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Abstract

Purpose: Cancer immunotherapy has transformed oncology, but underserved populations
face persistent disparities in access and outcomes. This review explores how artificial
intelligence (AI) can help mitigate these barriers. Methods: We conducted a narrative
review based on peer-reviewed literature selected for relevance to artificial intelligence,
cancer immunotherapy, and healthcare challenges, without restrictions on publication
date. We searched three major electronic databases: PubMed, IEEE Xplore, and arXiv,
covering both biomedical and computational literature. The search included publications
from January 2015 through April 2024 to capture contemporary developments in AI and
cancer immunotherapy. Results: AI tools such as machine learning, natural language
processing, and predictive analytics can enhance early detection, personalize treatment,
and improve clinical trial representation for historically underrepresented populations.
Additionally, AI-driven solutions can aid in managing side effects, expanding telehealth,
and addressing social determinants of health (SDOH). However, algorithmic bias, privacy
concerns, and data diversity remain major challenges. Conclusions: With intentional design
and implementation, AI holds the potential to reduce disparities in cancer immunotherapy
and promote more inclusive oncology care. Future efforts must focus on ethical deployment,
inclusive data collection, and interdisciplinary collaboration.

Keywords: cancer immunotherapy; health disparities; artificial intelligence; social determinants
of health (SDOH); Predictive Modeling
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1. Introduction
1.1. A Paradigm Shift in Oncology

Cancer immunotherapy has revolutionized the landscape of oncology, marking a
fundamental shift in how malignancies are treated. Unlike the conventional approaches
that have traditionally been at the forefront in the fight against cancer, such as chemother-
apy and radiation, which indiscriminately target both healthy and cancerous cells—often
leading to severe side effects—immunotherapy leverages the body’s own immune defenses
to precisely identify and destroy cancer cells [1,2]. Breakthroughs in treatments, such
as immune checkpoint inhibitors, Chimeric Antigen Receptor (CAR)-T cell therapy, and
cancer vaccines, have significantly improved survival rates and long-term prognoses for
patients battling various forms of cancer [3–5]. Notably, these therapies have shown remark-
able efficacy in animal models once deemed highly challenging, such as metastatic renal
cell carcinoma and specific types of brain tumors [6,7]. However, despite these advance-
ments, widespread access to immunotherapy remains a pressing issue. Many underserved
populations continue to face disparities in treatment availability, effectiveness, and out-
comes [8]. Geographic, economic, and systemic obstacles prevent numerous patients from
receiving cutting-edge care, ultimately limiting the full potential of these groundbreaking
therapies [8].

1.2. Disparities in Access to Cancer Immunotherapy

Addressing health disparities in cancer immunotherapy remains a significant challenge
in modern oncology. Socioeconomic status (SES) and social determinants of health (SDOH)
are key contributors to disparities in access to cancer immunotherapy and treatment
effectiveness [8]. Individuals from lower-income backgrounds are less likely to receive
advanced cancer treatment, including immunotherapy, due to barriers such as limited
access to specialized care and financial constraints [8].

These disparities arise from multiple factors, such as limited access to specialized
cancer centers, financial constraints, and underrepresentation in clinical trials. Beyond
structural barriers, implicit biases in healthcare delivery and a lack of culturally compe-
tent care may further widen these gaps, leading to delayed diagnoses and less effective
treatment plans [9,10]. Addressing these challenges requires strengthening healthcare
infrastructure, improving provider training on fair care, and ensuring access to high-quality
cancer services across populations. Closing these gaps is essential to ensuring access
to cancer care and improving outcomes for all patients, regardless of socioeconomic or
demographic background.

1.3. The Promise of Artificial Intelligence in Reducing Disparities

The integration of artificial intelligence (AI) into healthcare systems represents a
pivotal advancement in our pursuit of more equitable, accessible, and patient-centered care.
AI has emerged as a transformative tool with the potential to reduce disparities in cancer
care [11]. Figure 1 highlights the interconnected roles of AI in healthcare through four
primary applications: Data Analysis, Predictive Modeling, Clinical Trials, and Side Effect
Mitigation. These components surround a central focus on improving outcomes in diverse
populations by addressing disparities and enhancing the management of adverse events.
The circular layout emphasizes the continuous, integrated nature of AI-driven solutions in
promoting personalized care.
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Figure 1. AI Applications and Predictive Models in Addressing Disparities and Adverse Event
Management. Figure 1 illustrates key applications of artificial intelligence in healthcare—Data Anal-
ysis, Predictive Modeling, Clinical Trials, and Side Effect Mitigation—and their collective impact
on diverse populations. Positioned at the center of the figure, the outcomes emphasize AI’s po-
tential to reduce health disparities and proactively manage adverse events through inclusive, data-
driven strategies.

Through machine learning, natural language processing, and predictive analytics,
AI can enhance early detection, refine treatment selection, and improve patient monitor-
ing [12,13]. Table 1 provides a comparative summary of key AI technologies and models
used in cancer immunotherapy, detailing their primary applications, core features, perfor-
mance metrics, and implications for health inclusivity. Tools and models include Natural
Language Processing, Machine Learning, Computer Vision, and specialized platforms
such as PathAI and DeepSurv. The column on disparity impact highlights how these
technologies can enhance accessibility, personalize care, or mitigate bias—while also noting
the risks of reinforcing fairness if diverse datasets and transparent implementation are not
prioritized. By analyzing vast datasets, AI-driven models can identify treatment response
patterns, personalize immunotherapy regimens, and anticipate adverse effects—ultimately
leading to more effective and inclusive cancer treatment [14,15]. Additionally, AI-powered
clinical decision support systems assist oncologists in navigating complex treatment land-
scapes, ensuring that therapies are tailored to each patient’s unique genetic and molecular
profile [16]. Beyond treatment optimization, AI can also help increase representation of
underserved populations in research, leading to a more comprehensive understanding of
immunotherapy’s efficacy across diverse demographic groups [17,18]. As illustrated by
the successful deployment of AI tools in areas such as diabetic foot ulcer monitoring and
retinal screening for diabetic eye disease, these technologies are already making tangible
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improvements in clinical outcomes, care coordination, and access—especially in resource-
limited communities.

Table 1. Comparative Summary of AI Technologies and Models in Cancer Immunotherapy and Their
Impact on Health Disparities.

AI Tool/Model Application Key Features Performance Metrics Impact on Disparities

Natural Language
Processing (NLP)

Extracting clinical notes,
chatbot interfaces

Multilingual processing,
unstructured data analysis

Context-specific; varies by
implementation

Improves access via
multilingual support and

outreach to
diverse populations

Machine Learning Disease diagnosis,
outcome prediction

Supervised/unsupervised
learning, pattern

recognition

Accuracy: variable; e.g.,
AUC > 0.80 in some cases

Can reduce care variability;
risks perpetuating bias if

training data
lacks representation

Predictive Analytics Risk stratification,
resource allocation

Statistical modeling with
clinical + social data

ROC AUC:
0.75–0.90 typically

Enables proactive
interventions when SDOH

data are included

Computer Vision Radiology, histopathology,
dermatology

CNNs, image
segmentation and

classification

AUC > 0.90 in
radiology/dermatology

May underperform on darker
skin tones if training datasets

lack diversity

Recommendation
Algorithms

Clinical decision support,
personalized treatments

Knowledge graphs,
EHR integration

Concordance with
clinicians: 70–90%

Can promote equity in care
delivery; risks disparities

without transparency

Speech Recognition
Patient interaction,

low-literacy
communication

Voice-to-text AI,
language understanding

Word error rate varies by
accent/language

Enhances access for patients
with low literacy or
physical disabilities

PathAI Histopathology
image analysis

CNN-based H&E
tissue interpretation

AUC: 0.93 (breast cancer);
accuracy: ~90%

Limited demographic testing;
currently focused on

TCGA datasets

DeepSurv Prognostic modeling Deep neural Cox model
for survival prediction C-index: 0.74–0.82 Limited validation in

underserved populations

Tempus xT Platform Genomic profiling +
therapy response

AI-driven NGS + clinical
decision support

Clinical utility: ~85%
actionable findings

Limited data from diverse or
global cohorts

Lunit SCOPE IO
Immune

microenvironment
profiling

AI-based spatial tissue
analysis

AUC: 0.89 (NSCLC);
specificity: 88%

Needs broader
population testing

Table 1: Examples of AI Tools and Their Applications. This table presents various AI technologies, their clinical
and operational uses, and how they influence healthcare disparities. While many tools offer opportunities to
improve access, efficiency, and personalization of care, each also presents unique risks related to bias, data
representativeness, and implementation. Equity-focused design and validation are critical for maximizing the
benefits of these technologies.

1.4. Expanding Access Through AI-Driven Care Models

All in all, integrating AI into clinical workflows can seemingly offer a pathway to
reducing disparities and making immunotherapy more accessible. By providing real-time
clinical decision support, enabling remote diagnostics, and facilitating early detection of
complications, AI is helping shift the paradigm from reactive to proactive care. Moreover,
AI’s role in telemedicine and remote patient monitoring can help bridge geographic barriers,
providing continuous care to patients who may lack access to major cancer centers. By
enhancing treatment adherence and improving survival outcomes, AI stands as a critical
asset in the effort to achieve access to cancer care for all.

In addition, AI-powered decision support tools can assist clinicians in community
and resource-limited settings by offering real-time guidance on immunotherapy eligibility,
biomarker interpretation, and management of immune-related adverse events. These tools
democratize specialized knowledge, empowering non-specialists to deliver high-quality
care in regions where oncology subspecialists are scarce. Furthermore, AI can streamline
patient triage and referral systems, ensuring that high-risk individuals are identified earlier
and connected to appropriate care pathways [19,20]. When integrated with mobile health
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platforms and multilingual interfaces, these technologies can further enhance outreach to
linguistically and culturally diverse populations, ultimately sup-porting a more accessible
oncology landscape.

1.5. Narrative Review Approach: Literature Search and Selection Strategy

This narrative review draws upon peer-reviewed literature and key sources selected
for relevance to artificial intelligence, cancer immunotherapy, and healthcare disparities.
Sources were identified through author expertise and iterative exploration of the existing
literature, without restriction on publication date.

To enhance the transparency and rigor of this narrative review, we employed a struc-
tured literature search and screening process to identify relevant studies addressing the
intersection of artificial intelligence (AI), cancer immunotherapy, and healthcare disparities,
particularly in underserved populations.

We searched three major electronic databases: PubMed, IEEE Xplore, and arXiv,
covering both biomedical and computational literature. The search included publications
from January 2015 through April 2024, to capture contemporary developments in AI and
cancer immunotherapy.

Keywords and Boolean operators used in various combinations included:

• artificial intelligence” OR “machine learning” OR “deep learning”
• cancer immunotherapy” OR “immune checkpoint inhibitors” OR “tumor microenvironment”
• health disparities” OR “underserved populations” OR “minority health” OR “equity”

Search queries were adapted to the syntax of each database, and filters were applied
to select English-language, peer-reviewed, full-text articles.

Inclusion criteria: Studies were included if they met the following criteria:

• Focused on AI applications in cancer immunotherapy (e.g., biomarker discovery,
outcome prediction, treatment optimization).

• Reported outcomes related to model performance, clinical utility, or patient impact.
• Discussed or analyzed demographic variables, population diversity, or implications

for underserved communities.
• Published in a peer-reviewed journal or reputable preprint repository.

Exclusion criteria:

• Focused solely on traditional (non-immunotherapy) cancer treatments.
• Lacked sufficient methodological detail or performance metrics.
• Were editorials, opinion pieces, or conference abstracts without data.

2. Disparities in Cancer Immunotherapy
2.1. Disparities in Access and Outcomes

Cancer immunotherapy has transformed the treatment for many malignancies, yet
significant disparities persist in the access and outcomes among underrepresented popula-
tions. Research has consistently shown that certain population groups experience lower
rates of immunotherapy utilization, even though available evidence suggests they may
respond similarly to these treatments. [8]. This discrepancy arises from many factors such as
socioeconomic stratum, insurance coverage, and low clinical trial enrollment of minorities
[21]. SES and SDOH further exacerbate these inequities this influencing the availability,
affordability, and effectiveness of immunotherapy of communities [8].

2.2. Cognitive Influences on Clinical Decision-Making

Variability in clinical decisions can arise not only from system-level factors but also
from individual-level cognitive influences. Subtle, unconscious mental shortcuts—often



J. Clin. Med. 2025, 14, 5346 6 of 21

referred to as implicit biases—can unintentionally shape provider judgment, commu-
nication, and care delivery. For example, some studies have shown differences in the
likelihood of recommending screening procedures based on non-clinical characteristics [22].
Research suggests a negative correlation between higher levels of implicit bias and the
overall quality of clinical interactions, reinforcing the need for strategies that support more
standardized, data-driven decision-making. AI-assisted clinical tools, particularly when
integrated into electronic health records and supported by diverse training data, may offer
potential to reduce this variability by grounding decisions in consistently applied evidence-
based algorithms.

2.3. Geographic Distribution of the Healthcare Workforce

A longstanding challenge in U.S. healthcare is the uneven geographic distribution of
healthcare providers. While approximately 20% of the U.S. population lives in rural areas,
only about 10% of physicians practice there [22]. This discrepancy is expected to widen,
with rural regions projected to face a shortfall of more than 20,000 physicians by 2025 [23].
Contributing factors include professional isolation, limited access to specialized equip-
ment and support staff, fewer training opportunities, and a lack of long-term incentives
to practice in remote or under-resourced settings [22]. This maldistribution contributes to
variation in care delivery capacity and timeliness across regions. AI-enhanced platforms
may help mitigate this by supporting remote consultations, diagnostic triage, and work-
flow optimization—thereby extending the reach of care teams without requiring constant
physical presence.

2.4. Limited Access to Specialized Services in Medically Isolated Areas

Beyond rural regions, some areas have been characterized as “medical deserts,” de-
fined as locations with limited availability of healthcare professionals and critical ser-
vices [22]. Obstetric care provides a striking example: while urban residents typically live
within 8 miles of such facilities, patients in medically isolated areas may have to travel
28 miles or more to access care [22]. Approximately 2 million individuals of childbearing
age live in areas fitting this description, and geographic barriers have been associated with
increased risk of complications during pregnancy and the postpartum period. Innovations
in AI-driven remote diagnostics and triage systems may support timely interventions
in these areas, helping to reduce travel-related delays and facilitate earlier detection of
clinical concerns.

2.5. Transportation Barriers and Continuity of Care

Transportation is a common obstacle in maintaining continuity of care, especially for
individuals managing chronic conditions. Repeated visits are often required for disease
monitoring, medication management, and follow-up evaluations. Studies have shown that
patients with a driver’s license attend more than twice as many healthcare appointments
compared to those without one, and having access to a family member or friend for
transportation also increases healthcare utilization [22,24]. AI-integrated mobile health
(mHealth) platforms and remote monitoring tools may provide alternatives for patients
facing transportation barriers. These solutions allow for aspects of care to be managed
virtually, enabling healthcare teams to maintain regular contact with patients and intervene
when necessary.

2.6. Gaps in Representation in Clinical Trials and Real-World Data

Despite broad consensus on the importance of inclusive research, gaps in representa-
tion persist across many clinical trials and observational studies. Accurate representation
ensures that resulting data and treatment guidelines are applicable to the full spectrum
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of patients seen in real-world practice [25]. However, populations such as older adults,
individuals with comorbidities, and women remain underrepresented in numerous ther-
apeutic areas, including oncology, cardiology, and infectious disease [22]. For instance,
women make up only 40.2% of participants in cancer treatment trials and just 26.5% in
prevention trials [26,27]. Older adults are frequently excluded due to polypharmacy or
complex medical histories, despite their high disease burden. These gaps may limit the
applicability of findings and influence treatment outcomes if interventions are less tailored
to real-world populations.

AI and machine learning can help address some of these limitations by analyzing
large, heterogeneous datasets from clinical practice to complement trial data. Real-world
evidence platforms powered by AI may improve understanding of treatment effects across
diverse patient profiles and help guide more personalized treatment recommendations—
supporting expanded access to therapies such as immunotherapy in varied clinical contexts.

3. The Role of AI in Addressing Disparities
3.1. AI in Analyzing SES and SDOH

AI is revolutionizing the analysis of SES and SDOH by leveraging large-scale datasets,
including electronic health records and public health databases. Machine learning al-
gorithms can process complex, multidimensional data to identify hidden patterns that
influence healthcare disparities. AI-driven insights can elucidate the impact of income, edu-
cation, geographic location, and access to healthcare services on immunotherapy outcomes.
These outcomes can provide actionable intelligence to inform changes, resource allocation,
and targeted interventions aimed at reducing health disparities.

Many strategies can be leveraged by AI to expand its utility in identifying and inter-
preting SDOH and SES factors through natural language processing (NLP), deep learning,
and structured data mining. NLP methods have been demonstrated to effectively isolate
factors encompassing SDOH such as employment status, social support and housing insta-
bility from electronic health records in emergency settings [28]. Despite the efficacy of AI in
parsing and extracting information relevant to health disparities in large datasets, they can
also inadvertently reinforce negative biases in performance. Machine learning algorithms
that are trained on incomplete electronic health records demonstrated lower performance
in predicting asthma adverse effects in low-SES children due to a lack of robust data within
the records [29].

Overall, AI offers a powerful toolkit to analyze SES and SDOH, making it possi-
ble to identify disparities, predict health outcomes, and provide guidance on medical
interventions. Future work should focus on harmonizing data standards, ensuring rep-
resentativeness across populations, and integrating AI outputs into clinical workflows to
enable socially informed, precision healthcare.

3.2. Predictive Modeling for Side Effects

AI-driven predictive models play a crucial role in identifying and mitigating adverse
effects associated with immunotherapy. By analyzing patient-specific factors, treatment
histories, and real-world evidence, AI can forecast potential side effects and guide clini-
cians in preemptive intervention. This capability is particularly valuable for underserved
populations, who often experience higher toxicity rates due to comorbidities and limited
access to specialized care.

Studies have shown that neural network models can been utilized to predict derma-
tological immune adverse events due from PD-L1 therapy by considering variables such
as tumor type, treatment drug, patient age, autoimmune history, and various laboratory
values [22]. These models facilitate the early identification of patients at risk, allowing for
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timely management strategies that can mitigate the severity of side effects and improve
adherence to treatment protocols [22].

AI-powered tools can assist in customizing supportive care strategies, ensuring timely
management of complications and improving adherence to treatment regimens. Moreover,
AI can integrate genetic, environmental, and behavioral data to enhance precision in
predicting and managing immunotherapy-related toxicities. Despite these advancements,
the integration of AI models into clinical workflows requires careful consideration of data
privacy, algorithm transparency, and the need for standardized validation across diverse
patient populations.

3.3. Risk Stratification and Tailored Interventions

AI enables robust risk stratification by classifying patients based on their likelihood of
experiencing poor immunotherapy outcomes. Machine learning models can incorporate
diverse patient data, including biomarkers, comorbid conditions, and SDOH, to create
individualized risk profiles. This stratification allows healthcare providers to deploy
targeted interventions, optimizing treatment pathways and resource allocation. AI models
that merge traditional data sources with SDOH indicators can more accurately identify
high-cost members compared to conventional risk scoring systems. This integration allows
providers to effectively allocate resources and implement interventions that address both
medical and social factors influencing patient outcomes [30]. Other examples of AI-driven
interventions include remote monitoring programs for high-risk patients, AI-powered
chatbots for real-time patient engagement, and decision-support systems that recommend
alternative treatment options for vulnerable populations [22]. These tools facilitate real-time
patient engagement and continuous monitoring, ensuring timely responses to emerging
health issues and improving overall care quality [22]. These innovations help bridge care
gaps and improve rational, AI-driven cancer care in immunotherapy access and efficacy.

3.4. Neoantigen Identification Using AI in Underrepresented Populations

AI-driven approaches to neoantigen identification have the potential to enhance
immunotherapy efficacy in underrepresented populations. Traditional cancer research has
often overlooked diverse genetic backgrounds, leading to disparities in treatment outcomes.
AI can analyze vast genomic datasets to identify tumor-specific neoantigens unique to
different racial and ethnic groups, improving vaccine and T-cell therapy designs [31–33].
Several initiatives leverage AI for this purpose, such as deep learning models that predict
neoantigen immunogenicity and AI-powered pipelines that integrate multi-omics data
for personalized cancer immunotherapy [31–33]. By prioritizing diversity in AI model
training and validation, researchers can drive more inclusive and effective immunotherapy
strategies, reducing the gap in cancer treatment disparities.

4. Applications of AI to Improve Care Quality
4.1. Natural Language Processing

With the exponential growth of NLP across industries, healthcare is expected to benefit
substantially. The crucial question is not whether NLP will impact healthcare, but rather
when and how it can best enhance the accessibility, efficiency, and affordability of care for
patients impacted by cancer. AI-based tools, like ChatGPT, have already proven valuable
in medical education, aiding students and clinicians alike [34]. However, language barriers
and health literacy continue to hinder patient satisfaction, quality of care, and safety [35].
There is significant potential for AI tool to improve physician communication with patients
and patient education, particularly when language barriers exist or for patients with limited
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health literacy, although challenges remain in how to effectively employ AI tools in the
clinical environment [35,36].

Despite promising applications, significant ethical and practical concerns about AI’s
role in healthcare persist, underscoring the need for further research to explore responsible
use [34,36–38]. One significant area of opportunity for NLP in healthcare is the capture
of doctor-patient conversations for documentation [39], which has become more feasible
due to recent AI advancements [40]. For instance, a standardized method for documenting
patient care using AI has been developed recently by Paterson Health Technology Institu-
tion [41]. NLP can capture and record the breadth of information shared by the physician
during a patient appointment as well as any patient questions and the resulting answers.
For a cancer patient, NLP-assisted documentation can allow the provider to spend more
time focused on communicating treatment options or outcomes and risks with the patient.
Furthermore, the use of NLP in patient-provider communication has been shown to reduce
physician burnout related to documentation [42,43]. While current AI capture methods for
clinical notes remain imperfect [44], the available tools and accuracy continue to improve
and can enhance the clinical experience for both the patient and the provider.

Furthermore, these AI NLP technologies can be employed to enhance patient educa-
tion and understanding of clinical information. In our current health literacy education
system, passive one-way information flow is common, however it does not provide a
means for ensuring patient understanding. One potential application for Generative AI
in the improvement of clinical patient education is in the form of NLP-generated Patient
Understanding Assessments. AI tools can create a summary from the AI-generated clinical
notes at an appropriate level of health literacy for the patient and then produce questions to
assess patients’ understanding of the health information discussed. This AI NLP-generated
assessment of patient education can highlight essential clinical information in an accessible
manner for the patient and will allow for evaluation of patient understanding. These as-
sessments can be administered prior to the patient leaving the clinic and can be conducted
by medical assistants or nurses. Clinical staff can provide immediate clarification of general
health concepts or signal to the provider if further discussion is needed in order to ensure
that the patient is well informed about their care. The use of NLP patient understanding
assessments may provide the means to confirm or enhance patient understanding as well
as help physicians identify areas in need of additional explanation. AI has the potential to
synthesize and convey complex health concepts effectively and this can prove especially
helpful in combination with translation capabilities. Consequently, AI could help ensure
that underrepresented patients, particularly immigrants, received accessible information
about their health, cancer risks, and treatment processes in their preferred language and ed-
ucational level. The more patients understand their disease and health, the better adherence
and positive outcomes can be realized [45].

4.2. Machine Learning and Real Word Evidence

Recruiting participants for clinical trials remains an ongoing challenge for researchers
and physicians, particularly due to underrepresentation of minority populations, patient
retention issues, and logistical hurdles. Fortunately, the National Institutes of Health
has recently developed an AI algorithm to streamline the recruitment process [46,47].
This algorithm can help identify suitable clinical trials for volunteers based on their
specific profiles.

Additionally, AI has the potential to improve participant retention, especially within
minority populations, who often juggle multiple responsibilities. Loss of follow-up often
occurs due to difficulties in scheduling appointments or making phone calls. To mitigate
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this issue, AI-driven solutions such as chatbots would enable participants to conveniently
“check in” at any time without the need for appointments or phone calls.

SDOH also plays a significant role in the health outcomes of diverse populations.
AI has the potential to uncover gaps in our current understanding of how SDOH can
influence health outcomes across different populations [48]. Furthermore, AI’s capacity
to process vast amounts of data simultaneously surpasses human abilities, enabling more
efficient and comprehensive analysis [49]. This powerful technology may contribute to
addressing health disparities and improving outcomes for groups by illuminating the con-
nections between social factors and their health, particularly in regard to cancer therapeutics
and immunotherapy.

5. Ethical Considerations and Challenges
5.1. Algorithmic Bias

An algorithm is a set of instructions written to guide a computer towards desired
outputs given certain inputs. We write algorithms to tell machines how to learn. Artificial
intelligence can be allowed to learn from sets of labeled data, sets of unlabeled data, trial
and error with rewards, or vast expanses of free data imposed on networks designed
after the human brain which are termed “neural networks.” These learning styles can
be combined in different ways, and the outcome is ideally a computer system that can
execute functions and provide insights faster and at a larger scale than can be performed
by individuals [50].

Many subcategories of AI, such as large language models, learn based on what we
present them with. When we create algorithms to direct interactions with datasets, we
often neglect to control for our own blind spots. The data we have is also biased, for the
reasons previously mentioned—lack of recruitment to clinical trials or studies focused on
issues relevant to these groups, among them. Even when programs are working exactly
as they are designed to, there is no way for the machine to recognize the impact of its
calculations on the social fabric—namely, when it is recreating and reinforcing barriers
to patient treatment. Data revealing significant disparities in health outcomes based on
patients’ financial security must be interpreted with care. These differences often reflect the
complex and cumulative impact of social determinants of health—such as housing stability,
access to nutritious food, and environmental exposures—rather than poverty itself acting
as a direct biological factor. Treating SES as a clinical variable without accounting for these
underlying burdens risks oversimplifying its influence on health.

A notable example comes from a group of researchers at a Chicago hospital who sought
to develop a predictive model for hospital length of stay to inform resource allocation.
While their goal was to enhance operational efficiency by identifying patients most likely
to be discharged early, they discovered that the most powerful predictor was the patient’s
zip code [51,52]. Those residing in higher-income, better-resourced neighborhoods tended
to have shorter hospital stays. Although incorporating this variable would have improved
the model’s predictive accuracy and potentially reduced costs, the researchers chose not to
proceed. They recognized that doing so could unintentionally reinforce existing disparities
by prioritizing care for individuals already advantaged by their social context.

This case underscores the ethical responsibility of healthcare data scientists and clini-
cians to critically assess how predictive models are designed and applied. In doing so, they
can help ensure that technological innovation supports rational, AI-driven care, rather than
inadvertently undermining it [53].

If we attempt to create AI systems that direct underserved populations to care, even for
something as genetically linked as cancer, how can we train our programs to recommend
effective and timely treatments when the data show underserved patients and patients
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of lower socioeconomic status receiving fewer and less aggressive treatments, later in
their disease course? Despite mistakes such as those made at Amazon, the use of AI
in all sectors continues to explode. Even with good intentions, those interested in AI’s
potential in streamlining healthcare provision run the risk of missing those we wish to
serve. Purposefully consulting target populations in the creation of the machine learning
model may help but not eliminate the risk of using a “black box” to guide decisions.

5.2. Privacy

The purest form of medical decision-making may be personalized medicine. The
Precision Medicine Initiative defines personalized medicine as “an emerging approach for
disease treatment and prevention that takes into account individual variability in genes,
environment, and lifestyle for each person” [54]. We often herald AI as the next best tool
for turning swaths of personal data into such unique recommendations. It is perhaps not
surprising that the greatest use for AI in the medical industry thus far is cancer care, where
each individual’s tumor represents an enormous complexity of data.

Ensuring patient privacy is essential to the longevity and success of AI models in
cancer care, exactly because gathering the amount of genetic and personal information
that would be needed to run the programs poses a threat to that privacy. Unfortunately,
AI models that are simple and draw from large pools of data tend to perform better than
complex models managing smaller datasets [54]. Deep learning machines such as ones that
utilize neural networks described in the previous section require almost unlimited access
to data to achieve their greatest predictive accuracy [55]. Despite degrees of uncertainty
involved in its application, the best way forward from the perspective of computer and
biomedical scientists in cancer research is to gather enormous quantities of patient data [54].

Without constant and perhaps universal approval for free access to Protected Health
Information, AI’s run the risk of becoming outdated and failing to recommend the best
care available. That being said, the very nature of the Health Insurance Portability and
Accountability Act requires permission for the release of PHI and the option to rescind
this permission at any time except under special circumstances [56]. The Health Insurance
Portability and Accountability Act is our primary law protecting healthcare clients from
unacceptable usage of their data, and addendums specific to AI should be a priority. As a
society we must decide whether information that is so specific can truly be depersonalized
and what protections have to exist to make its use acceptable. Since the primary goal
of using AI is to make healthcare more efficient, deciding acceptable parameters should
ideally fall to those most vulnerable and liable to suffer negative consequences of having
their information taken without appropriate consent.

The speed and ease of genomic data collection is guaranteed to increase in the coming
years, and the transition by and large to computer-based record keeping makes obtaining
the data simple for a machine learning model if it is given access. Open-source and
clinical trial collaborations, among others, will enhance this process. Before implementing
AI on a wide scale, we must consider the benefits and harms, to amassing genetic and
environmental data from patients. We also have to employ objective prospective validation
studies to assess whether the deep learning models are closing the gaps in medical access
and improving outcomes for the underserved as they portend to [57].

5.3. Need for Transparency

AI programs do not fall neatly into any prior categories of entity under medical
law. The learned intermediary doctrine of Tort law protects drug or medical product
manufacturers from direct lawsuit from patients under the assertion that the doctor is the
“end consumer” of the product with the best understanding of its effects. The physician,
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as the end consumer, is held responsible for ensuring transparency about the product’s
benefits and harms. AI programs are products used in patient care, but who is the end
consumer of a product that grows and learns on its own? This “black box” concept makes
it difficult to hold both physicians and coders legally accountable for the recommendations
it may make [58]. Giving the AI system less autonomy and more oversight negate some
of its time and cost-saving benefits. Increasing oversight may even compromise the basic
purpose and utility of an unlimited search engine like ChatGPT. Proposals for increasing
accountability include and are not limited to distributing the cost of harms suffered among
all the AI’s implementers, which would in theory promote the physicians and staff’s interest
in becoming the most educated end-consumers of the product possible. This may result in
improved transparency from physicians sharing information about AI with the patient and
the pros and cons of using AI recommendation in the same way they would do for a tablet
of Aspirin.

As we move forward with the implementation of AI in healthcare and gather data on
its efficacy, it is the responsibility of coders, researchers and physicians at every level of
the process to educate themselves on this topic and keep open minds to how their work is
being communicated to the populations they are serving. Table 2 summarizes key ethical
challenges associated with the use of AI in clinical settings, including algorithmic bias,
lack of data diversity, transparency issues, and privacy concerns. For each challenge, a
representative example is provided along with a proposed solution aimed at promoting
responsible and patient-centered AI integration in healthcare systems.

Table 2. Ethical Considerations in AI Implementation.

Ethical Challenge Example Proposed Solution

Algorithmic Bias
Higher false-negative rates in
AI-based skin cancer detection on
darker skin tones

Incorporate diverse datasets and perform
subgroup performance validation

Data Diversity Underrepresentation of rural and
minority populations in training data

Engage community stakeholders and
build inclusive data collection protocols

Transparency Black-box AI systems in clinical
decision-making

Mandate explainable AI tools and
clinician education on AI interpretation

Privacy Concerns Use of patient data without clear
consent or anonymization

Establish strong governance frameworks
and patient-centered data sharing policies

Table 2: Ethical Considerations in AI Implementation. This table highlights common ethical issues that arise
during the development and implementation of AI tools in healthcare. It provides real-world examples of each
challenge and outlines actionable solutions to mitigate risks related to bias, inclusivity, transparency, and patient
privacy. These strategies aim to ensure ethical and trustworthy use of AI technologies in clinical practice.

6. Case Studies and Emerging Applications
6.1. The Growing Need for Innovative Solutions in Resource-Limited U.S. Communities

Although the United States is one of the most technologically advanced and medically
resourced nations, many regions across the country continue to experience barriers to
healthcare access. According to estimates from the U.S. Department of Health and Human
Services, over 100 million people may face challenges in obtaining timely and adequate
care. The National Association of Community Health Centers (NACHC) further reports
that the number of Americans medically disenfranchised has doubled since 2014 [59]. A
primary contributor to these challenges is the persistent shortage of primary care providers.
One promising avenue for addressing these gaps is the application of AI- and ML-enhanced
mobile health (mHealth) technologies, which can help extend the reach of care delivery,
particularly in areas with constrained healthcare infrastructure [59].
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6.2. Smartphone-Enabled Diagnostics and Personal Health Assistants

AI and ML technologies are increasingly being applied in U.S. health systems for
functions such as real-time patient monitoring and triage support in clinical conditions in-
cluding diabetes, asthma, and sleep apnea [59,60]. AI-enabled smartphone applications and
wearable devices—often leveraging embedded cameras and sensors—have demonstrated
promise in helping patients make informed decisions while improving remote connectivity
to providers [59]. In both rural and low-resource urban areas, mobile triage apps have been
associated with reduced unnecessary emergency department visits, and studies show that
over 90% of surveyed participants in these areas reported access to a cellular device [61].

As these tools continue to evolve, their integration with FDA-approved AI-powered
health assistants may further enhance patients’ ability to navigate care pathways in the
absence of immediate access to a physician. Point-of-care diagnostics powered by AI—using
smartphone microphones and cameras—have already been explored for conditions such as
otitis media, dermatologic screening, and mental health assessments, including detection
of depression and suicidal ideation based on voice analysis [59,62]. These advancements
offer scalable opportunities to support triage and early intervention, helping ensure that
specialist resources are directed to the patients who need them most.

6.3. Diabetic Monitoring and AI-Enabled Screening Programs

AI technologies have shown particular effectiveness in the management of chronic
conditions such as diabetes. For instance, image-based AI tools have demonstrated value in
monitoring diabetic foot ulcers by identifying early signs of complications and transmitting
alerts to healthcare providers, thereby enabling timely interventions [63]. This capability not
only improves outcomes but may also reduce hospital admissions and overall healthcare
burden, particularly in facilities already impacted by staffing shortages.

In addition, AI/ML-based screening for diabetic retinopathy has emerged as a scalable
and effective solution. FDA-approved AI platforms now analyze retinal images with high
sensitivity and specificity, enabling early detection of diabetic eye disease without requiring
an ophthalmologist on-site. These systems have been successfully deployed in community
health clinics and national screening programs, particularly in rural or resource-limited
areas. By triaging patients who require specialist attention and identifying those who can
be safely monitored remotely, these tools help optimize referral pathways and improve
allocation of limited clinical resources [63].

AI-supported screening for diabetic retinopathy is another area of success. FDA-
approved algorithms can now evaluate retinal images for early signs of disease without the
need for on-site ophthalmologists. These tools have been implemented in community-based
settings and national screening programs, particularly benefiting areas where access to
specialists is limited. By stratifying patients based on risk, AI tools help prioritize in-person
care where it is most needed, supporting better allocation of healthcare resources [63].
These innovations illustrate how AI can support chronic disease management by enhancing
clinical efficiency and supporting earlier intervention. In doing so, they help reinforce care
systems in regions facing persistent constraints in workforce and infrastructure [63].

6.4. Community-Level Applications of AI in Public Health

Beyond individual care, AI technologies can also contribute to population-level initia-
tives. In primary care settings, clinical decision support systems incorporating AI have been
developed to guide treatment planning based on peer-reviewed evidence and clinical trial
data [60,63,64]. Public health programs may also benefit from AI applications originally
developed for other industries, such as finance and marketing, where predictive algorithms
are used to analyze trends and forecast outcomes.
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These tools could be leveraged by community health initiatives to detect emerging
health risks, optimize the use of limited outreach resources, and improve programmatic
planning. By engaging patients who may otherwise delay or avoid care, these applica-
tions may help enhance participation in community-based health initiatives, supporting
improved access and care continuity [59].

6.5. Considerations for Algorithm Design and Implementation

Despite the promise of AI, effective integration into healthcare delivery systems re-
quires thoughtful consideration of model design and training. Algorithms developed using
non-representative datasets can yield biased outputs and affect clinical decision-making.
One review demonstrated that certain AI-based risk prediction tools underestimated illness
severity in African American patients due to training data limitations [65]. However, the
same study noted that algorithmic bias could be mitigated by incorporating diverse and
representative datasets.

In addition, historically underrepresented populations—including those from low-
income areas—have often been excluded from research data, further complicating AI
development [64,66]. For AI tools to serve their intended users effectively, developers must
intentionally design and validate algorithms using comprehensive datasets. Parallel to
technical development, there is a need to ensure community readiness through education,
engagement, and the cultivation of trust among patients and providers alike.

6.6. Navigating Privacy, Regulation, and Infrastructure Needs

As AI technologies gain traction in healthcare, concerns surrounding regulation and
patient privacy have become increasingly important. AI-enabled tools often rely on the
collection and transmission of sensitive health data, raising questions around compliance
with standards like the Health Insurance Portability and Accountability Act. The rapid evo-
lution of the AI landscape has outpaced current regulatory frameworks, underscoring the
need for oversight mechanisms to ensure patient confidentiality, algorithmic transparency,
and responsible data stewardship [60,63,64].

6.7. Conclusion: Realizing the Potential of AI in Expanding Access to Immunotherapy

Taken together, the tools and systems described in this review demonstrate the ca-
pacity of AI technologies to enhance healthcare delivery, especially through mobile health
platforms, diagnostic innovations, and clinical decision support. In resource-limited com-
munities across the United States, these technologies offer scalable approaches to ex-
panding access, improving chronic disease management, and optimizing use of limited
clinical personnel.

As AI continues to evolve, its integration into healthcare initiatives holds great promise
for supporting the delivery of advanced therapies, including immunotherapy. By increasing
efficiency, supporting early intervention, and enabling care delivery across diverse geo-
graphic and clinical settings, AI-driven solutions may help transform cancer care pathways
and bring high-quality services within reach for more communities than ever before.

7. Research Gaps and Future Directions
Despite promising developments in AI-enhanced cancer immunotherapy, significant

research gaps remain, particularly in the unbiased implementation and effectiveness of
these technologies for underserved populations. Addressing these gaps is essential to
ensure that AI solutions do not perpetuate existing challenges but act as a tool to improve
access to inclusive cancer care.
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7.1. Lack of Diverse and Representative Datasets

One of the most critical research gaps in AI oncology research is data standardization
and quality. Most AI models in oncology are trained on datasets derived from academic
medical centers and clinical trials, which often underrepresent minority and low-income
populations [66]. Several barriers to healthcare research exist for minority populations,
including mistrust and fear of participation, stigma associated with research involvement,
and competing demands [67]. Despite minorities making up 30% of the U.S. population,
they represent fewer than 18% of participants in the National Cancer Institute’s publicly
funded cancer clinical trials [67]. Due to these barriers, AI models may perform suboptimal
when applied to diverse patient populations, increasing the risk of algorithmic bias and
leading to disparities in diagnosis and treatment recommendations [66]. A scoping review
by D’Amiano et al. of 118 AI studies in oncology revealed that only 5% reported racial
demographics of participants in their training or validation datasets, with 87.8% of reported
participants identified as White, highlighting a significant lack of diversity in datasets used
for AI model development [68].

7.2. Technical Challenges in Multimodal Data Integration

Additionally, AI applications in oncology depend significantly on extracting and
analyzing complex, multimodal data, including medical images, genetic profiles, and
unstructured clinical notes [69]. This complexity necessitates advanced computational
approaches like deep learning and natural language processing to effectively interpret and
integrate these diverse data types [70]. However, many current cancer biomarkers remain
unimodal, limiting their clinical potential [69]. For instance, glioma patients with similar
genetic or histological features may have varying outcomes due to macroscopic factors such
as tumor location limiting surgical resection and effective radiation or disruption of the
blood–brain barrier, affecting drug delivery efficacy [71]. Chen et al. analyzed data from
5720 patients across 14 cancer types, demonstrating that a deep learning model integrating
whole-slide histology images with genetic and molecular data improved risk stratification in
9 of 14 cancer types compared to models using single data types [72]. Similarly, Mahootiha
et al. showed that multimodal models outperformed single-modality models in predicting
event-free survival among pediatric patients with low-grade gliomas but also highlighted
several persistent limitations [73]. For instance, combining data from multiple institutions
introduced variability due to differences in imaging protocols, clinical practices, and data
annotation standards, which impacted model reliability [67]. Additionally, the authors
observed reduced model performance when models trained on data from a single institution
were generalized to broader populations, emphasizing challenges in achieving consistent
performance across diverse clinical settings [73]. Addressing these technical challenges
is crucial for fully realizing AI’s potential in oncology, particularly in ensuring robust
performance across diverse clinical settings.

7.3. Limited Clinical Integration and Implementation Science

Implementation science is another critical area needing focused study. Although
proof of-concept AI models are increasingly common, their integration into clinical work-
flows remains limited due to physician concerns and insufficient clinical evidence. A
systematic review by Macheka et al. identified key barriers to implementing AI in routine
oncology practice, noting that most AI research remains experimental, with limited prospec-
tive clinical validation and minimal evidence translating efficacy into meaningful clinical
outcomes [74]. Current literature predominantly emphasizes the technical feasibility of
AI applications in oncology, with limited attention to critical clinical outcomes such as
progression-free survival, adverse event rates, and access to treatment across demographic
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groups [74,75]. Future research must prioritize these endpoints to ensure AI tools effectively
contribute to improved patient outcomes and lessening existing barriers to accessing care.

7.4. Promising Models of Interdisciplinary Collaboration

Collaboration among AI researchers, clinicians, and community health workers has
demonstrated promising results in enhancing cancer care, particularly by addressing dis-
parities and improving health outcomes. For instance, a community-based lung cancer
screening initiative in rural Eastern China effectively combined mobile low-dose computed
tomography (LDCT) units with AI technologies. This collaborative approach integrated
the expertise of community health workers, nurses, physicians, and patient navigators,
resulting in a feasible and cost-effective strategy that significantly reduced health dispari-
ties in underserved rural populations [76]. Additionally, multidisciplinary partnerships
between AI researchers and oncology teams have successfully developed multimodal deep
learning models, improved recurrence risk prediction and enabling personalized treatment
strategies for pediatric glioma patients [73]. Public–private collaborations have further
advanced impactful AI implementations. For example, a study by Abreu et al. (2024)
illustrated that utilizing OpenAI technologies to rewrite cancer-related patient education
materials significantly enhanced readability, transitioning from a university freshman to a
high school freshman reading level, without compromising content quality. This approach
holds substantial promise for increasing cancer literacy and reducing health challenges
by ensuring that crucial health information is accessible to patients across diverse literacy
levels [11].

7.5. Future Priorities for Objective AI Integration

Collectively, these examples highlight the significant potential of interdisciplinary
collaboration in advancing the practical applicability, effectiveness, and rational AI-
driven cancer care. Future initiatives should build on these successes, fostering con-
tinued collaboration among researchers, clinicians, and community health workers to
design, validate, and implement AI solutions specifically tailored to meet the needs of
underserved communities.

8. Conclusions
Importantly, AI tools are not only enhancing provider efficiency but also addressing

critical challenges related to geographic isolation, limited healthcare workforce capacity,
and uneven distribution of specialist services. In doing so, they are playing a growing role
in closing longstanding gaps in care for populations. The capacity to scale these tools across
a wide range of healthcare settings—from large academic centers to community clinics—
underscores their potential to support more consistent, standardized, and high-quality care
delivery, regardless of a patient’s location or socioeconomic status.

However, the promise of AI must be matched by a commitment to ethical, equitable
implementation. This includes ensuring that AI algorithms are trained on diverse and
representative datasets to prevent perpetuation of bias, as well as promoting transparency
in how AI-derived recommendations are made. Digital literacy, access to broadband
infrastructure, and culturally appropriate interfaces must also be considered, particularly
when engaging historically underserved populations. Furthermore, building trust among
patients and providers through education, regulation, and oversight will be essential for
widespread adoption.

Sustainable success will also require interdisciplinary collaboration between health-
care professionals, data scientists and public health experts. Incentivizing AI innovation
through funding, while simultaneously establishing clear regulatory frameworks, can help
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ensure that these technologies are both cutting-edge and responsibly governed. More-
over, incorporating the voices of patients and community stakeholders in the design and
deployment of AI-driven tools will enhance their usability, relevance, and effectiveness.

In sum, AI should be seen not as a substitute for human care, but as a critical enabler
that can amplify the capabilities of healthcare systems and professionals. When thought-
fully integrated, AI technologies can reduce administrative burden, increase diagnostic
reach, and facilitate earlier, more personalized interventions as demonstrated in Figure 2.
For cancer care, chronic disease management, and beyond, the strategic application of
AI holds the potential to reimagine health systems—bringing us closer to a future where
high-quality care is not a privilege, but a universal standard.

Figure 2. AI-driven algorithm to improve immunotherapy accessibility in underserved communities.
This flowchart presents a six-step AI framework—ranging from data integration and risk stratification
to AI-enhanced diagnosis, decision support, remote monitoring, and ethical oversight—designed
to reduce disparities and enhance delivery of advanced immunotherapy. The model emphasizes
equitable data use, clinical support for non-specialists, patient engagement in low-resource settings,
and transparent, bias-aware implementation.
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