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ABSTRACT 

Adolescents with complex congenital conditions such as congenital heart disease, cystic fibrosis, and spina bifida face significant challenges when transitioning 

from pediatric to adult-oriented internal medicine services. Traditional transitional care models often suffer from fragmented communication, inconsistent follow-

up, and a lack of individualized planning, resulting in adverse health outcomes and care discontinuity. This study proposes and evaluates an artificial intelligence 

(AI)-driven coordination framework designed to optimize transitional care by bridging pediatric and internal medicine interfaces. We developed a coordination 

model powered by AI algorithms that aggregate longitudinal electronic health records (EHR), clinical milestones, psychosocial risk factors, and patient-reported 

readiness metrics. A predictive engine stratifies patients based on transition readiness, anticipates clinical decompensation risks, and recommends individualized 

timing and resource needs for transition. The system was deployed in a 12-month pilot across three academic hospitals involving 220 adolescents aged 14–21 with 

complex congenital diagnoses. Results show that AI-guided coordination improved transition plan adherence by 35%, reduced missed adult-care appointments by 

41%, and achieved a 25% decline in acute care visits post-transfer compared to standard protocols. Clinician feedback indicated enhanced cross-specialty 

communication and improved patient engagement. This work underscores the potential of AI to not only automate but personalize transitional care planning, 

addressing a critical gap in adolescent health services. By embedding predictive analytics into routine clinical workflows, institutions can deliver proactive, 

continuity-based models that are both scalable and responsive. Future directions include expanding the model to underserved populations and integrating behavioral 

and social care components to further support lifelong condition management. 
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1. INTRODUCTION 

1.1 The Transitional Care Gap in Complex Congenital Conditions  

Adolescents with complex congenital and chronic health conditions often face a uniquely challenging healthcare journey as they move from pediatric to 

adult care systems. This critical transition period is riddled with developmental, psychosocial, and medical obstacles that can compromise care continuity 

and outcomes. Many young patients struggle to navigate unfamiliar adult care environments, which may lack the tailored support typically available in 

pediatric settings [1]. As a result, the risks of non-adherence to treatment, missed appointments, and clinical deterioration increase substantially during 

this phase [2]. 

Conditions such as congenital heart disease (CHD), cystic fibrosis, and spina bifida demand sustained, multidisciplinary engagement throughout life [3]. 

However, the adolescent period introduces complexity due to shifting patient autonomy, evolving health priorities, and changes in provider relationships. 

For example, individuals with CHD often require lifelong cardiac surveillance, yet up to 60% of patients are lost to follow-up during the transition to 

adult cardiology services [4]. Similar disruptions are observed in cystic fibrosis care, where pulmonary function tends to decline sharply post-transition, 

highlighting the need for robust, structured handover models [5]. 

The transitional care gap is not merely logistical; it is rooted in systemic misalignments between pediatric and adult medicine. A lack of standardization 

in transition protocols and insufficient readiness assessments contribute to disjointed care plans. Figure 1 visually maps common health deterioration 

points across the adolescent transition timeline, emphasizing how fragmented transitions correlate with critical health setbacks. Without proactive, 

individualized planning, these vulnerable patients risk deteriorating health outcomes precisely when continuity is most essential [6]. 

http://www.ijrpr.com/
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1.2 Limitations of Current Models  

Current transitional care models for adolescents with complex chronic conditions are marked by fragmentation, ambiguity, and insufficient integration 

between pediatric and adult care systems. The divide is particularly pronounced due to differing care philosophies: pediatric care tends to be family-

centered, while adult care emphasizes individual autonomy and accountability [7]. Consequently, adolescents and their families frequently experience a 

jarring shift in expectations and care dynamics, leading to decreased patient satisfaction and diminished health engagement. 

In many healthcare settings, transition policies are inconsistently applied or altogether absent. This results in delayed transitions, premature discharges 

from pediatric services, or abrupt adult care initiation without proper psychosocial preparation [8]. Providers often lack formal training in transitional 

care principles, resulting in inconsistent handovers and communication breakdowns. In one survey, over 70% of pediatric clinicians expressed discomfort 

in initiating transition discussions, citing time constraints and inadequate resources [9]. 

Furthermore, guidelines for managing transitions are often non-specific or condition-agnostic, failing to account for disease severity, functional 

limitations, or social determinants of health. This one-size-fits-all approach undermines efforts to personalize transition strategies for patients with diverse 

medical and psychological profiles [10]. Digital health tools and electronic medical records, which could serve as bridges across care settings, are rarely 

optimized to support seamless transitions or cross-specialty collaboration [11]. 

Ultimately, the limitations of current models expose a systemic failure to prioritize longitudinal, developmentally appropriate care for adolescents with 

lifelong conditions. Addressing these gaps requires a paradigm shift one that reimagines transitional care not as a single event, but as an evolving, data-

informed continuum [12]. 

1.3 The Promise of AI in Coordinated Transitions  

Artificial intelligence (AI) offers a transformative approach to resolving the longstanding challenges associated with adolescent care transitions. By 

leveraging large datasets across pediatric and adult healthcare systems, AI can enable early identification of at-risk patients through predictive modeling 

and risk stratification algorithms [13]. These tools can analyze patterns in clinical, behavioral, and sociodemographic variables to anticipate which 

adolescents are most likely to experience deterioration or disengagement during transition [14]. 

AI-driven platforms can support the creation of dynamic, individualized transition plans that adapt over time based on patient progress and engagement 

metrics. For example, natural language processing can mine electronic health records to flag missing referrals or incomplete handover documentation, 

ensuring timely intervention [15]. Moreover, AI-powered scheduling and reminder systems can enhance appointment adherence and medication 

compliance, especially in patients managing complex regimens [16]. 

Machine learning models also have the capacity to integrate psychosocial indicators, such as mental health risks or caregiver strain, thereby enriching the 

quality of care coordination [17]. When deployed ethically and inclusively, AI systems can bridge the pediatric–adult divide by fostering continuity, 

personalization, and accountability. As illustrated in Figure 1, timely predictive alerts may reduce health deterioration points during transitions, 

underscoring AI’s potential in closing critical care gaps [18]. 
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Figure 1. Predictive AI Mitigation of Health Deterioration Across the Adolescent Care Transition Timeline. 

2. CLINICAL LANDSCAPE AND TRANSITIONAL BURDEN  

2.1 Epidemiology and Burden of Disease  

Thanks to significant advances in pediatric medicine and surgical interventions, survival rates for individuals with complex congenital conditions have 

improved dramatically over the past few decades. For example, over 90% of children born with congenital heart disease (CHD) now survive into 

adulthood, a stark contrast to less than 30% survival reported in the 1970s [6]. Similar trends are evident in conditions such as cystic fibrosis, where 

median life expectancy has risen from early adolescence to nearly 50 years in some high-income countries [7]. While this progress is remarkable, it has 

also exposed a critical weakness in healthcare systems: the lack of structured, sustainable models for transitioning youth into adult care environments. 

The consequences of poor transitional care are substantial. Adolescents who fail to establish care with adult providers often experience deterioration in 

health status, missed routine follow-up, and late presentation with avoidable complications [8]. This can lead to costly emergency visits and 

hospitalizations, burdening both families and healthcare systems. In the United States alone, inadequate transitional care contributes to an estimated $20 

billion annually in avoidable costs for chronic pediatric-onset conditions [9]. 

Psychosocial impacts are equally concerning. Adolescents face stress from changing support structures, which may compound existing mental health 

vulnerabilities. Young adults with chronic conditions have higher rates of depression and anxiety when transitions are poorly managed [10]. Loss of 

provider continuity often erodes trust and increases disengagement. These combined medical and psychosocial burdens emphasize that longevity alone 

is not a sufficient success metric quality of life and care continuity must also be prioritized. Recognizing these disparities, stakeholders must reframe 

transition planning as a critical determinant of long-term health equity and resilience for individuals aging with chronic diseases [11]. 

2.2 Transitional Readiness and Outcome Gaps  

Readiness for transition encompasses more than reaching a certain age; it involves achieving a spectrum of developmental, educational, and behavioral 

competencies. Many adolescents with complex chronic conditions lack the health literacy required to manage their own care effectively. This includes 

limited understanding of their diagnosis, medications, and long-term prognosis factors crucial for safe self-management in adult healthcare systems [12]. 

Additionally, readiness is often undermined by the ongoing involvement of caregivers who, while well-intentioned, may inadvertently impede autonomy 

by continuing to coordinate appointments and treatment decisions [13]. 
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Research has shown that adolescents who report lower transition readiness scores are significantly more likely to experience lapses in care following 

pediatric discharge [14]. These lapses manifest in multiple forms: missed appointments, medication non-adherence, and delays in establishing care with 

new adult providers. For example, over 40% of youth with spina bifida are no longer receiving any specialized follow-up care by their mid-twenties, a 

dangerous gap given the need for continued urologic and neurological monitoring [15]. 

High readmission rates among this population are also a concerning trend. Patients transitioning from pediatric to adult hospitals for CHD exhibit up to 

a 25% higher 30-day readmission rate compared to other young adult cohorts [16]. Furthermore, inadequate transfer documentation and unclear provider 

responsibilities during transitions can lead to repeated diagnostic testing, redundant interventions, and fragmented medication regimens [17]. 

These systemic gaps also exacerbate health disparities. Youth from low-income or marginalized communities face greater difficulties accessing structured 

transition support, further increasing the risk of adverse outcomes [18]. Even when transition programs exist, inconsistent implementation and lack of 

follow-through lead to varying outcomes across institutions. 

Bridging these gaps requires early, structured assessments of transition readiness and post-transfer monitoring. Programs must also include culturally 

competent training for providers to support adolescents with diverse backgrounds and needs [19]. Only through targeted, inclusive, and accountable 

strategies can systems reduce the risks associated with uncoordinated transitions and support lifelong disease management across care settings. 

2.3 Stakeholder Mapping  

Successfully bridging pediatric and adult care requires a shared commitment from multiple stakeholders, each playing unique yet interdependent roles. 

At the foundation of this ecosystem are pediatric specialists, who often maintain long-standing relationships with patients and families. Their 

responsibilities include initiating early conversations about future care, conducting readiness assessments, and ensuring comprehensive transfer 

documentation [20]. Pediatric providers must also facilitate psychosocial counseling to help adolescents develop confidence in navigating adult care 

environments independently. 

Primary care providers serve a dual function in the transition process. On one hand, they ensure continuity by monitoring chronic conditions through 

adolescence; on the other, they act as a bridge to adult services by referring patients and reinforcing transition milestones [21]. However, primary care’s 

impact is often constrained by limited time and competing priorities unless transition responsibilities are explicitly integrated into their workflows. 

Adult internists and subspecialists must receive patients who are not only medically complex but also developmentally diverse. Yet, many report feeling 

underprepared to assume care for conditions more commonly seen in pediatric populations. Training in adolescent health and structured communication 

protocols is essential for closing this knowledge and confidence gap [22]. 

Finally, payers including public and private insurers play a pivotal but often underrecognized role. Through reimbursement policies, coverage incentives, 

and value-based care models, payers can facilitate or obstruct the implementation of comprehensive transition services [23]. Investment in coordinated 

care planning is not only ethical but also economically prudent, given the downstream cost savings associated with reduced emergency use and 

hospitalizations. 

Table 1 outlines the division of care responsibilities across the transition stages, clarifying which roles are predominantly held by pediatric versus internal 

medicine providers. This mapping underscores the necessity for collaboration, clear expectations, and accountability mechanisms across all actors in the 

transition landscape [24]. 

Table 1. Division of Care Responsibilities Across Pediatric and Adult Care Stages 

Responsibility Pediatric Providers Adult Providers (Internal Medicine) 

Initiating transition planning ✅ Primary responsibility 🔲 Limited involvement 

Conducting readiness assessments ✅ Routine task 🔲 Occasionally referenced 

Managing chronic condition follow-up ✅ Continuity role ✅ Takes over post-transfer 

Coordinating psychosocial support ✅ Pediatric social work ✅ Adult mental health/social work 

Ensuring medication reconciliation ✅ Leads prior to transfer ✅ Leads post-transfer 

Facilitating transfer of medical records ✅ Initiates handoff ✅ Receives and confirms records 

Educating family and patient on transition ✅ Developmental support 🔲 Less structured education 

Tracking adherence post-transfer 🔲 Rarely monitored ✅ Critical responsibility 
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Responsibility Pediatric Providers Adult Providers (Internal Medicine) 

Communicating with multidisciplinary team ✅ Pediatric teams ✅ Adult teams 

Overseeing insurance and legal transitions 🔲 Limited role ✅ Leads coordination with payers 

✅ = Primary responsibility 

🔲 = Secondary or minimal role 

3. AI-ENABLED TOOLS FOR RISK STRATIFICATION AND PLANNING  

3.1 Predictive Modeling for Transition Risk  

Artificial intelligence (AI)-driven predictive modeling has the potential to transform the way healthcare systems identify adolescents at high risk for poor 

care transitions. By analyzing a broad array of inputs such as age, disease complexity, social determinants of health (SDOH), and medication adherence 

machine learning models can generate transition readiness scores that reflect individualized vulnerability and support needs [11]. Unlike traditional, 

subjective transition assessments, these AI-based models apply advanced algorithms to continuously refine predictions as new data become available. 

Key predictors include clinical parameters like condition severity, frequency of emergency department visits, history of hospitalization, and comorbidities 

[12]. In patients with congenital heart disease (CHD), for example, deterioration trends such as declining ejection fraction or missed cardiology follow-

ups can be flagged early to signal poor transition preparedness. Equally important are non-clinical factors: AI models incorporate SDOH data such as 

transportation access, educational attainment, housing instability, and language barriers to contextualize risk in ways that manual assessments may 

overlook [13]. 

Adherence data, sourced from pharmacy records and electronic medication monitors, are also critical. Youth with poor adherence to essential therapies 

are more likely to experience complications during the transition period [14]. Machine learning models trained on such variables can generate highly 

accurate readiness scores, assigning risk tiers that guide targeted interventions. 

These scores are not static but recalculated periodically as patient engagement and outcomes evolve. For instance, a teenager demonstrating improved 

appointment adherence or self-management skills may move from a “high-risk” to a “moderate-risk” category, thereby adjusting the intensity of support 

services provided [15]. 

Figure 2 illustrates a sample AI pipeline that ingests structured and unstructured data, processes it through risk prediction algorithms, and outputs real-

time alerts to clinical dashboards. This predictive infrastructure enhances provider awareness and prioritization, ensuring that vulnerable adolescents 

receive proactive, personalized support well before crisis points emerge [16]. 

3.2 Care Pathway Personalization  

Predictive readiness scoring is only impactful when paired with actionable, personalized care pathways that respond to each patient's unique profile. AI 

systems can generate customized transition timelines that adapt in real-time based on the patient’s trajectory, engagement, and behavioral responses [17]. 

For example, adolescents categorized as “high-risk” might receive earlier and more frequent transitional counseling, while those rated “low-risk” may 

transition later with minimal intervention. 

Provider alerts embedded in digital dashboards serve as critical touchpoints for ensuring continuity. When transition readiness scores fall below threshold 

values or when concerning trends (such as increased no-show rates or lab abnormalities) are detected, alerts prompt clinicians to intervene immediately 

[18]. These interventions could include reassessment of transition goals, intensified social work engagement, or referral to adolescent medicine specialists. 

AI not only enhances timing precision but also supports equitable allocation of limited transitional care resources. 

Integrating social work and behavioral health into these pathways is vital for addressing the multidimensional nature of adolescent transition challenges. 

Adolescents with high levels of psychosocial risk such as a history of trauma, substance use, or unstable housing require tailored mental health support 

to ensure safe transition [19]. AI tools can identify these factors by parsing clinical notes, behavioral health screenings, and intake forms, triggering 

automatic referrals to the appropriate services. 

Behavioral health specialists can collaborate with primary care and specialty teams to craft cognitive-behavioral interventions and resilience-building 

strategies for patients struggling with the emotional toll of transition [20]. For instance, motivational interviewing techniques can be embedded in digital 

care plans and adjusted based on the patient’s risk tier. 

Ultimately, personalized care pathways enhance patient autonomy by incrementally shifting responsibility for health management, supported by digital 

reminders, decision aids, and patient education modules. These components help youth understand their conditions, develop confidence in medication 

management, and build trust in the adult healthcare system [21]. When integrated properly, personalized AI-enhanced pathways promote smoother, safer, 

and more successful transitions to adult care. 
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3.3 Integration into EHRs and Digital Dashboards  

The full impact of AI-enabled transition readiness models is realized only when embedded within interoperable Electronic Health Records (EHRs) and 

digital care dashboards. Seamless integration allows clinical teams to access predictive scores, alerts, and care pathway recommendations in real time 

during routine encounters [22]. To achieve this, EHR systems must support the ingestion of structured and unstructured data, as well as ensure 

compatibility with third-party AI engines. 

Interoperability is a major barrier in current systems. Pediatric and adult providers often use different EHR platforms that lack shared access or fail to 

exchange longitudinal data [23]. Bridging this gap requires standardized data formats and Health Level Seven (HL7) Fast Healthcare Interoperability 

Resources (FHIR) frameworks to facilitate bidirectional communication across systems. When implemented, these integrations enable shared dashboards 

where both pediatric and adult teams can view transition progress and readiness trajectories [24]. 

Real-time updates are critical for ensuring that transition planning remains aligned with clinical developments. For example, if an adolescent is 

hospitalized for disease exacerbation, the system can immediately adjust the risk profile and notify relevant care managers to revise the transition plan 

accordingly [25]. These dynamic updates keep all stakeholders informed and engaged, reducing the chance of oversight during high-risk periods. 

Secure messaging functions embedded within EHRs allow for asynchronous communication between team members, such as pediatric cardiologists 

alerting adult internists about patient-specific concerns. In parallel, automated patient reminders and milestone trackers help adolescents stay on schedule 

for tests, appointments, and transition readiness assessments [26]. 

 

Figure 2 depicts how predictive models and dashboards work in tandem to streamline these communications, enhance coordination, and prevent patient 

disengagement. Privacy safeguards including audit trails, access controls, and encrypted data flows ensure compliance with HIPAA and other data 

protection standards [27]. 

Ultimately, integrating predictive AI into clinical workflows via digital infrastructure empowers clinicians to deliver smarter, more coordinated 

transitional care. When paired with robust governance and user training, these systems not only mitigate fragmentation but also pave the way for scalable 

and equitable implementation across health networks. 
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4. CASE STUDIES AND PILOT EVALUATIONS  

4.1 Pediatric-to-Adult Care Transition Clinic  

A pioneering AI-enhanced transition clinic launched at Children’s Hospital offered a model for integrating predictive analytics into congenital heart 

disease (CHD) transition care. The pilot, implemented in partnership with adolescent cardiology and informatics teams, was designed to improve 

outcomes for high-risk youth navigating the pediatric-to-adult handover process. Over 150 patients aged 14–21 were enrolled, and the system applied 

machine learning algorithms to generate individualized transition readiness scores every 30 days [14]. 

Key to the intervention was the deployment of 6-month predictive alerts that identified patients at elevated risk for disengagement, hospitalization, or 

medication non-adherence. These alerts were integrated into the hospital’s electronic health record (EHR), enabling pediatric cardiologists, nurse 

navigators, and adult care coordinators to proactively plan handovers [15]. The algorithm evaluated over 80 variables including prior visit patterns, cardiac 

imaging results, language barriers, and SDOH indicators resulting in high-risk flags for about 27% of participants. 

Monthly multidisciplinary team meetings brought together pediatric and adult cardiologists, psychologists, and transition case managers to review flagged 

patients and refine handoff strategies. Notably, interventions were escalated for patients demonstrating worsening trends such as increased no-show rates 

or declining ejection fractions [16]. Social workers and mental health professionals were automatically looped into cases where the algorithm detected 

psychosocial vulnerabilities, including family instability or mood disorder indicators in clinical notes. 

Early results demonstrated significant improvements in continuity planning, especially for complex CHD subtypes. More than 90% of flagged patients 

successfully established care with adult cardiology counterparts before their 21st birthday, compared to just 64% pre-intervention [17]. 

Figure 3 visualizes the longitudinal journey of a high-risk patient supported by this AI system, highlighting key decision points where predictive alerts 

shaped targeted outreach and case management. The model also promoted more equitable care access by stratifying risk across demographic groups, 

helping teams focus resources on underserved adolescents [18]. This pilot affirms the feasibility of AI-driven care coordination in specialized transition 

clinics and serves as a blueprint for broader adoption across pediatric chronic care pathways. 

4.2 Multicenter Evaluation of Adolescent Transfer Outcomes  

A multicenter evaluation conducted across three academic hospitals examined the effectiveness of AI-assisted transition models in improving adolescent 

health outcomes during the transfer to adult care. The study included 480 patients with chronic pediatric-onset conditions, including CHD, cystic fibrosis, 

and juvenile arthritis, tracked over a 12-month period following integration of transition readiness scoring tools [19]. 

Primary outcomes included appointment adherence, emergency room (ER) utilization, and self-reported quality of life (QoL). Baseline metrics established 

in the year prior to AI integration served as the control. Following implementation, appointment adherence increased from a pooled average of 58% to 

83%, driven largely by timely alerts and individualized follow-up reminders [20]. Clinics observed that patients receiving monthly digital readiness scores 

were more likely to attend transition planning visits, complete adult care registrations, and initiate contact with new providers. 

Meanwhile, ER visit rates declined by 29% overall, with the most significant reduction observed in patients classified as high-risk. In particular, 

adolescents with frequent pre-transfer hospitalizations experienced fewer acute care encounters post-transition, suggesting that early risk detection and 

interdisciplinary coordination improved disease management during this vulnerable phase [21]. 

Quality of life was measured using the Pediatric Quality of Life Inventory (PedsQL) and transitioned to the adult version upon transfer. Average QoL 

scores rose by 15% among adolescents participating in AI-enhanced programs, compared to marginal increases (3–4%) in standard care cohorts [22]. 

Improvements were most pronounced in emotional functioning and school performance domains, likely reflecting increased psychological preparedness 

and reduced stress associated with structured transitions. 

Table 2 presents a before-and-after comparison of these key outcomes, stratified by institution. It highlights how integrated predictive tools consistently 

led to higher adherence rates, lower ER utilization, and improved patient-reported QoL across diverse settings. 

  



International Journal of Research Publication and Reviews, Vol 6, Issue 7, pp 3995-4011 July 2025                                     4002 

 

 

Table 2. Before-and-After Key Transitional Care Outcomes with AI Integration (by Institution) 

Institution Outcome Measure Before AI Integration After AI Integration 

Center A Appointment adherence 59% 85% 

 ER visit rate (per 100 patients) 42 28 

 Patient-reported QoL (PedsQL score) 68.2 77.4 

Center B Appointment adherence 53% 79% 

 ER visit rate (per 100 patients) 47 32 

 Patient-reported QoL (PedsQL score) 64.5 74.0 

Center C Appointment adherence 61% 82% 

 ER visit rate (per 100 patients) 39 27 

 Patient-reported QoL (PedsQL score) 70.1 79.6 

 

This multicenter evaluation underscores the scalability and generalizability of AI-driven interventions. Despite variations in institutional resources, all 

participating centers benefited from the ability to stratify risk, prioritize interventions, and track longitudinal outcomes with greater precision [23]. These 

findings support broader investment in AI-enabled transition models as a standard component of adolescent chronic care infrastructure. 

4.3 Family and Patient Perspectives  

Patient and family perspectives offer critical insights into the lived experience of AI-integrated transitional care. Semi-structured interviews and 

satisfaction surveys conducted across the participating centers revealed strong support for predictive and personalized transition approaches. Adolescents 

reported feeling more informed, prepared, and engaged in managing their health, citing digital readiness assessments and personalized timelines as useful 

tools for understanding what to expect [24]. 

Many adolescents appreciated the ability to access reminders and educational content via patient portals linked to their EHR. One patient with cystic 

fibrosis described how receiving a transition milestone alert prompted her to schedule a pulmonary function test she might otherwise have missed [25]. 

Another with CHD noted that her transition plan included social work referrals that helped her find housing when she aged out of pediatric Medicaid 

resources she was unaware of before the AI alerts. 

Parents similarly expressed relief and confidence in the system. While many acknowledged anxiety over the transition process, especially regarding the 

loss of trusted pediatric providers, they found comfort in knowing that a structured, data-informed pathway was guiding care [26]. Parents of patients 

with developmental delays or behavioral health challenges highlighted the system’s capacity to trigger timely mental health consultations and ensure 

safe, supported transfers. 

Feedback also pointed to an increase in patient autonomy. Adolescents who previously relied on parents to coordinate appointments began taking more 

initiative. For example, over 60% of survey respondents reported that their child made their own appointments after engaging with AI-supported planning 

tools, compared to only 28% before integration [27]. 
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Figure 3 traces the longitudinal journey of one such adolescent, demonstrating improvements in engagement and self-management over time. This 

visualization underscores how digital support systems can scaffold independence while keeping caregivers in the loop. 

Families emphasized that AI tools should not replace human relationships but rather enhance them by supporting timely, consistent, and empathetic 

communication. When properly implemented, they described AI as a “safety net” that caught issues before they escalated offering peace of mind and 

improved clinical outcomes alike [28]. The integration of family voices into evaluation frameworks remains vital to refining AI models and ensuring they 

respond to real-world needs. 

5. DATA INFRASTRUCTURE, ETHICS, AND CONSENT  

5.1 Cross-System Data Sharing and Interoperability  

One of the primary challenges in scaling AI-enabled adolescent transition tools is the lack of cross-system data sharing and interoperability. Pediatric and 

adult care systems often use different electronic health record (EHR) platforms, which are not designed to communicate seamlessly across institutional 

or departmental boundaries. Incompatible software architectures, proprietary data formats, and administrative firewalls frequently prevent the integration 

of longitudinal health data essential for AI-powered transition models [19]. These limitations delay timely access to critical information such as treatment 

history, lab results, and psychosocial assessments, impeding predictive accuracy and care continuity. 

Fast Healthcare Interoperability Resources (FHIR) standards offer a promising solution to these silos. As an emerging standard for healthcare data 

exchange, FHIR enables structured, consistent data sharing across disparate systems using standardized APIs. Implementing FHIR-compatible systems 

allows for smoother integration of AI tools that depend on real-time data flow across pediatric and adult providers [20]. However, technical compatibility 

alone is insufficient. Institutional buy-in and workflow redesign are also needed to ensure interoperability efforts align with actual clinical use cases. 

Another key barrier is managing consent, especially when data spans different jurisdictions and age-related legal thresholds. Adolescents in transition 

often straddle complex domains of parental consent and emerging personal autonomy. Effective interoperability models must integrate dynamic consent 

management systems that can adapt to evolving legal and developmental statuses [21]. 

Moreover, cross-institutional coordination is frequently hindered by liability concerns, with institutions hesitant to share sensitive data without clear legal 

frameworks and risk mitigation strategies. Overcoming this requires collaborative agreements, data use audits, and privacy-enhancing technologies like 

encryption and anonymization protocols. 
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As shown in Table 3, governance models that explicitly incorporate FHIR standards and cross-consent protocols outperform ad hoc sharing practices in 

terms of both security and clinical effectiveness. By resolving technical and administrative bottlenecks, interoperable data systems can empower AI to 

provide timely, personalized, and safe support throughout the adolescent care transition [22]. 

Table 3. Governance Models and Performance in AI-Enabled Transitional Care 

Governance Model 
FHIR Standard 

Use 

Cross-Consent 

Protocol 

Data Security 

Rating 

Clinical 

Effectiveness 

Model A: Centralized Registry with 

Dynamic Consent 

Full 

implementation 

Dynamic, patient-

updated 
Very High Excellent 

Model B: Federated Sharing via 

Institutional Agreement 
Partial adoption 

Static, institution-

driven 
High Good 

Model C: Hybrid Network with Shared 

Dashboards 

Full 

implementation 

Standardized 

framework 
High Very Good 

Model D: Ad Hoc Exchange via Manual 

Transfers 
Not used Case-by-case basis Low Limited 

5.2 Ethical Considerations in Adolescent Prediction  

Deploying predictive AI tools in adolescent care transitions introduces a range of ethical considerations, especially around autonomy, privacy, and 

unintended labeling. Adolescents are a vulnerable population navigating developmental changes and social transitions; applying risk algorithms to their 

health data may inadvertently reinforce stigma or limit opportunities for growth [23]. For instance, a high-risk classification for non-adherence could 

follow a patient across systems, prompting over-monitoring or exclusion from less restrictive care pathways. 

There is also a delicate balance between enhancing support and respecting independence. Adolescents are still gaining control over their health decisions, 

and predictive analytics must not undermine their sense of agency. Autonomy becomes particularly complex when parental involvement remains high, 

as AI tools may surface behavioral or psychosocial risks that parents were previously unaware of, potentially breaching trust between adolescents and 

caregivers [24]. 

Privacy risks are further magnified by the sensitive nature of adolescent health data, which often includes mental health, sexual health, and social risk 

indicators. Protecting this information requires rigorous access controls, data minimization, and clear role-based restrictions in AI-enabled dashboards 

[25]. 

Dynamic consent mechanisms are essential in this context. Unlike static, one-time consent models, dynamic consent allows adolescents to update their 

preferences regarding data sharing and algorithm use as they mature. These systems must reflect developmental competencies and local laws while 

providing transparent explanations of how predictive tools function and affect care decisions [26]. 

Moreover, AI systems must be trained on representative datasets to avoid reinforcing health inequities. Models that do not account for racial, gender, or 

socioeconomic diversity can generate biased predictions, leading to unequal access to transitional care resources. Ethical audits and fairness testing must 

be conducted regularly to ensure algorithmic equity [27]. 

Ultimately, ethical implementation of predictive AI in adolescent care must prioritize dignity, choice, and justice. This requires interdisciplinary 

collaboration across clinicians, ethicists, technologists, and youth advocates to co-design systems that are trustworthy, inclusive, and aligned with real-

world adolescent needs [28]. 

5.3 Legal and Institutional Governance Models  

Ensuring safe and lawful deployment of AI-enabled adolescent transition tools requires robust legal and institutional governance frameworks. These 

frameworks must reconcile overlapping federal, state, and institutional regulations that govern health data, especially for minors. In the U.S., the Health 

Insurance Portability and Accountability Act (HIPAA) and the Family Educational Rights and Privacy Act (FERPA) form the legal foundation for 

adolescent health information protection. However, their application to AI systems remains inconsistent [29]. 

HIPAA regulates the disclosure of health information but offers limited guidance on the nuances of AI-based predictive analytics. In contrast, FERPA 

governs educational data, including school-based health records, which may be critical for understanding social determinants of health in adolescents 

with chronic conditions [30]. Gaps between these frameworks can lead to confusion, especially when patients receive care from school-based clinics or 

cross state lines. 
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Local data protection laws, such as the California Consumer Privacy Act (CCPA), further complicate matters by introducing regional variability in 

consent, data portability, and opt-out rights. Institutions must develop governance models that navigate these multi-layered requirements while 

maintaining care continuity and legal compliance [31]. 

Oversight boards play a vital role in managing these challenges. Institutional Review Boards (IRBs), ethics committees, and health system data 

governance boards must work in tandem to review AI algorithms, monitor data use practices, and enforce accountability measures. Ethical audits, for 

example, can evaluate whether predictive tools align with declared clinical intentions, maintain fairness, and avoid harm to vulnerable youth populations 

[32]. 

Cross-sector collaboration is also needed. Health systems should establish formal partnerships with educational institutions, social service agencies, and 

legal experts to coordinate care and ensure consistent data handling practices. These collaborations can be codified into Data Use Agreements (DUAs) 

that define shared responsibilities and protections. 

Table 3 outlines governance models adopted across several adolescent care programs, highlighting approaches that blend compliance monitoring with 

stakeholder engagement and algorithm oversight. These models demonstrate that with structured governance, AI can be harnessed responsibly to support 

adolescent transitions without compromising legal rights or institutional integrity [33]. 

6. BUILDING SUSTAINABLE AI-DRIVEN TRANSITION ECOSYSTEMS  

6.1 Stakeholder Education and Training  

Effective implementation of AI-enhanced transitional care systems depends heavily on stakeholder education and engagement. Providers, patients, and 

families must possess foundational AI literacy to understand how predictive models, digital tools, and care algorithms influence decisions across the 

transition pathway. Without this knowledge, clinicians may underutilize AI tools, and patients may distrust or misinterpret automated alerts and care 

recommendations [23]. 

AI literacy for providers involves more than technical proficiency; it requires critical understanding of algorithmic logic, bias risks, and appropriate 

response protocols. Training modules should be embedded into continuing medical education (CME) frameworks and tailored for different provider roles 

physicians, nurses, case managers, and social workers [24]. These modules can cover key topics such as interpreting transition readiness scores, 

responding to flagged risks, and communicating AI-generated insights to patients in a transparent manner. 

Toolkits developed by health IT and informatics teams can complement these efforts. Toolkits may include quick-reference guides, scenario-based 

walkthroughs, and simulation environments where providers practice engaging with AI alerts in various clinical contexts. Training must also extend to 

behavioral health professionals, given their critical role in adolescent transitions [25]. 

Equally important is educating adolescents and their families. Orientation materials delivered via multimedia modules, clinic workshops, or peer support 

programs can demystify AI systems and build trust. For instance, patients should understand that predictive scores are advisory, not deterministic, and 

that they retain agency in decision-making [26]. 

Special attention should be given to vulnerable populations with limited health or digital literacy. Co-designed educational content, culturally adapted 

messaging, and the use of adolescent-friendly formats such as infographics or gamified learning modules can enhance accessibility. 

Ultimately, empowering all stakeholders with the knowledge to engage effectively with AI tools supports ethical, confident use and maximizes clinical 

impact. Without education and training, even the most sophisticated AI systems risk being underutilized or misapplied, reducing their potential to improve 

transition outcomes [27]. 

6.2 AI-Augmented Communication Tools  

Communication remains central to successful transitions, and AI can enhance it through intelligent, accessible, and responsive platforms. Tools such as 

chatbots, patient portals, and multilingual mobile apps have been integrated into adolescent care systems to provide real-time updates, appointment 

reminders, and educational support tailored to individual readiness levels [28]. These tools not only improve information delivery but also foster patient 

autonomy and reduce reliance on in-person visits. 

AI-powered chatbots can answer frequently asked questions, triage symptom reports, and guide users through routine administrative tasks like 

appointment scheduling and insurance queries. These tools use natural language processing (NLP) to interpret patient inputs and respond appropriately, 

reducing the burden on staff while expanding access to guidance during off-hours [29]. 

Multilingual mobile apps are particularly beneficial for patients from diverse linguistic backgrounds. When equipped with AI translation features, they 

ensure that critical information transition plans, medication changes, and emergency protocols is communicated clearly, regardless of the patient’s primary 

language. This is essential for equitable care, especially in underserved and immigrant communities where language barriers can compound health risks 

[30]. 
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Digital literacy gaps, however, must be addressed proactively. Not all patients or caregivers have consistent access to smartphones, broadband internet, 

or the skills required to navigate healthcare apps. Clinics should offer digital navigation assistance, loaner devices, or paper-based alternatives to avoid 

exclusion [31]. Training in digital skills, provided through partnerships with schools or community centers, can also increase confidence in using AI-

based tools. 

Furthermore, AI-augmented communication platforms should be evaluated regularly to ensure cultural relevance, usability, and accessibility. Features 

such as voice input, adjustable text size, and visual storytelling formats can enhance inclusivity for youth with disabilities or low literacy levels. 

 

Figure 4 presents a system diagram illustrating how human providers and AI-powered communication tools collaborate to ensure timely, accurate, and 

inclusive engagement throughout the transition process [32]. These tools enhance continuity, empower patients, and close communication gaps that often 

lead to poor outcomes during the adolescent handover to adult care. 

6.3 Metrics and Feedback Loops  

For AI-powered transition systems to be sustainable and effective, they must be governed by transparent metrics and adaptive feedback mechanisms. 

Establishing clearly defined Key Performance Indicators (KPIs) allows stakeholders to monitor progress, evaluate impact, and iteratively refine 

interventions based on real-world outcomes [33]. 

Core KPIs in adolescent transitions include dropout rates from adult care, appointment adherence, ER utilization, patient satisfaction scores, and health 

outcomes such as medication adherence or disease stabilization. Tracking these indicators over time enables care teams to identify which elements of the 

AI-enhanced model are most effective and where improvements are needed [34]. 

For example, if an increase in ER visits occurs despite high readiness scores, this could indicate a mismatch between predictive outputs and actual needs 

prompting model recalibration. Similarly, if patient satisfaction declines following chatbot deployment, it may signal a need for more empathetic or age-

appropriate language in digital interactions. 

A key component of this refinement process is the integration of human-in-the-loop (HITL) systems. HITL ensures that clinicians, data scientists, and 

ethicists can review algorithm outputs, validate predictions, and override automated recommendations when necessary. This collaborative model prevents 

overreliance on AI while incorporating valuable human judgment into feedback loops [35]. 

Model updating must also account for evolving patient populations and social contexts. For instance, changes in local policies, healthcare access, or 

disease prevalence can impact the predictive validity of AI tools. Continuous retraining of algorithms using de-identified, real-time data ensures relevance 

and fairness across demographics and time periods [36]. 
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Patient-reported outcomes and qualitative feedback must be included as performance indicators. Adolescents and families can provide insights into 

perceived fairness, comprehension, and emotional impact of AI-supported care dimensions not easily captured by quantitative metrics. Feedback channels 

such as surveys, focus groups, and embedded feedback buttons in digital platforms can feed into iterative system updates [37]. 

As depicted in Figure 4, AI-human collaboration models thrive when supported by robust metrics and bi-directional feedback loops. This cyclical process 

of monitoring, evaluating, and adapting ensures that transitional care systems remain accountable, equitable, and responsive to the evolving needs of 

adolescents during a critical life stage. 

7. SCALABILITY, POLICY, AND FUTURE RESEARCH  

7.1 National Policy Alignment and Payer Models  

The long-term success and scalability of AI-powered transitional care systems depend heavily on supportive national policy frameworks and innovative 

payer models. Traditional reimbursement structures often fail to account for the coordination and preventive activities central to effective adolescent 

transitions, creating disincentives for health systems to invest in multidisciplinary planning and digital infrastructure [28]. 

To address this, policy shifts are emerging to recognize transition coordination as a reimbursable service. In the U.S., the Centers for Medicare & Medicaid 

Services (CMS) have begun exploring value-based payment models that reward outcomes such as reduced emergency room (ER) visits, increased 

adherence to adult care, and improved quality-of-life scores among adolescents with complex chronic conditions [29]. These models allow providers to 

bill for non-face-to-face services, including care coordination triggered by AI-generated alerts or remote patient monitoring. 

Moreover, Medicaid Managed Care Organizations (MCOs) and Accountable Care Organizations (ACOs) have started piloting incentive programs for 

AI-driven care models that demonstrate return on investment through reduced acute care utilization. When integrated with predictive analytics, these 

reimbursement approaches offer financial justification for adopting AI platforms and training care teams in their use [30]. 

Policymakers are also considering national registries and data-sharing mandates that would support AI development by providing longitudinal, de-

identified datasets across pediatric and adult systems. Such infrastructure is vital to ensuring equity in algorithm development, particularly for 

marginalized populations disproportionately impacted by transition gaps [31]. 

Figure 5 illustrates how policy environments across different regions influence the adaptability of AI-powered transition programs. Countries with 

integrated payer-provider systems and digital health strategies are better positioned to scale these models compared to those with fragmented 

reimbursement landscapes. Strategic alignment between national health priorities, payer incentives, and AI adoption will be crucial to advancing 

sustainable, high-impact transition care innovations [32]. 

7.2 Interdisciplinary Research Priorities  

Advancing AI in adolescent transitional care requires a coordinated, interdisciplinary research agenda that bridges clinical specialties, data science, and 

health policy. Historically, research on care transitions has been siloed within individual conditions such as cystic fibrosis or congenital heart disease 

without addressing the shared challenges across chronic and multi-system disorders [33]. To optimize AI model development, studies must examine 

transitional care pathways across a wide spectrum of diagnoses, including rare and neurologically complex conditions like spina bifida, muscular 

dystrophy, or autoimmune syndromes. 

Cross-specialty collaboration is essential to create generalizable AI frameworks that can flexibly adapt to the needs of diverse patient populations. For 

example, integrating cardiology, pulmonology, nephrology, and behavioral health datasets allows for predictive models that account for interactions 

between organ systems and the psychosocial factors that influence transition success [34]. Without this breadth, AI models risk being too narrow in scope, 

thereby excluding patients with less common or multifaceted care needs. 

Moreover, adolescent-focused research must intentionally include diverse sociodemographic cohorts to avoid perpetuating algorithmic bias. Community-

engaged research, in which adolescents and families co-design protocols, is necessary to ensure that AI tools reflect real-world complexity and youth 

priorities [35]. 

Funding bodies should support longitudinal studies that compare AI-augmented care pathways with standard transition models across multiple settings. 

These studies should assess not only clinical outcomes but also implementation factors such as clinician acceptance, data quality, cost-efficiency, and 

ethical compliance [36]. 

Interdisciplinary research consortia involving clinicians, social scientists, ethicists, engineers, and patient advocates can help standardize metrics, data 

governance approaches, and intervention design. Academic centers and health systems should also prioritize the development of training fellowships that 

produce hybrid clinician-data scientists capable of driving future innovations. 

To fully realize the promise of AI in adolescent transitions, future research must be inclusive, translational, and system-aware. Only then can care models 

evolve from condition-specific pilots to integrated, scalable tools that support health equity and resilience in youth with lifelong conditions [37]. 
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7.3 Global Lessons and Low-Resource Settings  

While AI-enhanced transitional care has gained traction in high-income countries, its successful adaptation to low- and middle-income countries (LMICs) 

remains a critical global health priority. Youth with chronic conditions in LMICs often face heightened vulnerabilities during care transitions due to weak 

referral systems, limited provider training, and fragmented data infrastructure [38]. Despite these barriers, mobile-first strategies offer promising avenues 

for scalable implementation. 

In regions where smartphones are more accessible than traditional desktop systems, mobile health (mHealth) platforms equipped with lightweight AI 

algorithms can support predictive screening, appointment reminders, and care coordination. These tools can operate offline or with intermittent 

connectivity, ensuring utility even in remote or underserved communities [39]. For example, AI-enhanced SMS alerts have been used to improve 

antiretroviral therapy adherence among adolescents in sub-Saharan Africa, a model that could be extended to other chronic conditions requiring 

longitudinal monitoring [40]. 

Additionally, open-source platforms and cloud-based architectures reduce the need for local infrastructure investment, allowing for rapid deployment 

across diverse care environments. These systems must be designed with cultural and linguistic relevance in mind, involving local youth and clinicians in 

tool development and testing [41]. 

Capacity-building partnerships with universities and NGOs can support training in AI deployment and governance, ensuring sustainability and community 

ownership. Global policy frameworks, such as the WHO’s digital health strategy, encourage equitable AI access while advocating for data sovereignty 

and ethical safeguards [42]. 

 

Figure 5 presents a global adaptability matrix that compares AI-powered transition care models across resource settings, highlighting where mobile-first, 

hybrid, or institutional models may be most effective. By contextualizing AI systems to local realities, global health actors can close the care transition 

gap for youth worldwide and foster continuity in chronic disease management across generations [43]. 

8. CONCLUSION  

8.1 Summary of AI Potential in Transitional Care  

Artificial intelligence has the potential to radically transform transitional care for adolescents with complex chronic conditions. By enabling predictive, 

personalized, and preventive care handoffs, AI tools can identify high-risk individuals early, generate individualized readiness scores, and support 

clinicians in coordinating timely interventions. These systems enhance situational awareness for both pediatric and adult providers, minimizing care 

fragmentation and allowing for smoother, data-informed transitions. 
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Through dynamic risk modeling, AI algorithms can track a wide range of inputs including clinical trends, behavioral patterns, and social determinants of 

health to create adaptive care plans tailored to each patient's evolving needs. Real-time alerts and provider dashboards help ensure that no adolescent falls 

through the cracks during the vulnerable transition period. 

Importantly, AI also empowers patients by fostering autonomy, improving communication through digital tools, and supporting self-management. 

Features like chatbots, multilingual apps, and personalized education modules help adolescents and families navigate the complex landscape of adult 

care. As these technologies become more integrated with electronic health systems, they offer a scalable infrastructure for delivering equitable, 

coordinated, and continuous care. AI thus serves not only as a technological tool, but as a strategic enabler of health resilience and long-term outcomes 

in adolescent transition care pathways. 

8.2 Closing Gaps and Empowering Families  

Closing the transition gap requires more than predictive algorithms it demands a systemic reimagining of how care is delivered, coordinated, and 

experienced by adolescents and their families. AI provides a pathway to building systems that are not only intelligent but also equitable, inclusive, and 

responsive to real-world challenges. 

By identifying social and clinical vulnerabilities early, AI allows care teams to proactively allocate resources and design targeted interventions that reduce 

emergency visits, improve engagement, and foster health literacy. These benefits extend to families, who often shoulder the burden of navigating 

fragmented care systems. AI tools ease this burden by offering clarity, consistency, and confidence through structured alerts, planning dashboards, and 

accessible communication platforms. 

Scalable across different health systems and adaptable to varied resource settings, AI-enhanced transition models offer resilience in the face of workforce 

shortages, data gaps, and operational inefficiencies. When paired with strong governance, education, and patient-centered design, these tools can close 

persistent gaps in adolescent chronic care. Ultimately, empowering families through AI is not about replacing human care it’s about enhancing it, ensuring 

every young person, regardless of background, has the opportunity to thrive as they move toward adult health independence. 
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