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Abstract
The integration of artificial intelligence (Al) tools into dermatology private practice introduces new di-
mensions of diagnostic support, workflow efficiency, and patient engagement, yet also demands rigorous
compliance infrastructure to mitigate legal, ethical, and operational risk. Establishing an Al compliance
system within a private dermatologic setting requires the development of a multidisciplinary oversight
process encompassing algorithm validation, data governance, cybersecurity, and adherence to emerging
regulatory standards such as the EU Al Act, U.S. FDA guidelines on Software as a Medical Device
(SaMD), and state-level privacy legislation like the California Consumer Privacy Act (CCPA). Risk
stratification of Al tools used for triaging skin lesions, generating differential diagnoses, or automating
clinical documentation must be based on their functional classification (assistive vs. autonomous), in-
tended use, and data origin. Practices must implement thorough consent protocols for the use of patient
data in Al training or real-time decision support, ensuring transparency in model limitations, explaina-
bility, and the delineation of clinical accountability. Vendor contracts should include audit rights, data
use limitations, and indemnification clauses to safeguard against liability stemming from algorithmic
error or patient harm. Internal policies must define clear documentation standards for Al-assisted clini-
cal decisions and incorporate human-in-the-loop review mechanisms to prevent overreliance on algo-
rithmic outputs. Periodic auditing of Al tool performance, bias monitoring across skin types and demo-
graphic variables, and alignment with dermatology-specific clinical quality measures are necessary to
ensure regulatory conformity and equitable care delivery. Staff training programs should incorporate

technical tool use, regulatory literacy, ethical implications, and protocol escalation pathways in cases of
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Al malfunction or disagreement with clinical judgment. A well-structured AI compliance system in der-

matology private practice serves not only to fulfill legal obligations, but to uphold standards of clinical

safety, transparency, and patient trust as algorithmic technologies become integrated into the routine

administration of dermatologic care.

Keywords: artificial intelligence, compliance system, cybersecurity, dermatology.

Introduction

The potential utilization of artificial intelligence
(AI) in healthcare practices has garnered interest
from medical personnel and patients alike. Al-
driven algorithms not only assist clinicians with
decision-making and documentation, but can also
improve public health by identifying at-risk patient
populations, reducing healthcare costs, and improv-
ing healthcare access (1)(2). Prospective applica-
tions of Al in dermatology have been of particular
interest, largely due to the specialty’s heavy de-
pendence on visual pattern recognition and a short-
age of dermatologists in the United States (3)(4).
However, Al is a double-edged sword, as overreli-
ance may compromise both clinician and patient
judgement. For example, smart technologies have
promoted self-diagnosis through accessibility.
Wongvibulsin et al. (2024) characterized direct-to-
consumer (DTC) dermatology mobile applications
utilizing Al to facilitate early detection or self-
monitoring of skin lesions (5); this analysis depict-
ed lack of transparency in specific Al algorithms,
insufficient or non-disclosed safeguards for data
privacy, and limited regulatory oversight with ab-
sence of U.S. Food and Drug Administration
(FDA) approval. In our current healthcare land-
scape, dermatologists have shown interest in inte-
gration of smart technologies into their practices
(6), yet rely primarily on their own clinical-
decision making (7). This suggests that while Al is
garnering attention and trust from patients and phy-
sicians alike, its adoption into workflows must be

met by comprehensive frameworks to preserve

clinical integrity. As a result, compliance systems
are essential to support responsible integration of

machine intelligence into dermatology practices.

Compliance systems are structured frameworks de-
signed to ensure that artificial intelligence technol-
ogies are implemented in accordance with legal,
ethical, operational, and clinical standards. In high-
volume dermatology private practices, they em-
power dermatologists, office staff, and patients to
leverage the benefits of Al while simultaneously
mitigating associated risks. Several steps are re-
quired to protect the practice from such legal risks.
Dermatology private practice practitioners should
delineate the role of vendors as stakeholders in the
creation of Al systems (8). Compliance infrastruc-
ture should help practices align with both federal
regulatory standards and state-level legislation. In
addition, the framework should stratify Al tools
based on their intended uses, training datasets, and
functional capabilities. Unfortunately, currently
available models are trained using datasets lacking
representation of skin-of-color patients, leading to
inextricable biases that may cause suboptimal pa-
tient care (9). To protect patients, compliance sys-
tems ensure continued Al quality assurance
through audits and bias monitoring, transparent
documentation, and cybersecurity protocols. Lastly,
compliance system infrastructure should implement
continued staff education (8), particularly in situa-
tions when Al-assisted decisions may contradict

human judgement.
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Although implementing such systems may be time
and resource-intensive, particularly for smaller
practices, they offer non-negotiable benefits: pro-
motion of patient trust, reduction of algorithmic
bias, and increased physician confidence in Al
adoption (10). All aspects of an Al compliance sys-
tem are mandatory to proper assimilation and
maintenance of Al into dermatology private prac-
tices. Extensive literature has explored both the po-
tential applications of Al-driven algorithms and the

ethical, legal, and functional barriers to further

without hardware components is regulated based on
the healthcare condition and the significance of the
SaMD information in clinical decision-making
(12). At the state-level regulation, the California
Consumer Privacy Act of 2018 (CCPA), for exam-
ple, is specifically centered around consumer data
protection and personal autonomy over patients’
medical data (13). Though these various governing
laws all involve patient protection at the core, there
are differences in the coverage of Al regulation,

with gaps in the setting of health care. It is evident

adoption; however, there is a current paucity of that with the new and rapidly innovative applicable

guidance on how to navigate these issues. This re-
view details a comprehensive framework for suc-
cessful implementation of Al into dermatology pri-
vate practices, equipping dermatologists with the
necessary knowledge to maximize clinic efficiency,
patient outcomes, and patient satisfaction while
protecting against legal, ethical, and operational

risks.

Review

With the rapid and widespread adoption of Al, gov-
ernance at both federal and state levels is essential
for individual data protection. On a global scale,
European legislators published the Artificial Intelli-
gence Act (Al Act) in July 2024, which was en-
forced the following months with full applicability
anticipated in August 2027. This act is expected to
set standards beyond Al products in Europe,
providing policy recommendations that keep pa-
tient protection at the frontline of Al integration
(11). The risks posed by the health-related Al sys-
tem will determine the stringency and obligations
of both the provider and deployer. In the United
States, the Food and Drug Administration (FDA)
regulates medical devices based on a risk-based
classification system in the guidelines on Software
as a Medical Device (SaMD). Medical software

features of Al, there is an increasingly necessary
need for a multifaceted and dynamically evolving
process for regulation of patient data and ethical
use, especially in the context of healthcare, that

does not yet exist.

These regulations are central to the practical inte-
gration of Al in dermatology private practices. Fac-
tors that have hindered the clinical utilization of Al
advancements include imbalances between data
accessibility and patient privacy, medical-legal
challenges, and algorithmic fairness (14). Absence
of clear guidelines in patient privacy, data storage,
and data integration into the existing electronic
health record systems complicates standardization
of Al compliance within dermatology private prac-
tices (15). Furthermore, differing data privacy laws
can alter execution of clinical trials by location
(13), limiting external validity and weakening Al
algorithms for dermatology clinic use. Given the
lack of central secure storage systems for patient
information in smart technologies, private practices
should rely on applicable federal and state guide-
lines, including HIPAA, as templates for opera-

tions.

Beyond regulatory guidelines, enhancing dermatol-
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ogy practices with intelligent systems involves nav-
igating relationships with vendors. The integration
of external vendors offering artificial intelligence-
driven support tools into dermatology clinic work-
flows requires proper oversight and exhaustive con-
tractual frameworks. Vendors play a critical role in
development and maintenance of technology sys-
tems that support clinical decisions; therefore, their
operations must uphold patient safety and
healthcare regulations. Previously, healthcare infor-
mation technologies (HIT) vendors have included
indemnification clauses in contracts to avoid mal-
practice or personal injury responsibility. This
practice raised ethical issues, prompting recom-
mendation from the Task Force to prioritize patient
safety, transparency, and accountability over legal
absolution (16). With the increasing adoption of Al
in HIT, this issue has grown more complex and di-
visive. Cestonaro et al. (2023) depicts varying
views on medical liability; some believe that ven-
dors should be held liable when AI systems are
used as intended, but clinicians may still be held
liable when using assistive Al outputs. In contrast,
vendors may hold responsibility for the use of au-
tonomous Al by non-specialist providers (17). Fail-
ure to secure these contractual elements could ex-
pose clinics to compliance violations and harm pa-
tients; dermatology private practices must closely
work with vendors to create contracts nuancing in-
tended uses, potential risks, and proper reporting of

adverse events.

To further mitigate liability and preserve patient
trust, dermatology practices should implement de-
tailed informed consent protocols (ICP). They
should extensively define the scope of Al usage as
well as disclose how patient data may be used for
Al training and real-time decision support. In a

scoping review studying patient perspectives re-

garding Al usage, Osnat discovered that while over
75% of patients expressed notable benefits and util-
ity of Al in healthcare, approximately 50%-70% of
patients also expressed concern about ethical use,
privacy risks, patient safety, autonomy, and trust
(18). The “black box phenomenon, which refers to
the lack of transparency in many Al systems, may
limit patient trust. Because of AI’s hidden decision-
making process, patients may feel less empowered
to accept Al-driven algorithms. To best address
these concerns, dermatologists should use both ver-
bal and written communication to approach in-
formed consent for Al usage. Furthermore, consent
forms should be written in plain language and
should clearly outline ethical and legal considera-
tions (19). Well-structured ICPs that thoroughly
document Al contributions will improve both pa-
tient trust in intelligent technologies and their clini-

cians.

ICPs should be specifically tailored by the type of
Al employed, properly educating patients about
assistive and autonomous functions. The distinction
between assistive and autonomous Al systems is
essential to risk stratification. Assistive Al is de-
signed to aid clinicians by providing suggestions,
identifying potential concerns, or streamlining data,
without making decisions on their own. This is the
foundational goal of medical Al: to aid in diagno-
sis, treatment planning, and outcome prediction
(20). These AI tools are less risk-prone because
they depend on human input to execute. Assistive
systems enhance clinician performance by collect-
ing and analyzing data, executing tasks under su-
pervision, or adapting to tasks through guidance
(2). For example, a decision-support Al system in-
terpreting dermoscopic images and marking unusu-
al lesions leaves the final diagnostic choice to the

clinician (22). In contrast, autonomous Al operates
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with little or no human intervention. Autonomous
Al can independently make decisions or recom-
mendations (21). These systems respond to real-
world conditions and are able to perform actions.
Autonomous Al systems can triage skin lesions
submitted via teledermatology apps and generate
differential diagnoses without clinician review
(23). They can also appear in clinical settings, like
stand-alone implanted devices, or in admin opera-
tions, like computerized receptionists processing
patient registration (21). Autonomous Al is well-
suited to provide higher efficiency and accessibil-

ity, notably in large-volume practices, but comes

would be less likely to biopsy a clinically suspi-
cious lesion if indicated that it was benign. Further-
more, 74% of clinicians were open to using an Al
tool to help monitor skin lesions (6). In the current
landscape of dermatology, dermatologists have
shown interest in integrating Al tools into their pri-
vate practices, but will primarily rely on their own

clinical-decision making capacities.

Appropriate technical practices and thorough docu-
mentation are essential to support the intended
functions of Al models by dermatologists and med-
ical staff alike. Ma et al. (2024) proposed that com-

with severe challenges. Due to the outsourcing of petency in working with Al systems is vital for bias

clinical judgment to these models, there are severe
regulatory, ethical and liability issues. An under-
standing of these Al classification differences is

critical for dermatology practices.

Under experimental settings, autonomous Al with-
in dermatology has shown promising results. Es-
teva et al. (2017) demonstrated that a deep learning
algorithm could match the diagnostic performance
of 21 board-certified dermatologists in diagnosing
common and deadly skin cancers (3)(24). Since
then, further studies have found that smart technol-
ogies can even outperform groups of experienced
dermatologists in lesion classification (3). Howev-
er, in terms of use for private practices, dermatolo-
gists may prefer assistive Al to classify lesions, and
flag high-risk features. Dermatologists are recep-
tive to the use of Al systems to diagnose and moni-
tor skin lesions, but continue to value the physician
-patient relationship and clinical precision (6). In a
cross-sectional study, Nelson et al. (2021) reported
that 76% of dermatologists would be more likely to
biopsy a lesion with no clinical suspicion of cancer
if an Al tool indicated possible malignancy. In con-

trast, only 8% of dermatologists reported that they

recognition, ethics, and regulatory competence
(25). The Association of American Medical Colleg-
es (AAMC) reinforces this perspective in its pub-
lished principles for ethical and transparent Al use,
emphasizing the importance of privacy, transparen-
cy, and bias-conscious physician training (26).
However, the responsibility to protect patient care
and privacy belongs to all personnel staff involved
in machine intelligence operations, not merely phy-
sicians (27)(28). Support staff should be trained on
documentation, regulatory literacy, tool use, and
ethical implications. Rincon et al. (2025) intro-
duced NIH’s Bridge2 Al Training, Recruitment, and
Mentoring (TRM) curriculum as an ideal model
that allows for ongoing training (29). The cross-
disciplinary TRM curriculum consisted of struc-
tured mentor-scholar networks, providing custom-
ized learning pathways; it succeeded in fostering
ethical applications of Al for biomedical purposes
(29). Similarly, tailored learning pathways for der-
matology medical staff may promote proper Al

competencies and support ethical implementation.

In addition to proper staff education, safe and ef-

fective Al integration also depends on role-specific
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access to the Al system. In order to prevent misuse
and protect sensitive health data, practices must
implement a tiered access policy that is specific to
each healthcare role. Nelson et al. (2025) empha-
sized that Al systems should restrict user permis-
sion based on roles such as medical assistants,
nurses, and physicians (30). In a similar context,
Crigger et al. (2019) provided an example: patients
can only view their own Al-generated reports; ad-
ministrators have wide visibility but cannot edit
diagnoses; and physicians can review and override
Al diagnoses (31). Such role-based access is criti-
cal in dermatology clinics, where a variety of per-
sonnel—dermatologists, physician assistants, nurse
practitioners, medical assistants, front-desk staff,

and administrators— collaborate to assist patients.

When establishing artificial intelligence as clinical
assistants for dermatology private practices, it is
imperative to develop detailed internal protocols to
guide human intervention. These policies should
set expectations for staff functions during techno-
logical malfunctions, conflicts with clinician judge-
ment, and high-uncertainty cases. While some pre-
liminary studies suggest that Al may outperform
dermatologists in diagnostic accuracy across sever-
al skin conditions, models perform poorly in am-
biguous cases such as amelanotic lesions (32). In
contrast, hybrid approaches utilizing both human
judgement and Al pattern-recognition have pro-
duced superior results to both independent human
and independent Al findings; less experienced cli-
nicians gain the most from Al-based support (32)
(33), furthering its utility in private practices train-
ing non-physician dermatology providers. These
findings highlight the value of collaborative human
-Al workflow, optimizing care delivery across vari-

able levels of clinical training.

“Human-in-the-loop” frameworks embody this hy-
brid approach by establishing escalation protocols
for human verdicts. For Al systems assisting with
diagnostic functions, this feature may function by
flagging select cases for mandatory practitioner
review. A tiered risk categorization may stratify
predictions by confidence levels; Chanda et al.
(2024) introduced an explainable Al (XAI) meth-
ods system that denoted either “strong evidence of
characteristic(s)” or “some evidence of characteris-
tic(s)” (34). This nuanced communication and
transparency defers responsibility to clinicians and
staff members, enhancing trust in the technology
systems. Another type of “human-in-the-lump”
framework involves mandatory human review for
each case, regardless of risk categorization. Sys-
tems may also be designed to avoid diagnostic
judgement and other clinical functions altogether in
ambiguous situations, automatically routing them
to medical personnel (35). While this approach
may seem counterintuitive to its assistive functions,
these “selective prediction” models offer tangible
working conditions improving trust in Al. In addi-
tion to mitigating immediate risks to patient care,
“human-in-the-loop” frameworks may simultane-
ously monitor and modify Al performance; clini-
cians reviewing the models’ validity can feed data
back into the development algorithm with auditing
processes. Including human checks as escalation
pathways ensure that dermatologists remain central
to the diagnostic process, provide legal protection
in cases of near-miss adverse events, and support

continued improvement of Al algorithms.

Ensuring continuous improvement of these algo-
rithms require dermatologists to evaluate the biases
that currently exist within AI models. Kashish et. al
(2025) reports that Al models are trained on da-

tasets that lack substantial representation of images
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from patients with Fitzpatrick skin types IV-VI
(36). The lack of Fitzpatrick IV-VI representation
in datasets leads to the introduction of bias, causing
underperformance by the models when used in peo-
ple with these skin types. Missed or delayed diag-
nosis leads to worse outcomes and further exacer-
bates disparities in healthcare. Another factor that
contributes to bias in Al algorithms is the gaps in
patient access to dermatologic care, further lending
to the lack of representation in datasets used to train
the models (37). This highlights an interesting di-
lemma; though AI models have great potential to
help underserved populations, developing and
training the systems to properly serve these patient
populations is difficult. Label noise is another
source of bias for Al models, arising when images
used to train the datasets are labeled by visual con-
sensus only without histopathologic confirmation
(38). Without histopathologic confirmation, there is
more room for bias to be introduced into the da-
taset, especially with uncommon diseases and atyp-

ical manifestations in skin types IV-VL

Dermatologists must recurrently monitor model
outputs for these biases and provide corresponding
model updates. Daneshjou et. al (2022) shows that
Al models can be retrained with the addition of di-
verse image sets to help decrease the gap in accura-
cy in model outputs between those with Fitzpatrick
skin types I-II and V-VI (38). This has the potential
to strengthen Al models used in dermatology prac-
tices, ultimately improving outcomes for patients
with Fitzpatrick types IV-VI. Daneshjou et. al
(2022) outlined a Checklist for Evaluation of Image
-Based Artificial Intelligence (AI) Algorithm Re-
ports in Dermatology (CLEAR Dermatology) (38).
The list incorporates the data used to train the mod-
el, techniques for labeling of images and develop-

ment of algorithm, technical assessment of model

performance, and application of model. These
guidelines can be used to both initially evaluate and
re-evaluate Al models used in dermatology prac-
tice. Periodic, life-long auditing of Al models will
help to ensure regulatory conformance and equita-

ble healthcare delivery.

As examined throughout our review, establishing
artificial intelligence compliance systems for der-
matology practices requires meticulous data prepa-
ration and validation, a well-structured integration
into clinic workflow, scrutiny to protect patients,
and compliance to evolving regulatory standards.
Physician versus vendor accountability presents
another prospective challenge in implementation of
Al compliance systems. Determination of liable
parties for Al-assisted clinical decisions is largely
under debate and highly dependent on the degree of
imposed harm (39). To protect both providers and
patients, there is a perpetual need to re-evaluate the

legalities surrounding such Al systems.

If upheld responsibly, the future of Al in dermatol-
ogy holds vast opportunities for practice efficiency,
equity, and increasing healthcare accessibility. Sub-
stantial benefits include enhancing clinical decision
making, minimizing bias via more accurate detec-
tion of lesions across all skin types, and streamlin-
ing patient safety, education and compliance (40)
(41). Guaranteeing such benefits requires thorough
staff education, data quality management, specialty
-wide coding regulations, meticulous consent pro-
cedures, and transparency of Al-powered data ac-
quisition and usage. Establishing these aspects of
Al compliance systems functions to augment physi-
cian-patient trust and empower patients in their

own healthcare decisions.
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Conclusion

Our review highlights the necessity of robust and
reliable compliance systems in dermatology clinical
practices utilizing artificial intelligence technolo-
gies. A comprehensive infrastructure is required to
ensure ethical, effective, and safe implementation.
Further research exploring standardized implemen-
tation structures is essential to establishing patient
trust and clinician confidence in Al utilization

within dermatology private practices.

Conflicts of Interest: None declared.
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