing
spin on the disparities reported in Section 3.0 because
the racial and ethnic minority groups identified as
being under-diagnosed for melanoma tend to be
overrepresented in rural, and often underserved, areas.
So it seems possible that racial and ethnic workforce
imbalances are a direct driver of the disparities
recently reported for melanoma diagnosis.

4.2 Barriers to Care Beyond the Geography

To measure all available barriers to dermatologic care
in underserved communities through geographic
distance to the nearest dermatologist is an incomplete
measure. A recently published in-depth examination
of barriers to specialty care access identified a
complex framework of patient income, not having
health insurance, and the larger systems that patients

rely on for health services, and that the specialty-care
access gap in melanoma and non-melanoma skin
cancers cannot be solved by simply tackling issues of
geographic access (Duniphin, 2023). This dual layer
barrier is why single barrier interventions are not
likely to achieve universal access: An urban patient
living near specialists, who may have social, cost,
insurance or language issues due to overcrowding, and
a rural patient living near a dermatologist, who may
have inaccessible cost, insurance, transportation or
language issues due to his or her lack of access.

4.3 This chapter provides a summary of key barriers to
access to dermatologic care

Table 1 provides a summary of the main categories of
barriers to dermatologic care access documented in
Sections 4.1 and 4.2, the specific evidence supporting
each barrier, and type of intervention most likely to
address each barrier. This transparency follows in
explaining ~ why overlapping  and
complementary interventions are layered together in

several,

the integrated framework proposed in Section 11.0:
machine learning driven triage, teledermatology, and
referral navigation support, instead of relying on an
individual, technological or organizational solution.

Table 1: Key Barriers to Dermatologic Care Access in Underserved U.S. Communities

Barrier category

Supporting evidence

Primary intervention type

insurance barriers

location identified as core barriers (Duniphin,
2023)

Geographic/workforce Widening urban-rural dermatologist density gap | Teledermatology; = ML-based
maldistribution over time (Feng et al., 2018) primary care triage
Socioeconomic and | Income, insurance status, and care-seeking | Structured referral navigation;

policy/coverage reform

Algorithmic performance
£aps

Substantially reduced Al diagnostic accuracy on
dark skin tones and uncommon disease
(Daneshjou et al., 2022; Fliorent et al., 2024)

Diverse dataset curation;

disaggregated bias auditing

Referral non-completion 10.9% of urgent referrals never completed; | Referral tracking, navigation
disparities by language/race (Pagani et al., 2023) | support, communication
improvement
Patient Minority patients less likely to feel respected, | Communication training;
trust/communication listened to, explained to (Fahmy et al., 2023) patient-centered referral
counseling
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V. FOUNDATIONS OF MACHINE
LEARNING AND ARTIFICIAL
INTELLIGENCE IN SKIN CANCER
DETECTION

One oft-cited study indicates the dawn of modern
machine learning-based skin cancer detection
occurred in 2017, when a deep convolutional network
(DCNN) that was trained end-to-end on skin lesion
images and diagnosis could compete classically with
board-certified dermatologists (Esteva et al., 2017).
The classifier was trained on two orders of magnitude
more clinical images (129,450) compared to previous
similar studies and validated on a cohort of 21 board
certified dermatologists who made a diagnostic
decision of a biopsy in cases that were diagnosed as
either keratinocyte carcinoma or malignant melanoma
using images specifically evaluated based on the
clinician's diagnosis. Beyond the important questions
of the underlying technical proof of concept regarding
the ability to train an algorithm solely on images and
labels to replicate the expert-level dermatologic
judgment of an expert, this study is of great value in
the underserved-communities interpretation of this
review.

5.1 Differential Diagnosis Systems for Primary Care
Later studies continued to improve their understanding
of the limitations of the classification paradigm by
Esteva et al. (2017) and deep learning techniques were
used in the development of larger systems for
differential diagnosis that could be used directly by
non-specialist doctors. The deep learning system was
trained on diagnosable cases of skin-related disease,
and not designed solely to classify skin disease as
cancer, with a sample from a teledermatology system
providing a differential diagnosis of the most
commonly seen skin diseases in primary care, out of
16,114 de-identified cases from a 17 clinic-based
practice (Liu et al., 2020). This much broader context
is relevant to this review's underserved-communities
context because the primary care clinician will
frequently be the primary source of clinical contact for
the patient whose skin problem needs assessed, and a
tool that helps assess the range of common differential
diagnoses that can also help access patient concerns
with skin problems has much greater utility than one
limited to a cancer diagnoses alone.
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Being trained and benchmarked in medical image
classification or computer vision problems, in
particular for skin cancer detection, large datasets of
publicly available annotated or well-annotated images
have played a significant role in the success of
machine learning algorithms. To overcome the
historical lack of training data of dermatoscopic
images and its lack of diversity, the HAM10000
dataset ("Human Against Machine with 10000 training
images") has been published consisting of 10,015
dermatoscopic images collected from several source
populations and has become one of the most popular
benchmark datasets in the area (Tschandl et al., 2018).
Although, as outlined in Section 6.0, the populations
HAM10000 and similarly-built data sets have been
gathered from were not actively sought after for
diversity of skin tone, the resulting population(s)
mirrors a point in history for those populations and
therefore directly influences the accountability for
diagnostic equity during this time.

5.2 The accuracy of the consumer applications for
which the smartphone user will use.

In parallel to the clinician-focused system mentioned
above, a new class of ,,consumer (patient) focused
smartphone apps has developed, which are directly
marketed to patients for self-skincancer risk
evaluation without clinicians. The accuracy of these
applications was systemically reviewed, revealing
large discrepancies in the reported sensitivity and
specificity between the nine reviewed studies and six
of the applications and also methodological flaws such
as lack of a representative population of the general
public (Freeman et al., 2020). These applications in
theory are well suited for reaching those without easy
access to primary care and dermatology-based doctors
and as such warrant careful consideration to provide a
more comprehensive triage solution, but the current
evidence does not allow for confidence in using these
consumer-grade applications as a component of a
"whole system" triage, underlining the continued
value of the more clinically integrated solutions
outlined in Sections 5.1, 5.2 and 7.0.
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VI.  ALGORITHMIC BIAS AND THE SKIN OF
COLOR PROBLEM

6.1 Missing and Mismatching Data Sets
Well-documented underrepresentation of darker skin
tones in dermatology Al research seriously
complicates the prospect of a diagnostic use case as
outlined in Section 5.0. AI tools based on image
classification often disproportionately rely on
constituent data sets with majority fair skin, but lack
adequate representation of skin of color populations
when compared to those in the larger patient
populations (Daneshjou et al., 2021). Put another way,
models trained mostly on lighter skin tones can be
fairly expected to be not as reliable when applied to
darker skin tones — which aligns with the general
dermatology Al literature, which also found the
narrow scope of traditional approaches to skin typing
and its lack of skin-of-color representation to be a
fundamental, unsolved problem in the field (Fliorent
et al., 2024).

6.2 Diverse Dermographic Images Benchmark

A dedicated research effort was undertaken to develop
a new, pathologically verified, expertly curated and
publicly available collection of dermatology images,
on average showing a diverse skin tone, off which we
defined the Diverse Dermatology Images (DDI)
dataset (Daneshjou et al., 2022), which was used to
compare and benchmark existing ‘off-the-shelf
dermatology AI systems that had been similarly
validated. This wide-ranging evaluation revealed
significant performance bottlenecks, in particular
when labelled with difficult-to-categorise, or rare, skin
lesion images, where accuracy was diminished;
similarly, distant (ground truth) labelling by human
dermatologists was found to result in poorer
performance across some images of dark skin tone and
less frequently encountered disease type. This is a
testament to the fact that the bias issue is not
something that can be just solved by data engineering
or an architecture change to the model the real issue
dates back before even the algorithms were written,
and is a lack of dermatologic knowledge and pattern-
recognition training with skin of color.

6.3 Outcomes from Healthcare Algorithmic

This type of algorithmic bias is not confined to
healthcare and has been exposed in other fields like
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search engines. The algorithmic bias of this type is not
only confined to dermatology as it has been revealed
in other areas such as search engines. A widely cited
study of a widely-used commercial-level algorithm,
employed by the vast majority of U.S. healthcare
providers, to identify patients for care-management
enrollment demonstrated that an important racial bias
exists: the algorithm relies on historical healthcare
costs as a marker of underlying health need, and
spending on Black patients with similar clinical need
is actually less a bias that effectively meant that the
algorithm resulted in less people being identified for
further care among Black patients. (Obermeyer et al.,
2019) Avoiding algorithmic bias can be done through
a similar process to that described in the dermatology
context reviewed above; rather than simply relying on
the accuracy of the algorithm to show that there is little
bias, more comprehensive performance auditing, as
performed by Daneshjou et al. (2022), involves
deliberate  disaggregation of the algorithm's
performance across the specific settings in which it is
likely to apply to real patients.

6.4 Emerging Mitigation Strategies

Directly addressing the underrepresentation issue,
researchers have started to expand into structured
endeavours that seek to boost the diversity in
dermatological training data. One protocol outlines
four stages: measuring the current level of
underrepresentation within publicly accessible image
repositories of skin images, creating synthetic images
that mimic skin tones and underrepresented,
thoroughly assessing the realism and disease
presentation relevance of the synthetic images, and
combining this wider spectrum of images with existing
ones to achieve a more balanced detection model
(Rezk et al., 2022). This is a promising early phase in
these types of mitigation which, at this stage, are far
less developed compared to the well-established ones
in Section (5.0), though important as a sign of the
increased visibility and formalization in reporting
biases in dermatology Al studies, paralleling the calls
for bolstering transparency and bias reporting in Al
systems across STEM fields (Daneshjou et al., 2021;
Fliorent et al., 2024).
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VII. REGULATORY PATHWAYS AND REAL-
WORLD DEPLOYMENT

7.1 FDA Approval of Al-Used Skin Cancer Devices
The process of bringing the insights from the research
outlined in Sections 5.0 and 6.0 into practice has relied
on the shifting regulatory environment of medical
devices in the U.S. involving Al technologies.
Milestone 2: FDA approval of DermaSensor, a new
medical device that is the first to receive clearance for
use in primary care settings where it will help detect
skin cancer and treated by non-specialist physicians,
setting a precedent for medical device clearance of Al
tools for use by non-specialist clinicians and non-
dermatologists (Venkatesh et al., 2024). This is
directly applicable to this review's topic, as primary
care clinicians are the most likely clinicians to be the
first point of care medical contact in the rural and
underserved communities reported in Section 4.0,
where there are a scarcity of dermatologists.

7.2 National Guidance for Health for Health Systems
and Health Plans

This approval also brings up concerns on how these
devices are continuously generating evidence and if
there is a monitoring system in place that works for all
skin tones and the noted performance gap in Section
6.0 (Venkatesh et al., 2024). Implementing a device in
use without disaggregated reporting, similar to that
shown by Daneshjou et al. (2022) on aggregate
diagnostic accuracy, could end up repeating the
inequity observed in the real world when deployed in
primary care that has been reported in the research
literature. To ensure the successful transition of
machine learning (ML)-based triage to primary care
and to support primary care transitions to the use of
ML tools, regulatory evidence standards and
validation protocols must explicitly consider skin-
tone-disaggregated performance evaluation, as
equivalent to not considering equity assessment
separately from core evidence standards and
validation.

8.1 Use of Teledermatology in Isolation as a Primary

Finally, the machine learning methods from Section
5.0 are complemented by a method of teledermatology
that is often referred to as the “store-and-forward”
system: in which the clinical information and images
are sent to a remote dermatologist for later review. An
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in-depth barrier analysis revealed that teledermatology
was one of the initial applications to be considered for
moving patients to earlier in-person assessment, to
improve earlier diagnosis of melanoma and non-
melanoma skin cancer, and warned that further
research-tested implementation trials are required to
realize the potential of teledermatology for
underserved populations (Duniphin, 2023). This,
much like others we've already seen in machine
learning apps, is a sign of a lack of maturity in real-
world use, and of great promise and a known need, a
sign that neither technology is the entire answer.

8.3 The Implementation of Rural TeleDermatology
and Equity Must be Considered

However, a scoping review on the accuracy of
diagnoses, barriers in implementation, and equity
impacts of skin cancer care via teledermatology in
rural settings identified that features such as
standardized clinical workflows and dermoscopy
integration when using a teledermatology platform
and centralized review platforms were effective for
implementing teledermatology, whereas workforce
shortages, geographic isolation, and inequitable access
to technology across high-risk rural populations
remained as challenges (Parga et al., 2025). This
continues the mal-distribution of workforce evidence
from Section 4.1, noting that since teledermatology
relies on having a reliable communications network
and imaging devices at the point of care, there is a
potential for a differential impact this could have in
some communities of rural areas — a factor that should
be taken into consideration based on the integration
built-out of the teledermatology framework presented
in Section 11.0.

84 An Integrated Machine Learning-Tele
dermatology Triage Pathway

Figure 1 shows a structured and integrated pathway for
triage that brings together the techniques and
approaches reviewed in Sections 5.0 through 8.2, and
then implements them in one, coordinated tripod that
can be used in a home-based context that perhaps lacks
the services that a trained triage pathologist could offer
in an office setting. This pathway starts at first patient
contact (primary care, a community clinic or a
community health fair) where a patient uploads the
image of their skin lesion to a smart phone, with
optionally an attached dermatoscope, that is then
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analyzed with a triage machine learning algorithm as
described in Sections 5.1 and 5.2. This skin-tone-
aware benchmarking of the performance of the
benchmarked algorithm, such as what was defined in
the DDI dataset (Daneshjou et al., 2022), is included
as an interpretive step next to the raw algorithm result,
creating a pathway towards implementing the equity
safeguard claimed in Section 7.2.

If lesions are identified as being high risk or
indeterminate, they are referred for the store-and-
forward teledermatology review pathway, as outlined
in Section 8.1 and in low-risk lesions the lesion is

PRerd et ian Wb 4 on
MR MR Y y

Wetmti o ony
Lo b bt 1ulerr e v

followed up in the usual primary care pathway. The
pathway includes focus group designed referral
navigation support such as clear communication,
scheduling support and transportation or cost support
prior to completed in-person evaluation and biopsy
(where indicated) after the remote review. Not only
does the explicit language on referrals as a distinct step
add to the recommendations of Section 9.0, it also
clearly signifies that referral non-completion is a
significant independent point of "loss" that needs to be
addressed specifically by dedicating resources and
effort to it.

W) VT M
W b fe

bang haamel
LT

Figure 1: Integrated machine learning teledermatology triage pathway for underserved U.S. communities
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VIII. IMPROVING DERMATOLOGICAL
REFERRAL COMPLETION — THE 'LAST
MILE PROBLEM

9.1 Life and Career Skills for New Hampshire
Transitioning Students

Analysis of the success of machine learning triage and
teledermatology in identifying a lesion that should be
referred for specialist opinion would miss the point if
it did not also explore the post-referral phase. Of 320
referrals made from primary care to dermatology in a
one-year period at a single academic institution, just
over half were evaluated within 30 days, more than a
third made delays and almost 11% failed to be seen at
all (Pagani et al., 2023). This is possibly the biggest
empirical basis for the main thesis of this review:
losses continue after appropriate referral starts — the
improvements to detection of the condition in the
upstream stages of the referral process do not
necessarily mean improved outcomes at that stage
unless this is tackled as well. Importantly, non-
completions and delays were not evenly distributed,
but disproportionately likely among patients who do
not speak English and among minorities and racial and
ethnic minorities (Pagani et al., 2023), resulting in a
direct link between the literature on referrals and their
completion and the findings on outcome disparities in
Section 3.0.

Paragraph 7.2 uses the term "structural barriers" in the
following context:

Overall, these differences align with the findings in
Section 3.4: Patient experience — that patients who did
not seem to receive adequate care to address their
concerns may reasonably leave completing a
subsequently recommended referral to a lower
priority, especially if they encounter added travel time
and distance and language barriers to accessing the
care recommended by their physicians (Fahmy et al.,
2023; Pagani et al., 2023). Effective interventions to
close this gap will thus require more than logistical
mechanisms - there will also need to be an element to
the initial referral conversation that covers a
communicative and relational dimension.

These are promising areas for future development of
these systems.These represent some good directions
for future development of these systems.

Table 2 lists the main studies examined under each of
Sections 5.0 to 9.0, providing evidence of the stages in
the journey from initial machine learning detection to
ends of trip completion, including the population,
main finding and how applicable this is to underserved
communities. The complete pathway to which this
review refers is clearly spelled out in this table: The
fact that resources are dedicated at one point in this
pathway will not make up for the absence of resources
at another.

Table 2. Summary of Key Studies Tracing the Detection-to-Referral-Completion Pathway

Source Population/design Key finding Relevance to underserved
communities
Esteva et al. | 129,450 clinical images; | Dermatologist-level Establishes technical
(2017) CNN vs. 21 dermatologists | classification performance | feasibility = of  specialist-
achieved independent triage
Liu et al | 16,114 teledermatology | Broad differential diagnosis | Supports non-specialist first-
(2020) cases, 17 sites system for primary care use contact clinicians directly
Tschandl et | 10,015-image HAMI10000 | Large, multi-source benchmark | Accelerated research  but
al. (2018) dataset dataset released publicly lacked deliberate skin-tone
diversity
Freeman et al. | Systematic review, 9 | Wide accuracy  variation; | Cautions against unvalidated
(2020) studies/6 apps unrepresentative study | consumer-facing tools alone
populations
Daneshjou et | Scoping review of Al | Widespread underrepresentation | Identifies root cause of
al. (2021) datasets/algorithms of darker skin tones downstream diagnostic
disparities
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al. (2022)

Daneshjou et | DDI  benchmark dataset | 27-36% AUC drop on diverse | Direct quantification of real-
(n=656 images) images;
underperform

humans also | world equity gap

al. (2024) (DermaSensor)

Venkatesh et | FDA authorization analysis | First Al skin cancer device | Directly targets dermatologist-
authorized for primary care

scarce settings

Feng et al. | US

county-level | Widening urban-rural workforce | Documents structural access

(2018) dermatologist density, 1995- | distribution gap barrier motivating triage need
2013
Parga et al. | Scoping review, rural | Standardized workflows aid | Identifies technology-access
(2025) teledermatology implementation; equity gaps | equity risk within
persist teledermatology itself
Pagani et al. | 320 urgent dermatology | 10.9% never completed; | Identifies referral completion
(2023) referrals, single institution disparities by language/race as independent, disparate
bottleneck

IV. INSURING THE COORDINATION OF
HEALTHCARE SERVICES WITH
MENTAL HEALTH

Figure 2 shows the approximate proportional
contribution of the principal factor categories
identified throughout Sections 3.0 through 9.0 to
overall diagnostic delay in underserved communities
across the U.S. being specific to geographic and
workforce maldistribution (Feng et al, 2018);
algorithmic and diagnostic performance gaps related
to darker skin tones and less common presentations
(Daneshjou et al., 2021, 2022; Fliorent et al., 2024);
referral non-completion and communication barriers
(Pagani et al., 2023; Fahmy et al., 2023); broader
socioeconomic and insurance barriers (Duniphin,
2023); and patient trust and perceived-respect
disparities (Fahmy et al., 2023). This distribution is a
necessary  approximation, it is qualitatively
synthesized from the heterogeneous set of sources
reviewed, it does not necessarily represent any one
data set and does not mean that a single factor category
dominates or that a single-category intervention will
be sufficient to fully solve the problem.
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Figure 2: Approximate distribution of contributing
factors to diagnostic delay in underserved U.S.
communities.

XI.  THIS COMPONENT IS ABOUT BEING
BRUISED YET WHOLE

11.1 This course relates to goals

Machine learning-based triage (Section 5.0 and 6.0),
teledermatology (Section 8.0) and structured referral-
completion support (Section 9.0) fall into largely
separate points of potential failure in the same
diagnostic pathway and are likely to meaningfully
improve outcomes when they are combined, as in
Figure 1, rather than used in isolation. Machine
learning triage is one solution to the detection
bottleneck of the limited number of dermatologists;
teledermatology is one solution to the “specialist-
review bottleneck;” and structured referral processing
adds to the behavioral and logistical “bottleneck,”
which has been previously under recognized but
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substantial, as an independent contributor to delay
(Pagani et al., 2023). Future triage programs should
thus monitor the patient along the entire journey and
measure not just the rate of in-triage accuracy, but
progress rate through the teledermatology consultation
process and, most of all, through in-person referral
success, especially as it relates to the groups identified
previously  (Section 9.0) where delay is
disproportionately experienced.

11.2 Adopting an Innovative Approach to Policy nd
Implementation Considerations

When moving this framework to the practice, there are
multiple points to be considered, based on the
evidence found. Skin-tone-disaggregated performance
reporting is recommended for skin cancer devices that
aim to be authorized for primary care, as done in the
DDI benchmark methodology (Daneshjou et al,
2022), through regulatory evidence. The key equity
considerations about technology access raised in the
rural teledermatology literature (Parga et al. 2025)
should be factored into the design of teledermatology
infrastructure, so as to not exclude communities that
already have the best connectivity. By offloading these
costs and services as assistance or support (such as
language-concordant communication, arranging travel
and/or scheduling assistance), referral navigation
becomes a core program component, not an unfunded
add-on, and is directly addressing the pharmaceutical
expenditure non-completion problem that Pagani et al.
(2023) reported that is non-randomly distributed.

XII. DISCUSSION

12.1 What is the challenge facing innovators to
achieve equity

Many of the bks cited reflect a conflict between the
sophistication of today's dermatological Al and its
slower development in terms of achieving equitable
performance in the broader diversity of patients who
are being treated. The story of Esteva et al. (2017)
proving that dermatologists can perform at the level of
their patients, followed by the evidence from
Daneshjou et al. (2021, 2022) elucidating significant
disparities on darker skin tones, presents an example
reminiscent of the stark inequities that were only
clearly visible through targeted and deliberate
disaggregated study uncovered by Obermeyer et al.
(2019) outside dermatology as well. The key point of
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this review is that innovation and equity need to be one
and the same, prioritizing both innovation and equity,
and both should start in the initial stages of
development.

12.2 Tackling a drill with some pressure doesn't make
it harder

An imbalance in research attention is a second pattern:
between upstream (detection technology) and
downstream (referral completion). Both the
experience with machine learning and the experience
with bias are quite vast and growing (see Section 5.0
and 6.0) and the experience with referral completion is
quite small, but nonetheless important because found
to have a very high 11% non-completion rate, and
showed very strong language and racial disparities
(Pagani et al.,, 2023) which may prove to be as
consequential for outcomes for underserved
communities as the combined work so far on machine
learning and bias. Innovation in early detection must
not replace, and should not divert attention from,
provision of the specialist care follow-up to which the
flagged patients are referred.

12.3 Research Gaps

Several gaps remain. The evidence base here for the
fully integrated proposed triage pathway in Section
11.0 is not evidence-based as a single pathway, but
rather separate evidence-based literatures on the
accuracy of the pathway, pathway bias and
teledermatology, and pathway completion through
referrals. Data linked to Al-assisted triage and
eventual completion of the referral and diagnosis
remains limited; an extension of Daneshjou et al.'s
(2022) approach into the domain of referral
completion and diagnosis confirmation (Pagani et al.,
2023). Further in-depth research into referral
navigation interventions themselves, and not just the
patterns of not completing them, is comparatively
under-developed, and is a clear direction for future
intervention focused research.

12.4 Limitations of This Review

There are a number of limitations to this review. It
does not formally register a systematic review with
dual independent screening or quantitative meta
analytic pooling, but rather is a narrative synthesis of
twenty carefully selected sources of information;
readers who are interested in pooled estimates on any
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specific question — such as the exact size of the racial
difference in melanoma survival, or the exact quality
of a specific diagnostic classifier — are advised to
consult specific systematic reviews on this limited
question. The 20 sources had different methodological
approaches and included registry analyses, single-
institution cohorts, algorithm validation studies,
scoping reviews and cross-sectional surveys, with no
attempt made or appropriate for the analyses to
compare the relative merits of the methodological
approaches. Lastly, the synthesis of the integrated
framework proposed in Figure 1 and Section 11.0 is a
conceptual framework based on evidence reviewed in
the literature as opposed to a previously validated
protocol, and its actual effectiveness in practice has
not been directly tested in the published literature.

XIII. CONCLUSION

Despite the generally improving prognosis for
Americans developing skin cancer, there are
significant and persistent disparities: although patients
from minority racial/ethnic groups are diagnosed at a
somewhat later stage of skin cancer than are non-
Hispanic White patients, in independent analyses of
both skin or other cancer registry data, those same
minority groups had worse survival than non-Hispanic
White skin cancer patients, and, a dermatology health
care workforce growing more and more concentrated
away from rural areas and the underserved populations
that benefit from its palliative role most. The problem
can be tackled in this way and is helped by advanced
machine learning models that have been shown to
deliver dermatologist-class accuracy and that are
beginning to receive regulatory approval for primary-
care use of Al devices — for the first time, as seen in
their translation into real-world applications. This
same study has revealed a major problem:
dermatology Al  created  with  historically
unrepresentative datasets is significantly less effective
for dark-colored skin and less common conditions
exactly the populations where effect of current
healthcare treatment has been well documented as
being suboptimal. Added to this, the majority of
patients referred to specialist redeployment for
successful cross-cultural specific triage often fail to
follow up for those in-person consultations, especially
those who are not English-speaking and minority
communities. Transformation of skin cancer triage in
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underserved communities in the U.S. can't happen
with only technology; it must be purposeful, effective,
and integrated into a skin cancer care pathway that is
equitably evaluated and continuously monitored while
the promise of advanced machine learning is
substantial, the reality of being a patient living in a
community that benefits most will look very different.
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