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Abstract 

Artificial intelligence (AI)-driven decision support systems (DSS) represent a 

transformative approach to addressing healthcare disparities in underserved 

populations. This paper examines the integration of AI technologies into care 

coordination frameworks to enhance health outcomes among vulnerable communities. 

Through systematic analysis of recent literature and implementation frameworks, we 

demonstrate how machine learning algorithms, predictive analytics, and intelligent 

automation can optimize clinical decision-making, reduce diagnostic errors, and 

improve resource allocation in resource-constrained settings. Key findings reveal that 
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AI-DSS implementations have shown significant improvements in early disease 

detection, treatment adherence, and care continuity among underserved populations. 

However, critical challenges persist, including algorithmic bias, digital divide concerns, 

data privacy issues, and implementation barriers in low-resource environments. This 

paper proposes an integrated framework for responsible AI deployment that prioritizes 

health equity, community engagement, and culturally sensitive design. By synthesizing 

evidence from contemporary sources, we identify best practices for AI-DSS 

implementation, policy recommendations for equitable technology access, and 

strategies for mitigating unintended consequences. The findings suggest that when 

properly designed and implemented with equity-centered principles, AI-driven decision 

support systems can serve as powerful tools for reducing health disparities and 

improving care coordination in underserved populations. 

Keywords: Artificial Intelligence, Decision Support Systems, Health Equity, Care 

Coordination, Underserved Populations. 

 

1. Introduction 

Healthcare disparities continue to represent one of the most pressing challenges in 

modern medicine, with underserved populations experiencing disproportionately poor 

health outcomes, limited access to quality care, and systemic barriers to health services 

(Moyo, 2025). These vulnerable communities, including racial and ethnic minorities, rural 

residents, low-income populations, and individuals with limited English proficiency, face 

multifaceted obstacles that perpetuate cycles of poor health and inadequate care 

coordination. The emergence of artificial intelligence (AI) technologies offers 

unprecedented opportunities to address these longstanding inequities through intelligent 

decision support systems that can enhance clinical decision-making, optimize resource 

allocation, and improve care coordination across fragmented healthcare systems 

(Chetlapalli et al., 2025). AI-driven decision support systems (DSS) leverage advanced 

computational techniques, including machine learning, natural language processing, and 

predictive analytics, to assist healthcare providers in making more informed, timely, and 

accurate clinical decisions (Elgazzar et al., 2025). Unlike traditional clinical decision 
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support tools, AI-DSS can process vast amounts of structured and unstructured data, 

identify complex patterns invisible to human observation, and provide personalized 

recommendations tailored to individual patient characteristics and social determinants of 

health (Lee et al., 2024). This capability is particularly valuable in underserved settings 

where healthcare resources are limited, provider workloads are high, and patient 

populations present with complex, multifaceted health challenges. 

The integration of AI technologies into healthcare delivery for underserved populations 

has gained considerable momentum in recent years, driven by advances in computational 

power, increased availability of health data, and growing recognition of technology's 

potential to advance health equity (Ogundeko-Olugbami et al., 2025). However, the 

deployment of AI-DSS in vulnerable communities raises important questions about 

algorithmic fairness, digital accessibility, cultural appropriateness, and the potential for 

technology to inadvertently exacerbate existing disparities (Hussain et al., 2024). As 

Ehigie (2025) demonstrates in the context of supporting learners with disabilities, AI 

systems must be designed with careful attention to historical contexts, stigma reduction, 

and inclusive principles to truly serve marginalized populations. The purpose of this paper 

is to critically examine how AI-driven decision support systems can be leveraged to 

improve care coordination and health outcomes in underserved populations while 

addressing the ethical, practical, and equity considerations that must guide responsible 

implementation. We explore the theoretical foundations of AI-DSS, review empirical 

evidence of their effectiveness in vulnerable communities, analyze implementation 

challenges and best practices, and propose an integrated framework for equitable AI 

deployment in healthcare settings serving underserved populations. 

2. Theoretical Framework: AI Decision Support Systems and Health Equity 

2.1 Foundations of AI-Driven Decision Support in Healthcare 

Artificial intelligence decision support systems represent the convergence of clinical 

informatics, computational intelligence, and evidence-based medicine to enhance 

healthcare delivery (Thompson et al., 2025). These systems operate through multiple 

interconnected mechanisms: data aggregation and integration from diverse sources, 

pattern recognition and predictive modeling using machine learning algorithms, real-time 
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clinical decision assistance, and automated care coordination workflows (Badmus et al., 

2018). The theoretical foundation rests on the premise that computational systems can 

augment human clinical judgment by processing information at scales and speeds 

beyond human cognitive capacity while maintaining consistency and reducing cognitive 

biases that affect clinical decision-making. 

The application of AI-DSS to underserved populations requires an expanded theoretical 

framework that incorporates social determinants of health, structural competency, and 

health equity principles (Lee et al., 2024). Traditional clinical decision support systems 

often fail to account for the complex interplay of social, economic, and environmental 

factors that profoundly influence health outcomes in vulnerable communities. Advanced 

AI systems can integrate these contextual variables, including housing stability, food 

security, transportation access, and community resources, into predictive models and 

clinical recommendations, enabling more holistic and contextually appropriate care 

(Wijegunawardhana et al., 2025). 

2.2 Care Coordination and the Role of Intelligent Systems 

Care coordination represents a critical determinant of health outcomes, particularly for 

underserved populations who often navigate fragmented healthcare systems with limited 

resources and support (Sharna et al., 2024). Effective care coordination requires 

seamless communication among providers, timely information exchange, continuity 

across care transitions, and patient engagement in care planning. AI-driven systems can 

enhance each of these dimensions through intelligent automation, predictive analytics for 

risk stratification, and decision support for care team collaboration. The integration of AI 

technologies into care coordination frameworks enables proactive rather than reactive 

healthcare delivery (Kavibharathi et al., 2025). Predictive algorithms can identify patients 

at high risk for adverse outcomes, hospital readmissions, or treatment non-adherence, 

triggering early interventions and intensive care management. Natural language 

processing can extract relevant clinical information from unstructured medical records, 

facilitating comprehensive care planning and reducing information gaps that compromise 

care quality. Machine learning models can optimize appointment scheduling, resource 
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allocation, and care team assignments based on patient needs, provider expertise, and 

system capacity constraints. 

 

2.3 Health Equity Considerations in AI Deployment 

The relationship between AI technology and health equity is complex and potentially 

paradoxical (Laguitan et al., 2025). While AI systems offer powerful tools for addressing 

healthcare disparities, they also carry risks of perpetuating or amplifying existing 

inequities through algorithmic bias, differential access to technology, and design choices 

that privilege majority populations (Hwang et al., 2025). Chen et al. (2025) documented 

significant disparities in AI/machine learning adoption across hospitals serving different 

socioeconomic communities, with facilities in deprived neighborhoods less likely to 

implement advanced technologies, potentially widening the digital health divide.An 

equity-centered approach to AI-DSS development and deployment requires explicit 

attention to several key principles: representative training data that includes diverse 

populations, algorithmic fairness testing across demographic groups, accessible 

interfaces designed for users with varying levels of digital literacy, cultural and linguistic 

appropriateness of system outputs, and community engagement in technology design 

and evaluation (Haroz et al., 2025). As Dankwa-Mullan et al. (2021) articulate in their 

framework for integrating health equity into AI development lifecycles, achieving equitable 

outcomes requires intentional design choices at every stage, from problem formulation 

through deployment and ongoing monitoring. 

3. AI-DSS Applications in Underserved Populations 

3.1 Diagnostic Support and Early Disease Detection 

One of the most promising applications of AI-driven decision support systems in 

underserved populations involves enhancing diagnostic accuracy and enabling early 

disease detection (García-Saisó et al., 2024). Machine learning algorithms trained on 

large datasets can identify subtle patterns in clinical data, imaging studies, and laboratory 

results that may escape human detection, particularly in resource-constrained settings 

where specialist expertise is limited. Veni et al. (2025) examined AI deployment for breast 
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cancer diagnosis in rural and underserved communities, demonstrating how automated 

image analysis can provide specialist-level diagnostic support in areas lacking 

radiological expertise, potentially reducing diagnostic delays and improving treatment 

outcomes. The integration of AI diagnostic support systems must address specific 

challenges in underserved populations, including limited access to high-quality diagnostic 

equipment, incomplete medical records, and patient populations with atypical disease 

presentations due to comorbidities and social determinants of health (Balakrishnan et al., 

2025). Successful implementations employ transfer learning techniques to adapt models 

trained on majority populations to local contexts, incorporate uncertainty quantification to 

alert providers when predictions may be unreliable, and design hybrid human-AI 

workflows that leverage both computational power and clinical expertise. 

3.2 Telemedicine and Remote Monitoring Integration 

The convergence of AI technologies with telemedicine platforms has created new 

possibilities for extending healthcare access to geographically isolated and underserved 

communities (Moyo, 2025). AI-enhanced telehealth systems can provide intelligent triage, 

symptom assessment, and preliminary diagnostic support, enabling patients to receive 

timely care guidance without traveling to distant healthcare facilities. Chetlapalli et al. 

(2025) describe the integration of digital twin technology with AI-driven telemedicine, 

creating personalized virtual models of patients that enable continuous monitoring, 

predictive analytics, and proactive intervention. Remote patient monitoring systems 

augmented with AI analytics can track vital signs, medication adherence, and disease-

specific indicators, alerting care teams to concerning trends before clinical deterioration 

occurs (Thompson et al., 2025). This capability is particularly valuable for managing 

chronic conditions in underserved populations, where transportation barriers, work 

constraints, and childcare responsibilities often prevent regular clinic attendance. 

However, the effectiveness of these technologies depends on addressing digital divide 

issues, including internet connectivity, device access, and digital literacy (Marzo, no date). 

3.3 Predictive Analytics for Risk Stratification and Resource Allocation 

AI-driven predictive analytics enable healthcare systems to identify high-risk individuals 

within underserved populations and allocate limited resources more effectively 
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(Ogundeko-Olugbami et al., 2025). By analyzing comprehensive patient data, including 

clinical variables, social determinants of health, and community-level factors, machine 

learning models can predict risks for hospital readmission, emergency department 

utilization, disease progression, and treatment non-adherence. These predictions allow 

care teams to prioritize interventions, assign case management resources, and 

implement preventive strategies for those most likely to benefit. Lee et al. (2024) describe 

a protocol for integrating social determinants of health into machine learning-driven 

decision support for diabetes case management, demonstrating how incorporating non-

clinical factors such as food insecurity, housing instability, and transportation access 

improves prediction accuracy and enables more contextually appropriate interventions. 

This approach represents a paradigm shift from purely biomedical models to holistic 

frameworks that recognize the profound influence of social and structural factors on 

health outcomes in vulnerable populations. 

3.4 Care Coordination and Workflow Optimization 

AI technologies can transform care coordination processes through intelligent 

automation, information synthesis, and decision support for care team collaboration 

(Sharna et al., 2024). Natural language processing algorithms can extract relevant 

information from clinical notes, discharge summaries, and care plans, creating 

comprehensive patient profiles that facilitate coordinated care across providers and 

settings. Machine learning systems can identify care gaps, flag missed preventive 

services, and recommend evidence-based interventions tailored to individual patient 

characteristics and preferences. Wijegunawardhana et al. (2025) describe an integrated 

healthcare system for vulnerable populations that leverages Internet of Things (IoT) 

sensors, machine learning analytics, and community-based interventions to create 

seamless care coordination. This model demonstrates how AI-DSS can bridge clinical 

care with community resources, connecting patients to social services, transportation 

assistance, and peer support networks that address social determinants of health 

alongside medical needs. 
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4. Implementation Challenges and Barriers 

4.1 Algorithmic Bias and Fairness Concerns 

One of the most significant challenges in deploying AI-DSS for underserved populations 

involves mitigating algorithmic bias that can perpetuate or amplify health disparities 

(Hussain et al., 2024). Machine learning models trained on datasets that underrepresent 

minority populations, exclude relevant social determinants, or reflect historical patterns of 

discriminatory care may produce biased predictions and recommendations that 

disadvantage vulnerable groups. Hussain et al. (2024) conducted a scoping review 

examining how AI in healthcare exacerbates ethnic and racial disparities, identifying 

multiple mechanisms through which algorithmic systems can encode and amplify existing 

inequities. Addressing algorithmic fairness requires comprehensive strategies throughout 

the AI development lifecycle: ensuring training data diversity and representativeness, 

employing fairness-aware machine learning techniques, conducting rigorous bias testing 

across demographic subgroups, implementing transparency and explainability 

mechanisms, and establishing ongoing monitoring systems to detect emergent biases in 

deployed systems (Dankwa-Mullan et al., 2021). However, technical solutions alone are 

insufficient; achieving algorithmic fairness also requires addressing underlying data 

inequities, engaging affected communities in design and evaluation, and maintaining 

human oversight in clinical decision-making. 

4.2 Digital Divide and Access Barriers 

The effectiveness of AI-driven decision support systems in underserved populations is 

fundamentally constrained by digital divide issues that limit technology access and 

utilization (Moyo, 2025). Many vulnerable communities lack reliable internet connectivity, 

personal computing devices, and digital literacy skills necessary to engage with AI-

enhanced healthcare technologies. Rural areas often experience inadequate broadband 

infrastructure, while low-income urban populations may rely on mobile devices with 

limited functionality and data plans that restrict usage. Marzo (no date) examines 

strategies for bridging the digital divide in healthcare, emphasizing the need for multi-level 

interventions including infrastructure investment, device distribution programs, digital 

literacy training, and design approaches that accommodate varying levels of 
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technological sophistication. Successful AI-DSS implementations in underserved settings 

often employ hybrid models that combine digital technologies with traditional care delivery 

methods, ensuring that technology enhances rather than replaces human connection and 

support. 

4.3 Data Privacy, Security, and Trust 

The deployment of AI systems in healthcare raises significant concerns about data 

privacy, security, and patient trust, particularly in underserved communities with historical 

experiences of medical exploitation and discrimination (Ismail et al., 2021). AI-DSS 

require access to comprehensive patient data, including sensitive health information and 

social determinants variables, creating potential vulnerabilities for data breaches, 

unauthorized access, and misuse. Underserved populations may be particularly hesitant 

to share personal information with technological systems, especially when trust in 

healthcare institutions is already fragile. Badmus et al. (2018) describe approaches for 

secure and scalable model lifecycle management in healthcare AI, emphasizing privacy-

preserving techniques, compliance with regulatory frameworks, and traceability 

mechanisms that enable accountability. Building trust requires transparent 

communication about data use, robust security measures, community engagement in 

governance decisions, and demonstrated commitment to using AI technologies in ways 

that benefit rather than exploit vulnerable populations. 

4.4 Implementation and Sustainability Barriers 

Practical implementation challenges often limit the successful deployment and 

sustainability of AI-DSS in settings serving underserved populations (Thompson et al., 

2025). These barriers include limited financial resources for technology acquisition and 

maintenance, insufficient technical infrastructure and IT support, lack of trained personnel 

to operate and maintain AI systems, resistance to change among healthcare providers, 

and competing priorities in resource-constrained environments. Chen et al. (2025) 

documented that hospitals serving more deprived neighborhoods are significantly less 

likely to adopt AI/machine learning technologies, potentially widening disparities in access 

to innovative care. Overcoming implementation barriers requires comprehensive 

strategies that address technical, organizational, and human factors: securing 
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sustainable funding through diverse revenue streams and policy support, building 

technical capacity through training and partnerships, engaging frontline providers in 

system design and workflow integration, demonstrating value through pilot projects and 

evaluation, and creating supportive organizational cultures that embrace innovation while 

maintaining patient-centered values (Lengston, 2025). 

5. Best Practices and Implementation Framework 

5.1 Equity-Centered Design Principles 

Developing AI-driven decision support systems that effectively serve underserved 

populations requires explicit adoption of equity-centered design principles throughout the 

development lifecycle (Haroz et al., 2025). This approach begins with problem formulation 

that centers the needs, preferences, and contexts of vulnerable communities rather than 

adapting majority-focused solutions. Rosella et al. (2025) describe a participatory 

approach to deploying responsible AI for diabetes prediction and prevention, 

demonstrating how involving community members, patients, and frontline providers in 

design decisions produces more culturally appropriate, contextually relevant, and 

effective systems. Key equity-centered design principles include: prioritizing community 

engagement and co-design processes, ensuring representation of diverse populations in 

training data and testing, incorporating social determinants of health into predictive 

models and recommendations, designing for accessibility across varying levels of digital 

literacy, providing culturally and linguistically appropriate interfaces and outputs, 

implementing transparency and explainability mechanisms, and establishing ongoing 

community oversight and accountability structures (Dankwa-Mullan et al., 2021). 

5.2 Integration with Community-Based Care Models 

Effective AI-DSS implementation in underserved populations requires integration with 

community-based care models that address social determinants of health alongside 

medical needs (Wijegunawardhana et al., 2025). Technology alone cannot overcome 

structural barriers to health; AI systems must be embedded within comprehensive care 

frameworks that connect patients to housing assistance, food security programs, 

transportation services, mental health support, and other community resources. Mr et al. 
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(2025) emphasize the importance of addressing social determinants through multi-

sectoral interventions that combine clinical care with community-level initiatives. Fuseini 

et al. (2022) demonstrate the value of integrating therapeutic communication strategies 

and trauma-informed approaches into care delivery for vulnerable populations, 

highlighting how AI-DSS must complement rather than replace the human connection, 

cultural sensitivity, and trust-building that are essential for effective care. Successful 

implementations employ AI technologies to enhance care team efficiency, identify 

resource needs, and coordinate services while preserving the interpersonal relationships 

and community engagement that underpin sustainable health improvement. 

5.3 Hybrid Human-AI Decision-Making Models 

Rather than positioning AI systems as autonomous decision-makers, best practices 

emphasize hybrid models that leverage the complementary strengths of computational 

intelligence and human clinical judgment (Balakrishnan et al., 2025). AI-DSS should 

provide decision support, risk stratification, and information synthesis while preserving 

human agency, clinical expertise, and patient autonomy in final decision-making. This 

approach is particularly important in underserved populations where cultural factors, 

patient preferences, and contextual considerations may not be fully captured in 

algorithmic models. Effective hybrid models include: clear delineation of AI and human 

roles in decision workflows, explainable AI outputs that allow clinicians to understand and 

critique recommendations, override mechanisms that enable providers to deviate from 

algorithmic suggestions when clinically appropriate, feedback loops that enable 

continuous learning from human expertise, and training programs that help providers 

effectively collaborate with AI systems (Elgazzar et al., 2025). 

5.4 Continuous Monitoring and Evaluation 

Ensuring that AI-DSS continue to serve underserved populations equitably requires 

robust monitoring and evaluation systems that track outcomes across demographic 

groups, identify emergent biases, and enable continuous improvement (Hwang et al., 

2025). García-Saisó et al. (2024) emphasize the importance of ongoing surveillance for 

algorithmic fairness, particularly as patient populations evolve, disease patterns shift, and 

social contexts change. Evaluation frameworks should assess not only clinical outcomes 
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but also equity metrics, patient experience, provider satisfaction, and unintended 

consequences. Key components of effective monitoring include: disaggregated outcome 

tracking across demographic subgroups, algorithmic fairness audits using multiple 

fairness metrics, qualitative assessment of patient and provider experiences, community 

feedback mechanisms, regular retraining and recalibration of models, and transparent 

reporting of performance and equity metrics (J., 2024). 

6. Policy Recommendations and Future Directions 

6.1 Policy Framework for Equitable AI Deployment 

Realizing the potential of AI-DSS to improve care coordination and health outcomes in 

underserved populations requires supportive policy frameworks at multiple levels 

(Ziuallah et al., 2025). Federal policies should incentivize AI development and deployment 

that prioritizes health equity, mandate fairness testing and bias mitigation, support 

infrastructure investment in underserved areas, and fund research on AI applications for 

vulnerable populations. State and local policies should address digital divide issues, 

support workforce development for AI-enabled care delivery, and establish governance 

structures that include community representation. Moyo (2025) identifies specific policy 

barriers to equitable AI deployment, including reimbursement models that fail to cover AI-

enhanced services, regulatory uncertainty that inhibits innovation, and inadequate 

investment in broadband infrastructure in rural and low-income areas. Addressing these 

barriers requires coordinated action across healthcare, technology, and 

telecommunications sectors, with explicit attention to equity implications of policy 

decisions. 

6.2 Research Priorities 

Advancing the field of AI-DSS for underserved populations requires sustained research 

investment in several priority areas: effectiveness studies examining health outcomes and 

equity impacts of AI interventions in vulnerable communities, implementation science 

research identifying successful strategies for deploying AI technologies in resource-

constrained settings, algorithmic fairness research developing technical approaches for 

bias mitigation, health services research examining cost-effectiveness and sustainability 
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of AI-enhanced care models, and community-engaged research involving affected 

populations in defining research questions and interpreting findings (Lengston, 2025). 

Veni et al. (2025) emphasize the need for research that explicitly examines barriers to AI 

deployment in rural and underserved communities, moving beyond proof-of-concept 

studies to rigorous evaluation of real-world implementation challenges and solutions. 

Ismail et al. (2021) highlight the importance of incorporating frontline perspectives from 

low-resource settings into AI research agendas, ensuring that technological development 

addresses the most pressing needs of vulnerable populations. 

6.3 Workforce Development and Training 

Successfully integrating AI-DSS into care delivery for underserved populations requires 

comprehensive workforce development initiatives (Kavibharathi et al., 2025). Healthcare 

providers need training in AI literacy, understanding of algorithmic capabilities and 

limitations, skills in interpreting AI-generated recommendations, and competencies in 

hybrid human-AI decision-making. Technical staff require expertise in deploying and 

maintaining AI systems in resource-constrained environments, addressing algorithmic 

bias, and adapting technologies to local contexts. 

Ehigie (2025) demonstrates the importance of thoughtful integration of AI tools with 

attention to historical contexts and user needs, lessons applicable to workforce training 

for AI-DSS implementation. Training programs should emphasize not only technical skills 

but also ethical considerations, equity principles, and cultural competency in working with 

diverse populations. 

6.4 Future Technological Directions 

Emerging technological developments promise to enhance the capabilities of AI-DSS for 

underserved populations while addressing current limitations (Chetlapalli et al., 2025). 

Federated learning approaches enable AI model training across distributed datasets 

without centralizing sensitive patient information, potentially addressing privacy concerns 

while improving model diversity. Edge computing allows AI analytics to occur on local 

devices rather than requiring cloud connectivity, reducing bandwidth requirements and 

enhancing accessibility in areas with limited internet infrastructure. Advances in 

explainable AI and interpretable machine learning may increase provider trust and enable 
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more effective human-AI collaboration (Elgazzar et al., 2025). Natural language 

processing improvements can facilitate multilingual interfaces and culturally adapted 

communication. Integration of AI with emerging technologies such as blockchain for 

secure health information exchange, 5G networks for enhanced telemedicine, and 

wearable sensors for continuous monitoring may create new opportunities for 

comprehensive, coordinated care delivery in underserved settings (Thompson et al., 

2025). 

7. Integrated Framework for Equitable AI-DSS Implementation 

Based on the synthesis of evidence and best practices, we propose an integrated 

framework for implementing AI-driven decision support systems to improve care 

coordination and health outcomes in underserved populations (see Figure 1). This 

framework encompasses five interconnected domains: equity-centered design and 

development, community engagement and co-production, technical infrastructure and 

implementation, care delivery integration, and continuous monitoring and improvement. 

 

Figure 1. Integrated Framework for Equitable AI-DSS Implementation 

The framework emphasizes the centrality of equity considerations throughout all phases 

of AI-DSS development and deployment. Community engagement is not a one-time 

consultation but an ongoing partnership that shapes design decisions, implementation 

strategies, and evaluation priorities. Technical infrastructure development must address 

digital divide issues while building sustainable capacity for long-term system maintenance 
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and evolution. Care delivery integration requires thoughtful workflow design that 

preserves the human elements of care while leveraging AI capabilities to enhance 

efficiency and effectiveness. Continuous monitoring ensures that systems remain fair, 

effective, and responsive to evolving community needs.Figure 2 illustrates the AI-DSS 

care coordination workflow specifically designed for underserved populations, showing 

the integration of patient data collection, AI analytics, decision support generation, human 

review, coordinated care delivery, and outcome monitoring with continuous feedback 

loops. 

 

Figure 2. AI-DSS Care Coordination Workflow for Underserved Populations 

Figure 3 presents a comprehensive analysis of implementation barriers and 

corresponding solutions across technical, social, and systemic domains. This framework 

helps organizations identify and address obstacles to successful AI-DSS deployment in 

underserved settings. 
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Figure 3. Addressing Barriers to AI-DSS Implementation in Underserved Settings 

Figure 4 depicts the continuous quality improvement cycle essential for maintaining 

equitable AI-DSS performance. This iterative process ensures ongoing monitoring, 

stakeholder engagement, and system refinement to address emerging challenges and 

opportunities. 

 

Figure 4. Continuous Quality Improvement Cycle for Equitable AI-DSS 
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8.Conclusion 

Artificial intelligence-driven decision support systems represent powerful tools for 

improving care coordination and health outcomes in underserved populations, but their 

potential can only be realized through intentional, equity-centered implementation 

approaches. This paper has demonstrated that AI technologies offer significant 

capabilities for enhancing diagnostic accuracy, enabling remote care delivery, optimizing 

resource allocation, and facilitating comprehensive care coordination. However, these 

benefits are not automatic; they require careful attention to algorithmic fairness, digital 

accessibility, community engagement, and integration with holistic care models that 

address social determinants of health. The evidence synthesized in this review reveals 

both promising applications and persistent challenges. Successful implementations of AI-

DSS in underserved settings have demonstrated improvements in early disease 

detection, treatment adherence, and care continuity. Yet significant barriers remain, 

including algorithmic bias that can perpetuate health disparities, digital divide issues that 

limit technology access, implementation challenges in resource-constrained 

environments, and the risk that technology deployment may widen rather than narrow 

existing inequities if not carefully designed and monitored. 

The integrated framework proposed in this paper provides a roadmap for responsible AI-

DSS implementation that prioritizes health equity alongside technical innovation. By 

centering community engagement, ensuring diverse representation in training data and 

testing, addressing digital infrastructure gaps, designing hybrid human-AI workflows, and 

establishing robust monitoring systems, healthcare organizations can deploy AI 

technologies in ways that genuinely serve underserved populations rather than 

inadvertently exacerbating disparities. Looking forward, realizing the full potential of AI-

DSS to advance health equity will require sustained commitment across multiple 

domains: continued research on effective implementation strategies, policy reforms that 

incentivize equitable technology deployment, workforce development that prepares 

providers for AI-enhanced care delivery, community engagement that ensures 

technologies meet the authentic needs of vulnerable populations, and ongoing vigilance 

to detect and mitigate unintended consequences. As Ehigie (2025) demonstrates in the 
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context of supporting marginalized learners, technology can be a powerful force for equity 

when designed with careful attention to historical contexts, inclusive principles, and the 

lived experiences of those it aims to serve. 

The convergence of artificial intelligence with healthcare delivery offers unprecedented 

opportunities to address longstanding disparities and improve outcomes for underserved 

populations. By embracing equity-centered design principles, engaging communities as 

partners rather than subjects, addressing structural barriers to technology access, and 

maintaining human connection at the center of care, we can harness AI's transformative 

potential to create more just, effective, and compassionate healthcare systems. The path 

forward requires not only technical innovation but also moral commitment to ensuring that 

the benefits of technological progress are shared equitably across all communities, 

particularly those who have been historically marginalized and underserved. 
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