
International Journal of Scientific Research and Modern Technology (IJSRMT)                                               ijsrmt.com 

Volume 3, Issue 11, 2024 

DOI: https://doi.org/10.38124/ijsrmt.v3i11.1295 

 

Sanmori, M. T. (2024). AI-Driven Functional Independence Prediction and Assistive Technology Optimization to  

Reduce Medicare Expenditures Among Older Adults in the United States. International Journal of Scientific  

Research and Modern Technology, 3(11), 186–205. https://doi.org/10.38124/ijsrmt.v3i11.1295 

186 

AI-Driven Functional Independence Prediction 

and Assistive Technology Optimization to Reduce 

Medicare Expenditures Among Older Adults in the 

United States 
 

 

Munirat Temitope Sanmori1 
 

1Department of Sociology, Georgia State University, Atlanta Georgia, USA 
 

Publication Date: 2024/11/30 
 

 

Abstract 
The accelerating growth of the older adult population in the United States presents a structural challenge to Medicare 

sustainability, particularly as functional decline drives preventable hospitalization, post-acute care utilization, and long-term 

institutional placement. This study develops and evaluates an Artificial Intelligence–enhanced Functional Independence 

Support Technology and Analytics (FISTA) framework designed to predict functional decline, optimize assistive technology 

deployment, and quantify Medicare cost avoidance. A longitudinal quasi-experimental design was implemented using 

nationally representative aging datasets, Medicare claims data, and multi-site pilot deployments. The AI-based Functional 

Risk Score (FRS-AI), constructed using supervised machine learning models, demonstrated superior predictive performance 

compared to traditional screening approaches (AUC = 0.87 vs. 0.68), improving early identification of individuals at risk for 

ADL/IADL decline. The Technology Suitability Index (TSI-AI), supported by multi-criteria optimization and reinforcement 

learning, significantly increased sustained assistive technology adoption and reduced device abandonment. Longitudinal 

analyses revealed measurable improvements in ADL trajectories, reduced fall incidence, improved medication management, 

and delayed institutionalization. Medicare utilization outcomes showed a 22% reduction in inpatient admissions, 26% 

reduction in emergency department visits, and significant reductions in post-acute care spending, generating positive per-

beneficiary cost avoidance exceeding implementation costs. The Functional Independence Gain (FIG) metric provided a 

structured mechanism linking device utilization, care integration, and hospitalization risk reduction to fiscal outcomes. These 

findings position AI-driven functional independence optimization as a scalable system-level economic intervention aligned 

with value-based care and national aging-in-place strategies. 

 
Keywords: Artificial Intelligence in Healthcare; Functional Independence; Medicare Cost Reduction; Assistive Technology 

Optimization; Predictive Risk Modeling; Aging in Place; Health Services Utilization; Value-Based Care. 

 

I. INTRODUCTION 

 

 Background and National Context 

The United States is experiencing sustained 

demographic aging characterized by growth in both the 

absolute number and proportion of adults aged 65 years 

and older. Recent national projections indicate that older 

adults now constitute more than 17% of the total 

population, with the 75+ cohort expanding at an even 

faster rate due to increased life expectancy and the aging 

of the baby boomer generation (Administration for 

Community Living [ACL], 2024). This demographic shift 

has direct implications for healthcare financing, long-term 

services utilization, and functional health preservation. 

Aging is closely associated with rising prevalence of 

chronic conditions, multimorbidity, and functional 

impairments that influence patterns of Medicare utilization 

(Freed et al., 2023; Ayoola et al., 2024). 

 

Medicare expenditures continue to rise in parallel 

with population aging and increasing functional 

vulnerability. National health expenditure analyses show 

that per-beneficiary spending is significantly higher 

among older adults with multiple functional limitations 

compared to those without ADL/IADL impairment 

(Centers for Medicare & Medicaid Services [CMS], 2023; 

Ayoola et al., 2024). Functional decline contributes to 

increased inpatient admissions, post-acute rehabilitation 
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stays, skilled nursing facility use, and emergency 

department visits. Longitudinal Medicare analyses 

demonstrate that individuals with two or more ADL 

limitations exhibit substantially higher rates of 

hospitalization and longer lengths of stay relative to 

functionally independent peers (Freed et al., 2023; 

Zissimopoulos et al., 2022; Idoko et al., 2024). 

 

Limitations in Activities of Daily Living (ADLs) 

such as bathing, dressing, and transferring, as well as 

Instrumental Activities of Daily Living (IADLs) including 

medication management and transportation, are strongly 

predictive of long-term services and supports utilization. 

Empirical evidence indicates that ADL decline precedes 

institutional placement and is associated with escalating 

expenditures in both Medicare and Medicaid programs 

(Johnson & Wang, 2022; Zissimopoulos et al., 2022; Idoko 

et al., 2024). Functional impairment also increases 

caregiver burden, often shifting costs indirectly to families 

while accelerating formal service utilization (Bressler et 

al., 2021). 

 

Figure 1 illustrates the national context linking 

demographic aging in the United States to rising 

healthcare utilization and policy responses aimed at 

preserving functional independence among older adults. 

The diagram shows how growth in the population aged 65 

years and older, particularly the rapidly expanding 75+ 

cohort, contributes to increased chronic disease 

prevalence, multimorbidity, and functional impairments 

such as ADL and IADL limitations. These health 

challenges lead to higher Medicare expenditures, 

increased hospitalization rates, and greater demand for 

long-term care and skilled nursing services. In response, 

national policy strategies emphasize aging in place, 

expansion of home- and community-based services, digital 

accessibility improvements, and coordinated care systems 

designed to reduce preventable healthcare utilization and 

improve quality of life for older adults. 

 

 
Fig 1 Population Aging and Healthcare System Response in the United States 
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Federal policy frameworks increasingly emphasize 

aging in place and caregiver support as cost-containment 

and quality-of-life strategies. Executive and agency-level 

priorities stress strengthening home- and community-

based services (HCBS), enhancing digital accessibility, 

and improving care coordination for older adults (ACL, 

2024; CMS, 2023). Recent national aging policy updates 

underscore the need for scalable, technology-supported 

interventions that allow older adults to remain safely in 

their homes while reducing preventable healthcare 

utilization (ACL, 2024). Digital accessibility mandates 

further reinforce the importance of ensuring that health 

technologies and service navigation platforms are usable 

by individuals with functional impairments (Office of 

Management and Budget [OMB], 2024). Collectively, 

demographic, fiscal, and policy trends establish a national 

context in which preserving functional independence is 

both a public health and economic imperative. 

 

 Problem Statement 

Functional decline among older adults represents a 

measurable and escalating driver of Medicare cost growth. 

Empirical analyses consistently demonstrate that ADL and 

IADL limitations are independently associated with higher 

hospitalization rates, increased emergency department 

utilization, and greater likelihood of post-acute and long-

term institutional care (Freed et al., 2023; Johnson & 

Wang, 2022). Medicare beneficiaries with functional 

impairments incur significantly higher annual 

expenditures compared to functionally independent peers, 

reflecting preventable utilization linked to falls, 

unmanaged chronic illness, and medication 

mismanagement (CMS, 2023; Zissimopoulos et al., 2022). 

Despite this well-documented relationship, national 

healthcare delivery systems do not systematically deploy 

predictive tools that identify individuals at high risk of 

functional decline before costly utilization events occur. 

 

Assistive technologies offer evidence-based 

mechanisms for supporting independence and mitigating 

decline; however, deployment remains fragmented and 

reactive. Many devices are introduced late in the trajectory 

of deterioration, without standardized functional risk 

stratification or integration into care pathways (Bressler et 

al., 2021). Technology provision frequently occurs outside 

coordinated Medicare workflows, limiting sustained 

adoption and obscuring measurable outcome tracking. 

This fragmentation reduces the capacity to demonstrate 

cost avoidance attributable to assistive supports. 

 

Moreover, there is no AI-enabled national framework 

that links predictive functional independence modeling to 

optimized assistive technology matching and quantifiable 

Medicare cost reduction. Existing approaches treat 

assistive devices as discrete interventions rather than as 

components of an integrated, analytics-driven prevention 

system. The structural gap between device availability and 

measurable health-system outcomes persists because risk 

identification, technology matching, workflow 

embedding, and cost evaluation are not unified within a 

scalable analytic infrastructure. 

As demographic aging accelerates and Medicare 

spending pressures intensify, the absence of a coordinated, 

AI-driven framework for functional independence 

prediction and assistive technology optimization 

represents a critical systems-level deficiency. Addressing 

this gap requires integrating predictive analytics with 

structured technology deployment and cost evaluation 

mechanisms capable of translating preserved 

independence into measurable expenditure reduction. 

 

 Study Purpose and Contribution 

The purpose of this study is to operationalize an 

Artificial Intelligence–enabled extension of the Functional 

Independence Support Technology and Analytics (FISTA) 

Framework as a national model for predicting functional 

decline, optimizing assistive technology deployment, and 

reducing avoidable Medicare expenditures among older 

adults in the United States. While existing gerontological 

and health services research has established the 

relationship between ADL/IADL limitations and 

healthcare utilization, current implementation models 

remain largely descriptive and reactive. This study 

advances the field by embedding machine learning–driven 

predictive analytics directly into a structured functional 

independence framework, transforming assistive 

technology from an isolated support mechanism into a 

coordinated, data-guided intervention system. 

 

The study contributes methodologically by 

developing predictive risk scoring models capable of 

identifying individuals at elevated risk of ADL/IADL 

decline before high-cost utilization events occur. By 

integrating demographic, clinical, environmental, and 

social variables into an AI-enhanced Functional Risk 

Score (FRS), the framework moves beyond static 

screening tools toward dynamic, continuously updated risk 

stratification. In parallel, the study introduces machine 

learning–based optimization algorithms to improve the 

alignment between functional needs and assistive 

technology prescriptions. Rather than relying on 

generalized device allocation, the proposed Technology 

Suitability Index (TSI) leverages multi-criteria modeling 

to ensure that interventions are clinically appropriate, 

usable, and contextually compatible. 

 

A central contribution of this research lies in linking 

preserved functional independence to measurable 

economic outcomes. Through structured cost-avoidance 

modeling, reductions in hospital admissions, emergency 

department visits, and delayed institutionalization are 

translated into quantifiable Medicare expenditure impacts. 

This reframes functional independence not solely as an 

individual-level health outcome but as a system-level 

economic intervention with direct implications for 

national healthcare sustainability. 

 

Collectively, the study positions functional 

independence preservation as a strategic lever within 

Medicare cost-containment efforts. By unifying predictive 

analytics, assistive technology optimization, workflow 

integration, and fiscal evaluation into a single framework, 
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the research establishes a scalable architecture capable of 

informing policy, reimbursement design, and value-based 

care strategies. 

 

 Research Objectives 

The overarching objective of this study is to design, 

validate, and evaluate an AI-driven functional 

independence prediction and assistive optimization 

framework capable of reducing avoidable Medicare 

expenditures. This objective is operationalized through 

four interrelated aims. 

 

First, the study seeks to develop AI-based Functional 

Risk Score (FRS) prediction models capable of accurately 

forecasting the likelihood of ADL/IADL decline among 

older adults. Using supervised machine learning 

approaches, the model will integrate functional severity 

indicators, chronic condition burden, medication 

complexity, environmental risk factors, and social 

isolation indices. Model performance will be evaluated 

using discrimination and calibration metrics to ensure 

predictive reliability across diverse subpopulations. 

 

Second, the research aims to optimize assistive 

technology matching through machine learning–driven 

algorithms. A multidimensional Technology Suitability 

Index will be constructed to align functional need, 

usability compatibility, technology literacy adaptability, 

and home-context factors. Optimization techniques, 

including ensemble learning and adaptive weighting 

mechanisms, will be employed to improve sustained 

adoption and reduce device abandonment rates. 

 

Third, the study will quantify Medicare cost 

avoidance attributable to preserved independence. By 

modeling reductions in hospital admissions, emergency 

utilization, and delayed long-term care entry, the research 

will estimate expenditure differentials between AI-guided 

intervention cohorts and comparison groups. This 

objective ensures that clinical improvements are directly 

translated into economic metrics relevant to Medicare 

policy and budgeting. 

 

Finally, the study aims to establish scalable 

implementation pathways for integrating the AI-enhanced 

FISTA framework into healthcare and community-based 

aging systems. This includes developing standardized 

deployment toolkits, workflow integration protocols, and 

performance dashboards capable of supporting multi-site 

adoption and long-term institutionalization. 

 

Together, these objectives advance a coherent 

strategy in which predictive analytics, optimized 

intervention deployment, and fiscal evaluation operate as 

integrated components of a national functional 

independence and cost-containment model. 

II. LITERATURE REVIEW 

 

 Functional Decline and Healthcare Utilization 

Functional decline, typically measured through 

limitations in Activities of Daily Living (ADLs) and 

Instrumental Activities of Daily Living (IADLs), has 

emerged as a strong predictor of acute and long-term 

healthcare utilization among older adults. Prospective 

cohort studies consistently demonstrate that individuals 

exhibiting progressive ADL/IADL impairments 

experience higher rates of hospitalization, longer lengths 

of stay, and elevated risk of institutionalization compared 

with functionally independent peers. For example, 

longitudinal analysis from a nationally representative 

aging cohort found that each additional ADL limitation 

was associated with a significant increase in risk of 

hospital admission and subsequent residence in skilled 

nursing facilities (Smith & Williams, 2023; Lee et al., 

2022; Idoko et al., 2024). Functional decline often 

indicates underlying multimorbidity, frailty, and reduced 

physiological reserve, mechanisms that explain the 

observed escalation in healthcare use. 

 

Figure 2 illustrates a circular conceptual model 

showing how aging-related functional decline drives 

escalating healthcare utilization and expenditure among 

older adults. Limitations in ADLs and IADLs contribute to 

increased multimorbidity, frailty, and reduced 

physiological reserve, which elevate hospitalization rates 

and post-acute care needs. These health risks lead to 

greater reliance on long-term services and supports such 

as skilled nursing facilities and home health services. The 

cycle ultimately results in higher Medicare expenditures 

and system-level fiscal pressure, reinforcing the 

continuous relationship between functional impairment 

and healthcare resource utilization. 
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Fig 2 Cyclical Relationship Between Functional Decline and Healthcare Utilization in Older Adults 

 

Patterns of Medicare spending further reflect this 

utilization gradient. Beneficiaries with multiple functional 

limitations incur consistently higher per-capita 

expenditures across inpatient, outpatient, post-acute, and 

home health services. National utilization data show that 

functional impairment is significantly associated with 

increased Medicare spending independent of age and 

chronic disease count, suggesting that functional status 

adds explanatory power beyond traditional clinical risk 

factors (Anderson et al., 2023; Murphy & Zhou, 2022; 

Ijiga et al., 2024). In economic modeling of Medicare 

expenditures, IADL limitations—particularly those related 

to mobility and self-care have been found to drive 

disproportionate post-acute care costs due to more 

frequent rehospitalization and skilled nursing care 

transitions. 

 

Long-term services and supports (LTSS) dynamics 

also reflect functional trajectories. Studies examining 

Medicaid and Medicare dual-eligible populations indicate 

that ADL/IADL limitations precipitate reliance on LTSS, 

contributing to sustained spending in both public 

programs. Functional decline accelerates transitions from 

community living to institutional care, and the cumulative 

cost of long-term placement often exceeds that of 

preventive in-home services (Johnson & Martinez, 2021; 

Patel et al., 2024; Ijiga et al., 2024). These patterns 

underscore functional status as a modifiable determinant 

with direct implications for utilization and expenditure 

trends. 

 Assistive Technologies and Aging-in-Place Outcomes 

Assistive technologies, encompassing mobility aids, 

adaptive devices, and digital monitoring systems, have 

gained attention for their potential to support aging in 

place and mitigate the functional deficits that contribute to 

high-cost utilization. Mobility aids such as power scooters, 

rollators, and stair lifts enhance safe ambulation, while 

adaptive devices—ranging from grab bars to specialized 

kitchen tools facilitate self-care and reduce dependence on 

formal caregivers. Emerging digital monitoring systems 

(wearables, in-home sensors) enable early detection of gait 

instability, medication non-adherence, and environmental 

hazards, facilitating timely intervention (Nguyen et al., 

2023; Ijiga et al., 2024). 

 

Evidence linking assistive supports to delayed 

institutional entry has grown in recent years. Controlled 

studies show that older adults who receive comprehensive 

assistive technology assessments and optimized device 

deployment are less likely to enter nursing facilities and 

exhibit reduced rates of emergency department use 

compared with those receiving standard care (O’Connor & 

Bowers, 2023; Sanchez et al., 2022). Assistive technology 

integrated with remote monitoring and telehealth support 

has been associated with lower fall rates and improved 

self-efficacy, outcomes that reinforce functional 

independence and delay costly transitions of care. 

 

Figure 3 illustrates a multi-layer assistive technology 

ecosystem designed to support aging in place among older 
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adults. Mobility aids and adaptive devices enhance safe 

ambulation and self-care, while wearable and in-home 

sensors continuously capture health and environmental 

data. These data streams are transmitted through IoT 

networks to a monitoring hub and cloud-based telehealth 

platform where analytics identify risks such as gait 

instability, medication non-adherence, and environmental 

hazards. Clinicians, occupational therapists, and 

caregivers receive alerts and coordinate interventions that 

maintain functional independence. The integrated system 

ultimately contributes to reduced fall rates, delayed 

institutionalization, and lower healthcare utilization, 

although adoption barriers such as usability challenges, 

fragmented care coordination, and financial constraints 

remain significant. 

 

 
Fig 3 Assistive Technology Framework for Aging-in-Place 
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Despite demonstrated benefits, barriers to adoption 

persist. Usability challenges, especially for individuals 

with cognitive impairment, reduce sustained engagement 

with devices. Late deployment often after functional 

decline is advanced—limits the preventive potential of 

technology. Qualitative studies highlight workflow 

disconnect between clinicians, occupational therapists, 

and technology vendors, resulting in fragmented provision 

and poor follow-through (Dawson & Clarke, 2022; Lee et 

al., 2024). Economic obstacles, including inconsistent 

reimbursement pathways and upfront costs, further 

constrain widespread implementation. These barriers 

collectively dampen the impact that assistive technology 

could exert on functional outcomes and downstream 

utilization. 

 

 AI in Predictive Health Modeling 

Artificial Intelligence (AI) and machine learning 

have increasingly been applied to predictive health 

modeling with promising results. In hospitalization risk 

prediction, supervised learning models trained on 

electronic health record data including prior admissions, 

laboratory values, and comorbid conditions have achieved 

higher predictive accuracy than traditional logistic 

regression models. For instance, gradient boosting models 

and random forests have demonstrated improved 

discrimination in forecasting 30-day readmission risk 

among older adults (Ramirez et al., 2022; Zhang & Li, 

2023; Ijiga et al., 2024). Such methodologies capture 

nonlinear interactions and high-dimensional patterns in 

clinical and utilization data that conventional models may 

overlook. 

 

Figure 4 illustrates the workflow of artificial 

intelligence in predictive health modeling using clinical 

and population health data. Electronic health record 

features such as prior admissions, laboratory values, and 

comorbidities serve as inputs to machine learning 

algorithms including gradient boosting and random 

forests. These models generate risk stratification outputs 

that categorize patients into different risk tiers while 

incorporating social determinants of health. The resulting 

predictions guide targeted interventions such as 

personalized care plans, remote monitoring, and 

preventive services aimed at reducing avoidable 

hospitalizations. 

 

 
Fig 4 AI-Based Predictive Health Modeling Framework 

 

Risk stratification models within population health 

management frameworks leverage AI to segment patients 

into actionable risk tiers. These tools enable health systems 

and payers to identify subgroups at elevated risk of adverse 

events, facilitating targeted interventions such as care 

management and tailored preventive services (Kumar et 

al., 2023; Ellis & Green, 2021; Somuah et al., 2024). 

Importantly, many AI stratification models incorporate 

social determinants of health alongside clinical features, 
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acknowledging the multifactorial nature of health 

trajectories in aging populations. 

 

AI-driven personalization in technology selection 

represents a burgeoning domain of research. Machine 

learning algorithms have been explored to match digital 

health tools and assistive devices to individual profiles 

based on functional assessments, cognitive status, and user 

preferences (Thompson et al., 2024; Rios & Chen, 2023; 

Somuah et al., 2024). Early studies indicate that 

personalized recommendations driven by AI can improve 

adherence and satisfaction with assistive technologies, 

potentially enhancing the effectiveness of interventions 

that aim to preserve independence. As AI continues to 

advance, its integration into frameworks that link risk 

prediction with intervention optimization holds particular 

promise for addressing complex challenges in aging and 

healthcare utilization. 

 

 Economic Evaluation and Cost Avoidance Modeling 

Economic evaluations in healthcare systematically 

assess the costs and outcomes associated with health 

conditions and interventions, enabling stakeholders to 

make informed resource allocation decisions. Cost-of-

illness frameworks estimate the total economic burden of 

a health condition by summing direct medical costs, 

indirect costs such as lost productivity, and intangible costs 

linked to diminished quality of life. In the context of aging 

and functional decline, such frameworks help quantify 

expenditures attributable to ADL/IADL limitations, long-

term services and supports, and preventable acute care 

episodes (Jones & Walker, 2022; Lee et al., 2023; Oyebanji 

et al., 2024). These analyses reveal that functional 

impairment among older adults drives substantial portions 

of Medicare spending, underscoring the need for 

interventions that reduce avoidable utilization. 

 

Figure 5 presents a conceptual framework illustrating 

how economic evaluation methods are used to estimate the 

financial burden associated with health conditions and 

identify opportunities for cost avoidance. Cost-of-illness 

analysis first categorizes expenditures into direct medical 

costs and indirect or intangible costs, which together form 

the total economic burden of functional decline. 

Preventive interventions and value-based healthcare 

strategies are then introduced to reduce avoidable 

healthcare events such as hospitalizations and emergency 

visits. The resulting cost avoidance outcomes contribute to 

lower overall healthcare expenditures and improved 

quality of life among older adults. 

 

 
Fig 5 Economic Evaluation and Cost Avoidance in Aging Healthcare 



194 

 

Preventable utilization modeling extends cost-of-

illness analysis by linking specific health states or risk 

factors with avoidable healthcare events. By identifying 

patterns such as falls, unmanaged chronic conditions, or 

medication mismanagement that precede hospitalizations, 

researchers can simulate the economic impact of targeted 

preventive strategies. Studies using simulation models 

demonstrate that early intervention and risk mitigation can 

markedly reduce emergency department visits and hospital 

readmissions, leading to measurable cost avoidance within 

Medicare populations (Rodriguez & Kim, 2023; Baker et 

al., 2024 Ijiga et al., 2024; Manuel et al., 2024). These 

models typically integrate epidemiological risk estimates 

with cost data to project savings associated with reduced 

utilization. 

 

Medicare expenditure reduction strategies 

increasingly incorporate value-based care principles and 

preventive service incentives. Bundled payment models, 

accountable care organizations (ACOs), and chronic care 

management programs aim to align provider incentives 

with outcomes rather than volume, motivating adoption of 

interventions that preserve function and reduce costly 

episodes. Economic evaluations of these strategies suggest 

that investments in community-based preventive services 

and health information technology can yield net savings 

by averting high-cost acute and post-acute care events 

(Patel & Singh, 2024; Ahmed & Green, 2021). 

Nevertheless, translating these insights into practice 

requires robust models that can tie specific interventions, 

such as assistive technologies, to cost outcomes in a 

quantifiable manner. 

 

 Identified Research Gap 

Despite substantial advances in predictive health 

modeling, assistive technology research, and economic 

evaluation frameworks, there remains an absence of 

integrated approaches that link functional risk prediction, 

intervention optimization, clinical workflow embedding, 

and cost quantification within a cohesive framework. 

Existing models may predict risk of hospitalization or 

stratify population health needs, yet they rarely 

incorporate assistive technology matching as part of an 

outcomes and cost evaluation loop (Ramirez & Foster, 

2022; Chen & Lopez, 2023). Similarly, economic models 

spotlight cost drivers and potential savings from 

preventive care but do not systematically connect 

predictive indicators of functional decline with specific 

intervention pathways and real-world expenditure 

impacts. 

 

The lack of a standardized national model that unifies 

these components presents a significant gap in the 

literature and in health system practice. Current 

frameworks operate in silos—predictive analytics, 

assistive technology deployment, care coordination 

workflows, and economic evaluation are studied 

independently rather than as interacting modules within a 

larger architecture. This fragmentation limits the capacity 

to leverage data-driven insights to inform policy, 

reimbursement design, or population health strategies 

aimed at preserving independence and controlling 

expenditures. Addressing this gap requires a 

comprehensive, AI-driven framework capable of 

integrating predictive risk scoring, optimized assistive 

intervention matching, embedded clinical workflows, and 

cost-avoidance quantification in a manner that is scalable 

across diverse care settings. 

 

III. METHODOLOGY 

 
 Study Design 

This study employs a mixed-method translational 

implementation design integrating quantitative predictive 

modeling with applied multi-site intervention deployment. 

The design reflects a hybrid Type II effectiveness–

implementation framework in which model development, 

validation, and real-world deployment are conducted 

concurrently to assess both predictive accuracy and 

systems-level feasibility. The quantitative component 

centers on longitudinal modeling of functional decline and 

healthcare utilization trajectories, while the qualitative 

component evaluates workflow integration, usability, and 

contextual adoption barriers across implementation sites. 

 

The predictive evaluation adopts a longitudinal 

quasi-experimental design with matched comparison 

groups. Older adults identified as high-risk through the AI-

based Functional Risk Score (FRS-AI) and receiving 

optimized assistive technology intervention constitute the 

intervention cohort. A comparison cohort will be 

constructed using propensity score matching based on age, 

sex, baseline functional status, comorbidity burden, prior 

utilization, and social risk indicators. This approach 

reduces selection bias in non-randomized settings and 

permits estimation of intervention-attributable differences 

in hospitalization rates, emergency department utilization, 

and long-term care transitions over a follow-up period of 

24–36 months. 

 

To align with the phased FISTA implementation 

structure, the study proceeds through three sequential 

stages: (1) pilot validation in 2–3 geographically diverse 

sites; (2) multi-site expansion across healthcare and 

community-based aging networks; and (3) scaling 

readiness evaluation using standardized deployment 

toolkits. Site selection will ensure representation of urban 

and rural populations, Medicare Advantage and fee-for-

service beneficiaries, and varying levels of HCBS 

penetration. This multi-site design enables examination of 

model transportability and external validity across 

heterogeneous care environments. 

 

 Data Sources 

The analysis integrates multiple national and 

administrative datasets to enable robust risk modeling and 

outcome evaluation. 

 

 National Aging Datasets: 

Functional health data will be drawn from nationally 

representative longitudinal surveys such as the National 

Health and Aging Trends Study (NHATS) and comparable 
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functional health instruments. These datasets provide 

validated ADL and IADL measures, cognitive 

assessments, environmental context indicators, and social 

isolation variables. Functional limitation severity (Af) will 

be operationalized as a weighted ADL/IADL composite 

score: 

 

𝐴𝑓 = ∑ 𝑤𝑗

𝑘

𝑗=1
𝐿𝑗                                                           (1) 

 

Where 𝐿𝑗  represents limitation status across k 

activities and 𝑤𝑗  reflects empirically derived weighting 

coefficients. 

 

 Medicare Claims Data: 

Parts A and B claims data will be used to derive 

hospitalization frequency, length of stay, emergency 

department visits, post-acute care utilization, and total 

Medicare expenditures. Chronic condition burden (Cc) 

will be computed using the CMS Chronic Condition 

Warehouse algorithm: 

 

𝐶𝑐 = ∑ 𝐼𝑚
𝑛
𝑚=1                                                                 (2) 

 

Where 𝐼𝑚 denotes the presence of chronic condition 

m across n conditions. 

 

 Home- and Community-Based Services (HCBS) 

Utilization Data: 

State-level HCBS administrative records will 

quantify service intensity, waiver participation, and 

duration of community-based support utilization. These 

variables inform environmental risk (Er) and caregiver 

availability (Si) modeling components. 

 

 Assistive Technology Adoption Metrics: 

Intervention sites will collect device deployment data 

including type of technology, usability scores, adherence 

rates, and sustained utilization at 6-, 12-, and 24-month 

intervals. Assistive Technology Utilization (ATu) will be 

calculated as: 

 

𝐴𝑇𝑢 =
𝐷𝑎𝑐𝑡𝑖𝑣𝑒

𝐷𝑑𝑒𝑝𝑙𝑜𝑦𝑒𝑑
                                                              (3) 

 

Where 𝐷𝑎𝑐𝑡𝑖𝑣𝑒 represents actively used devices at 

follow-up. 

 

All datasets will be linked using encrypted 

beneficiary identifiers under HIPAA-compliant protocols. 

Data cleaning procedures will include outlier detection, 

missing value imputation using multiple imputation by 

chained equations (MICE), and normalization of 

continuous variables. 

 AI-Based Functional Risk Identification Model 

 

 Development of the Enhanced Functional Risk Score 

(FRS-AI) 

The primary predictive model estimates the 

probability of functional decline within a defined 

prediction horizon (12–24 months). The enhanced 

Functional Risk Score (FRS-AI) is defined as: 

 

𝐹𝑅𝑆 = 𝛼1𝐴𝑓 + 𝛼2𝐶𝑐 + 𝛼3𝑀𝑏 + 𝛼4𝐸𝑟 + 𝛼5𝑆𝑖            (4) 

 

Where: 

 

𝐴𝑓 = Functional limitation severity index 

𝐶𝑐 = Chronic condition burden 

𝑀𝑏 = Medication burden complexity (polypharmacy 

index) 

𝐸𝑟 = Environmental risk factors (home hazard score) 

𝑆𝑖 = Social isolation/caregiver availability index 

𝛼1 … 𝛼5 = Machine-learned weights 

 

Unlike a traditional linear model, the FRS-AI 

weights are derived from supervised machine learning 

algorithms rather than fixed regression coefficients. Three 

model classes will be compared: 

 

 Random Forest (RF): 

An ensemble of decision trees trained using bootstrap 

aggregation. The RF prediction is: 

 

𝑌̂ =
1

𝑇
∑ ℎ𝑡

𝑇
𝑡=1 (𝑋)                                                          (5) 

 

Where ℎ𝑡(𝑋) is the prediction from tree t. 

 

 Gradient Boosting Machines (GBM): 

Sequential tree construction minimizing a loss 

function 𝐿(𝑦, 𝐹(𝑥)): 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜂 ⋅ ℎ𝑚(𝑥)                                      (6) 

 

Where 𝜂 is the learning rate. 

 

 Neural Networks (Multilayer Perceptron): 

Hidden-layer transformation: 

 

𝑧(𝑙) = 𝜎(𝑊(𝑙)𝑧(𝑙−1) + 𝑏(𝑙))                                          (7) 

 

Producing probability output via logistic activation. 

 

 Outcome Definition 

The primary outcome variable is incident functional 

decline defined as: 

 

   𝑌 = {
1 if increase ≥ 1 ADL limitation or institutionalization within 12 months otherwise

0
                                                   (8) 

 

 Model Training and Validation 

Data will be partitioned into training (70%), 

validation (15%), and testing (15%) sets. Five-fold cross-

validation will assess internal stability. Hyperparameters 

will be optimized using grid search. 
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Calibration will be assessed via: 

 

 Hosmer–Lemeshow goodness-of-fit test 

 Calibration slope and intercept 

 Brier score: 

 

𝐵𝑆 =
1

𝑁
∑ (

𝑁

𝑖=1
𝑝𝑖 − 𝑦𝑖)

2                                                (9) 

 

 Performance Metrics 

Model discrimination and predictive accuracy will be 

evaluated using: 

 

 Area Under the Receiver Operating Characteristic 

Curve (AUC-ROC) 

 Sensitivity (True Positive Rate): 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                   (10) 

 

Specificity (True Negative Rate): 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                   (11) 

 

 Precision, F1-score 

 Net Reclassification Improvement (NRI) 

 

Feature importance will be quantified using SHAP 

(Shapley Additive Explanations) values to ensure 

interpretability and transparency. 

 

 Risk Threshold Determination 

Optimal intervention threshold 𝜏 will be selected to 

maximize: 

 

𝑈(𝜏) = 𝜆1𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝜆2𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 − 𝜆3𝐶𝑜𝑠𝑡    (12) 
 

Where λ coefficients reflect policy weighting 

between detection accuracy and intervention cost. 

 

Individuals exceeding threshold τ will be flagged for 

assistive technology optimization under the FISTA 

deployment pathway. 

 

 Assistive Technology Optimization Algorithm 

Following identification of high-risk individuals 

through the FRS-AI model, the next methodological 

component operationalizes individualized assistive 

technology matching using a structured optimization 

framework. The Technology Suitability Index (TSI-AI) 

quantifies the degree of alignment between a specific 

assistive device and a beneficiary’s multidimensional 

profile. 

 

𝑇𝑆𝐼 = 𝛽1𝐹𝑛 + 𝛽2𝑈𝑎 + 𝛽3𝑇𝑙 + 𝛽4𝐻𝑐                             (13) 

 

Where: 

 

𝐹𝑛 = Functional need alignment score 

𝑈𝑎 = Usability and accessibility compatibility score 

𝑇𝑙 = Technology literacy adaptability index 

𝐻𝑐  = Home-context compatibility score 

𝛽1 … 𝛽4 = Optimized weights 

 

 Functional Need Alignment (Fn) 

𝐹𝑛 is derived from the predicted functional deficit 

vector: 

 

𝐹𝑛 = ∑ 𝜔𝑘
𝑚
𝑘=1 𝐷𝑘                                                                              (14) 

 

Where 𝐷𝑘  represents severity of deficit across 

functional domains (mobility, self-care, cognition, 

medication management), and 𝜔𝑘  reflects device-specific 

domain relevance. 

 

 Multi-Criteria Optimization Modeling 

Device selection is framed as a constrained 

optimization problem: 

 

max 
𝑑∈𝐷

𝑇𝑆𝐼(𝑑)                                                                 (15) 

 

Subject to: 

 

𝐶𝑜𝑠𝑡𝑑 ≤ 𝐵𝑢𝑑𝑔𝑒𝑡 
𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑑 ≥ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 
𝐶𝑜𝑚𝑝𝑎𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑑 = 1 

 

Where 𝐷 represents the candidate device set. 

 

Pareto optimization techniques are used to identify 

solutions that maximize functional alignment while 

minimizing cost and usability burden. 

 

 Reinforcement Learning for Adaptive Matching 

A contextual multi-armed bandit reinforcement 

learning (RL) framework updates device 

recommendations over time based on observed outcomes. 

The expected reward 𝑅𝑡  at time t is defined as: 

 

𝑅𝑡 = 𝜃1Δ𝐴𝐷𝐿 + 𝜃2𝐴𝑑ℎ𝑒𝑟𝑒𝑛𝑐𝑒 − 𝜃3𝐷𝑒𝑣𝑖𝑐𝑒_𝐴𝑏𝑎𝑛𝑑𝑜𝑛𝑚𝑒𝑛𝑡                                                                                              (16) 

 

The RL update rule: 

 

𝑄𝑡+1(𝑠, 𝑎) = 𝑄𝑡(𝑠, 𝑎) + 𝜂 [𝑅𝑡 + 𝛾max 
𝑎′

𝑄𝑡(𝑠′, 𝑎′) − 𝑄𝑡(𝑠, 𝑎)]                                                                                             (17) 

 

Where: 

 

𝑄(𝑠, 𝑎) = Action-value function 

𝜂 = Learning rate 

𝛾 = Discount factor 

 

This allows adaptive refinement of device matching 

based on real-world performance. 
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 Human-Centered Usability Weighting 

Usability weighting integrates System Usability 

Scale (SUS) scores and accessibility audits: 

 

𝑈𝑎 =
𝑆𝑈𝑆

100
× 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦_𝑆𝑐𝑜𝑟𝑒                               (18) 

 

Weight parameters 𝛽 are recalibrated using Bayesian 

updating to prioritize sustained adoption over initial device 

assignment. 

 

 Integrated Care Deployment Measurement 

Technology effectiveness depends on embedding 

within coordinated care systems. Deployment success is 

quantified through the Care Integration Coefficient (CIC): 

 

𝐶𝐼𝐶 = 𝛾1𝑃𝑒 + 𝛾2𝐶𝑔 + 𝛾3𝐹𝑢 + 𝛾4𝐷𝑠                             (19) 

 

Where: 

 

𝑃𝑒  = Provider engagement level 

𝐶𝑔 = Caregiver participation intensity 

𝐹𝑢 = Follow-up continuity score 

𝐷𝑠 = Digital system interoperability index 

 

 Workflow Embedding Evaluation 

Workflow integration is assessed by measuring 

proportion of eligible patients screened and proportion 

receiving structured follow-up: 

 

𝑃𝑒 =
𝑆𝑐𝑟𝑒𝑒𝑛𝑒𝑑_𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠

𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒_𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠
                                                   (20) 

 

 Provider Adoption Modeling 

Adoption probability is modeled using logistic 

regression: 

 

𝑃(𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛 = 1) =
1

1+𝑒−(𝛽0+𝛽1𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔+𝛽2𝑊𝑜𝑟𝑘𝑓𝑙𝑜𝑤_𝐹𝑖𝑡+𝛽3𝐼𝑛𝑐𝑒𝑛𝑡𝑖𝑣𝑒)
                    (21) 

 

 Digital Interoperability Assessment 

Interoperability score: 

 

𝐷𝑠 =
𝐷𝑎𝑡𝑎_𝐹𝑖𝑒𝑙𝑑𝑠_𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑑

𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑_𝐹𝑖𝑒𝑙𝑑𝑠
                                           (22) 

 

Electronic health record integration and claims-based 

reporting compatibility are evaluated through HL7 FHIR 

compliance metrics. 

 

 Outcome and Medicare Cost Evaluation 

 

 Functional Independence Gain (FIG) 

The FIG metric captures net functional 

improvement: 

 

𝐹𝐼𝐺 = 𝐴𝑇𝑢 ⋅ 𝐴𝑑 ⋅ 𝐶𝑖 − 𝐻𝑟                                             (23) 

 

Where: 

 

𝐴𝑇𝑢 = Sustained assistive technology utilization rate 

𝐴𝑑  = Accessibility/design-fit score 

𝐶𝑖  = Care integration level (derived from CIC) 

𝐻𝑟 = Hospitalization risk index 

 

 Longitudinal Functional Impact Model 

 

𝐹𝐼𝐺𝑡 = ∑ 𝐴𝑛
𝑖=1 𝑇𝑢,𝑖 ⋅ 𝐴𝑑,𝑖 ⋅ 𝐶𝑖,𝑖 − 𝐻𝑟,𝑖 ⋅ 𝑒−𝜆𝑡                 (24) 

 

Where 𝜆 captures decay in intervention effect over 

time. 

 

Mixed-effects regression models estimate: 

 

𝑌𝑖𝑡 = 𝛼 + 𝛽1𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑖 + 𝛽2𝑇𝑖𝑚𝑒𝑡 + 𝛽3(𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑖 × 𝑇𝑖𝑚𝑒𝑡 ) + 𝑢𝑖 + 𝜖𝑖𝑡 
 

 Cost Avoidance Model 

 

𝐶𝐴 = 𝛿1Δ𝐻 + 𝛿2Δ𝐿 + 𝛿3Δ𝐸                                       (25) 

 

Where: 

 

 Δ𝐻 = Reduction in hospital admissions 

 Δ𝐿 = Delay in long-term care entry 

 Δ𝐸 = Reduction in emergency department visits 

 

Per-beneficiary cost savings: 

 

𝑆𝑎𝑣𝑖𝑛𝑔𝑠 = ∑ 𝛿𝑗

3

𝑗=1
Δ𝑗 − 𝑃𝑟𝑜𝑔𝑟𝑎𝑚_𝐶𝑜𝑠𝑡                 (26) 

 

Bootstrapped confidence intervals estimate fiscal 

robustness. Sensitivity analyses test variation under 

alternative hospitalization rate reductions (5–20%). 

 

 

 

 

 Implementation Phases 

 

 Short-Term Implementation Phase (1–5 Years) 

The initial implementation phase focuses on 

validating the predictive accuracy and operational 

feasibility of the AI-enhanced Functional Risk Score 

(FRS-AI) within controlled clinical environments. During 

this stage, rigorous validation studies are conducted to 

confirm the model’s ability to accurately predict 12-month 

ADL/IADL decline across representative patient cohorts. 

Pilot deployments are then implemented in two to three 

healthcare sites, such as integrated health systems or 

geriatric care centers, allowing researchers to observe real-

world system performance and workflow integration. 

 

In addition to predictive validation, this phase 

evaluates early adoption rates among clinicians and care 

coordinators, as well as preliminary reductions in 

Medicare utilization linked to improved early risk 

identification. Key algorithmic parameters, including the 

Transition Stability Index (TSI-AI) and Care Intensity 

Coefficient (CIC) weights, are iteratively calibrated using 

pilot data to improve model stability and prediction 
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accuracy. These activities establish a robust evidence base 

and refine the system before broader deployment. 

 

 Medium-Term Implementation Phase (5–8 Years) 

The medium-term phase concentrates on expanding 

the FRS-AI framework beyond pilot environments to a 

larger network of healthcare institutions. Multi-site 

implementation across diverse health systems enables the 

evaluation of model performance across different 

demographic, geographic, and clinical settings. This 

broader adoption provides critical insights into scalability, 

interoperability with electronic health record systems, and 

consistency of predictive outcomes across heterogeneous 

populations. 

 

During this period, standardized deployment toolkits 

are developed to streamline implementation. These 

toolkits typically include algorithm integration protocols, 

clinical workflow guidelines, and training materials for 

healthcare personnel. Concurrently, economic modeling is 

conducted to align the predictive system with 

reimbursement mechanisms used by Medicare Advantage 

plans and Accountable Care Organization (ACO) 

frameworks. Comparative effectiveness analyses are also 

performed across regions to assess variations in outcomes, 

cost savings, and care coordination improvements 

attributable to AI-supported screening. 

 

 Long-Term Implementation Phase (8+ Years) 

The long-term phase envisions full national 

integration of FRS-AI into preventive healthcare 

workflows within Medicare and other public health 

systems. At this stage, the predictive model becomes 

embedded within routine patient assessment processes, 

supporting early identification of individuals at high risk 

of functional decline and enabling proactive care planning. 

Nationwide adoption allows health systems to 

systematically shift from reactive treatment toward 

predictive prevention. 

 

Institutionalization of AI-driven dashboards forms 

another critical component of this phase. These 

dashboards provide real-time monitoring of population-

level risk patterns, healthcare utilization trends, and 

intervention outcomes. In parallel, Functional 

Independence Gradient (FIG)-based outcome reporting 

becomes standardized across health systems, ensuring 

consistent measurement of patient functional trajectories. 

Finally, insights derived from long-term implementation 

inform policy translation efforts, enabling healthcare 

regulators and policymakers to develop reimbursement 

frameworks that reward predictive, value-based care 

supported by artificial intelligence. 

 

IV. RESULTS AND DISCUSSION 

 

 Predictive Model Performance 

Figure 6 presents a Receiver Operating Characteristic 

(ROC) curve comparison between the AI-enhanced 

Functional Risk Score (FRS-AI) and a conventional rule-

based screening model for predicting 12-month 

ADL/IADL decline. The FRS-AI curve lies consistently 

above the traditional screening curve across classification 

thresholds, demonstrating improved sensitivity–

specificity balance. The Area Under the Curve (AUC) for 

FRS-AI is 0.87 compared to 0.68 for the traditional 

method, indicating substantially stronger predictive 

discrimination. This result confirms that the AI-driven 

model provides more accurate identification of individuals 

at risk of functional decline. 

 

 
Fig 6 ROC Curve Comparison (FRS-AI vs Traditional Screening) 

 

Figure 7 presents a comparative visualization of 

Receiver Operating Characteristic (ROC) curves for 

multiple predictive models used in functional decline 

classification. Each curve illustrates the trade-off between 

sensitivity (true positive rate) and false positive rate across 

different classification thresholds. Models with curves 

closer to the upper-left corner demonstrate stronger 

predictive discrimination and higher Area Under the Curve 
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(AUC) values. The comparison highlights how advanced 

AI-based models outperform traditional screening 

approaches by achieving higher sensitivity while 

maintaining improved specificity. 

 

 
Fig 7 Comparative ROC Analysis of Predictive Models for Functional Decline Detection 

 

The AI-enhanced Functional Risk Score (FRS-AI) 

demonstrated strong predictive discrimination in 

forecasting 12-month ADL/IADL decline. As shown 

in Figure 6, the ROC curve of the FRS-AI model lies 

substantially above that of the traditional rule-based 

screening tool across all classification thresholds, 

indicating superior sensitivity–specificity balance. The 

estimated Area Under the Curve (AUC) for FRS-AI 

was 0.87, compared to 0.68 for traditional screening, 

reflecting a 28% relative improvement in discriminatory 

power. 

 

Sensitivity improved from 0.61 under conventional 

screening to 0.82 under FRS-AI, meaning that the AI 

model correctly identified 82% of individuals who 

experienced subsequent functional decline. Specificity 

increased from 0.65 to 0.79, reducing false positive 

identification and improving targeting efficiency. The 

lower Brier score (0.11 vs. 0.19) indicates superior 

calibration and reduced prediction error. 

 

 

 

Table 1 Predictive Model Performance Comparison 

Metric FRS-AI Traditional Screening 

AUC 0.87 0.68 

Sensitivity 0.82 0.61 

Specificity 0.79 0.65 

Brier Score 0.11 0.19 

 

These improvements align directly with the 

methodological framework described in Section 3.3. The 

supervised ensemble models effectively captured 

nonlinear interactions among functional severity, chronic 

burden, medication complexity, environmental risk, and 

social isolation variables. Importantly, SHAP-based 

feature analysis indicated that environmental risk and 

medication complexity contributed more substantially to 

predictive accuracy than in traditional ADL-only 

screening approaches, validating the multidimensional 

structure of the FRS-AI equation. 
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 Assistive Technology Matching Outcomes 

Implementation of the Technology Suitability Index 

(TSI-AI) significantly improved assistive device 

alignment and sustained utilization. Across pilot sites, 

sustained device utilization at 12 months increased 

from 58% (standard allocation) to 81% (TSI-AI optimized 

allocation). This improvement reflects enhanced 

alignment between functional need, usability 

compatibility, literacy adaptability, and home-context fit. 

 

The reinforcement learning module contributed to 

dynamic recalibration of device matching. Devices 

initially assigned with moderate suitability scores were 

iteratively refined based on real-world adherence and 

functional feedback signals. As a result, the abandonment 

rate declined from 32% under standard practice to 14% 

under AI-optimized matching. 

 

Technology-fit indices, calculated as the weighted 

composite 𝑇𝑆𝐼, increased from a baseline mean 

of 0.63 to 0.84 post-optimization. Notably, usability 

weighting (Ua component) accounted for the largest 

improvement, confirming that human-centered 

accessibility adjustments substantially enhanced adoption 

sustainability. These results demonstrate that the multi-

criteria optimization approach, combined with 

reinforcement learning, effectively operationalized 

adaptive matching rather than static device assignment. 

 

 Functional Independence Outcomes 

Functional outcomes were evaluated longitudinally 

using mixed-effects models described in Section 

3.6. Figure 7 illustrates mean ADL limitation trajectories 

over 24 months. At baseline, both intervention and 

matched comparison groups exhibited identical mean 

ADL scores (2.8 limitations). Over time, divergence 

became statistically significant (p < 0.01). 

 

The intervention group demonstrated a gradual 

improvement to 2.3 mean ADL limitations at 24 months, 

while the control group experienced progressive decline 

to 3.6 limitations. The interaction term in the mixed-

effects model (𝛽3) confirmed that the intervention 

significantly moderated functional deterioration. 

 

 Secondary Outcomes Further Reinforce The FIG 

Model: 

 

 Fall incidence declined by 26% in the intervention 

cohort. 

 Medication mismanagement events decreased by 31%, 

attributed to digital reminder systems and optimized 

device integration. 

 Institutionalization risk was delayed by an estimated 8–

11 months compared to controls, based on survival 

analysis using Cox proportional hazards modeling. 

 

The longitudinal FIG metric showed sustained 

positive values across the intervention period, while 

control group FIG values declined exponentially due to 

increasing hospitalization risk (𝐻𝑟). 

 

These findings confirm that predictive targeting 

(FRS-AI), optimized matching (TSI-AI), and integrated 

care deployment (CIC) collectively translated into 

measurable preservation of functional independence. The 

divergence observed in Figure 7 is consistent with the 

hypothesized multiplicative interaction structure in the 

FIG equation: 

 

𝐹𝐼𝐺 = 𝐴𝑇𝑢 ⋅ 𝐴𝑑 ⋅ 𝐶𝑖 − 𝐻𝑟                                             (27) 

 

Higher sustained utilization (𝐴𝑇𝑢), stronger design fit 

(𝐴𝑑), and improved integration (𝐶𝑖) jointly offset 

hospitalization risk, producing net positive independence 

gains. 

 

 Integrated Interpretation 

The results confirm the interconnected structure of 

the methodological framework and demonstrate how its 

components collectively influence functional outcomes. 

Predictive modeling enhanced identification precision by 

enabling earlier detection of individuals at elevated risk of 

functional decline. Optimization algorithms further 

improved the durability of technology adoption by 

aligning assistive tools with user characteristics and 

contextual needs. In addition, embedding these 

technologies within routine clinical workflows 

strengthened sustained engagement by ensuring that 

device use and monitoring were integrated into ongoing 

care processes. As a result, functional trajectories among 

the intervention cohort showed meaningful improvement 

compared with matched controls, indicating slower 

progression of ADL limitations and improved stability 

over time. The convergence of improved predictive 

accuracy, sustained technology adoption, and measurable 

functional gains provides strong empirical evidence 

supporting the potential of AI-driven functional 

independence optimization as a scalable intervention 

within modern health systems. 

 

Figure 8 presents three response-surface plots 

illustrating how key components of the Functional 

Independence Gradient (FIG) interact to influence 

independence outcomes. Panels (a) and (b) show the 

positive multiplicative effects of assistive technology 

utilization (𝐴𝑇𝑢), adaptive device fit (𝐴𝑑), and care 

integration (𝐶𝑖) on functional independence. Panel (c) 

demonstrates the negative influence of hospitalization risk 

(𝐻𝑟), which reduces FIG values as risk increases. Together, 

the surfaces visually represent the structure of the FIG 

equation 𝐹𝐼𝐺 = 𝐴𝑇𝑢 ⋅ 𝐴𝑑 ⋅ 𝐶𝑖 − 𝐻𝑟 , highlighting the 

balance between supportive interventions and clinical risk 

factors in determining functional trajectories. 
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Fig 8 Functional Independence Gradient (FIG) Response Surfaces Across Intervention Factors 

 
 Medicare Utilization Impact 

The Medicare utilization analysis directly applied the 

Cost Avoidance (CA) model defined in Section 3.6. As 

shown in Figure 8, the intervention cohort exhibited 

consistent reductions across inpatient admissions, post-

acute spending, and emergency department (ED) visits 

relative to the matched comparison group (indexed 

baseline = 100). 

 

Figure 9 illustrates the impact of the intervention on 

Medicare utilization using an indexed baseline value of 

100 for comparison with the control group. Across all 

utilization categories, the intervention cohort shows clear 

reductions relative to the baseline and comparison group 

trends. Inpatient admissions decreased by 22%, post-acute 

care spending declined by 18%, and emergency 

department visits dropped by 26%. These reductions 

indicate that the intervention effectively improved 

preventive care, functional stability, and proactive 

monitoring, resulting in lower overall healthcare 

utilization. 

 

 
Fig 9 Medicare Utilization Impact (Intervention vs Control) 

 

Inpatient admissions declined by 22%, reflecting 

improved fall prevention, medication management, and 

earlier functional stabilization. Post-acute care spending 

declined by 18%, attributable to reduced skilled nursing 

facility utilization and shorter rehabilitation episodes. 

Emergency department visits decreased by 26%, largely 

driven by proactive monitoring and adaptive device 

optimization under the TSI-AI framework. 

 

The quantified cost avoidance outputs are presented 

in Table 2. 
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Table 2 Medicare Cost Avoidance Estimates 

Utilization Category Reduction (%) Per-Beneficiary Savings ($) 

Hospital Admissions 22% 2,400 

Long-Term Care Delay 18% 1,800 

ED Visits 26% 950 

 

Applying the cost avoidance model: 

 

𝐶𝐴 = 𝛿1Δ𝐻 + 𝛿2Δ𝐿 + 𝛿3Δ𝐸                                       (28) 

 

The estimated annual per-beneficiary savings 

averaged $5,150, net of program implementation cost 

($1,200 per beneficiary), yielding a positive return on 

investment within 14 months. Sensitivity analyses 

confirmed stability under conservative utilization 

reduction assumptions (10–15%). 

 

These findings align precisely with the longitudinal 

FIG framework. Higher sustained device utilization (𝐴𝑇𝑢), 

improved design fit (𝐴𝑑), and strong care integration (𝐶𝑖) 

collectively suppressed hospitalization risk (𝐻𝑟), resulting 

in measurable expenditure reduction. 

 

 Systems-Level Implications 

The observed Medicare expenditure reductions have 

direct implications for value-based care frameworks, 

particularly Medicare Advantage (MA) plans and 

Accountable Care Organizations (ACOs). The AI-driven 

FRS-AI and TSI-AI architecture supports risk 

stratification and targeted preventive intervention—core 

components of capitated payment models. By reducing 

avoidable inpatient and ED utilization, the framework 

enhances medical loss ratio performance and strengthens 

quality measure attainment under CMS star rating 

systems. 

 

From a national aging policy perspective, these 

outcomes substantiate the aging-in-place strategy. The 

demonstrated delay in institutionalization (8–11 months) 

reduces pressure on long-term services and supports 

systems while improving beneficiary quality of life. 

Because FIG scores directly link assistive technology 

integration with measurable independence gains, the 

framework provides a scalable metric for evaluating 

community-based aging interventions. 

 

Caregiver burden reduction is another critical 

systems-level implication. Decreases in medication 

mismanagement and fall incidence translated into 

measurable reductions in informal caregiving hours 

(estimated 4.2 hours/week reduction per beneficiary). This 

reduction has indirect economic value and contributes to 

workforce stability by decreasing caregiver absenteeism 

and stress. 

 

Collectively, the results indicate that AI-guided 

functional preservation is not merely a clinical 

intervention but a structural cost-containment mechanism 

compatible with population-based reimbursement 

systems. 

 

 

 Policy and Implementation Discussion 

The framework aligns closely with federal aging and 

long-term care modernization priorities. The integration of 

predictive analytics into functional screening supports 

national objectives emphasizing prevention, home- and 

community-based services expansion, and caregiver 

support. By quantifying cost avoidance within Medicare, 

the model provides actionable evidence to inform 

reimbursement innovation. 

 

Digital accessibility compliance is embedded within 

the TSI-AI usability weighting mechanism. All deployed 

technologies underwent accessibility audits consistent 

with Section 508 standards, ensuring compatibility with 

visual, auditory, and cognitive impairments. The 

interoperability component of the CIC equation ensured 

HL7 FHIR compatibility for EHR integration, supporting 

federal mandates for digital health data exchange. 

 

Ethical and equity considerations were incorporated 

at multiple levels. Bias mitigation procedures included 

demographic parity testing and subgroup AUC analysis to 

ensure consistent predictive accuracy across race, income, 

and disability categories. Reinforcement learning updates 

were constrained to prevent drift that could 

disproportionately disadvantage underserved populations. 

Explainability was maintained through SHAP-based 

transparency in risk prediction outputs, allowing clinicians 

and beneficiaries to understand contributing factors. 

 

Importantly, scalability considerations addressed 

equitable access. The multi-site pilot included rural and 

urban populations, dual-eligible beneficiaries, and 

individuals with low digital literacy to ensure 

transportability beyond high-resource environments. 

 

 Integrated Interpretation 

The Medicare utilization findings validate the 

structural coherence of the proposed methodological 

framework. Predictive precision achieved through the 

Functional Risk Score–AI (FRS-AI) enabled earlier and 

more accurate identification of individuals at elevated risk 

of functional decline. Optimization algorithms 

implemented within the Technology Selection and 

Integration–AI (TSI-AI) component improved sustained 

utilization of assistive technologies by aligning device 

characteristics with individual needs and capabilities. 

Concurrently, Care Integration Coordination (CIC) 

mechanisms strengthened longitudinal adherence by 

embedding technology use within routine clinical 

workflows and care management processes. These 

combined effects produced measurable functional 

improvements reflected in positive Functional 

Independence Gradient (FIG) trajectories. Importantly, the 

functional gains translated directly into reductions in 

inpatient admissions, post-acute service utilization, and 
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emergency department visits, thereby generating 

quantifiable cost avoidance within Medicare. The 

convergence of improved predictive accuracy, durable 

technology adoption, enhanced functional independence, 

and reduced healthcare utilization provides strong 

empirical support for the feasibility of AI-driven 

functional independence optimization as a scalable 

strategy for controlling Medicare expenditures while 

simultaneously improving patient outcomes. 

 

V. CONCLUSION AND 

RECOMMENDATIONS 

 

 Summary of Key Findings 

This study demonstrates that the AI-enhanced 

Functional Independence Support Technology and 

Analytics (FISTA) framework functions as an integrated 

predictive, optimization, and cost-containment 

architecture capable of improving functional health 

outcomes while reducing Medicare expenditures. The 

FRS-AI model significantly outperformed traditional 

screening approaches in forecasting 12-month ADL/IADL 

decline, achieving higher discrimination, improved 

calibration, and reduced misclassification rates. The 

integration of multidimensional predictors—including 

chronic burden, environmental risk, medication 

complexity, and social isolation—enhanced early 

identification of high-risk beneficiaries, thereby enabling 

proactive intervention. 

 

The Technology Suitability Index (TSI-AI), 

supported by multi-criteria optimization and 

reinforcement learning, materially improved assistive 

device alignment and sustained utilization. Adoption 

durability increased, abandonment rates declined, and 

technology-fit scores improved substantially. These 

improvements translated into measurable preservation of 

functional independence, as reflected in longitudinal ADL 

trajectories, reduced fall incidence, improved medication 

management, and delayed institutionalization. 

 

Most critically, the outcome evaluation model 

confirmed statistically and economically meaningful 

reductions in Medicare utilization. Decreases in inpatient 

admissions, emergency department visits, and post-acute 

care spending generated positive cost avoidance exceeding 

program implementation costs. The Functional 

Independence Gain (FIG) metric provided a coherent 

analytic bridge linking assistive technology utilization, 

care integration, and hospitalization risk suppression to 

fiscal outcomes. Together, these findings establish AI-

driven functional independence optimization as a viable 

system-level economic intervention within Medicare. 

 

 National Policy Recommendations 

The results support incorporation of AI-driven 

functional risk screening into Medicare preventive service 

structures. Functional independence risk stratification 

should be embedded alongside existing annual wellness 

visit protocols, enabling systematic early identification of 

ADL/IADL vulnerability before high-cost utilization 

events occur. The FRS-AI architecture provides a scalable 

model for standardized national deployment. 

 

Reimbursement pathways must be modernized to 

support assistive technology optimization rather than 

episodic device provision. Payment structures should 

recognize predictive risk identification, structured device 

matching, follow-up monitoring, and outcome evaluation 

as reimbursable components of preventive care. Bundled 

or value-based reimbursement models could incorporate 

performance incentives tied to measurable reductions in 

hospitalization risk and institutionalization rates. 

 

Standardization of FIG-based outcome reporting is 

also recommended. A national reporting framework that 

quantifies functional preservation and links it to utilization 

trends would provide policymakers with transparent 

performance metrics. FIG scoring could complement 

existing Medicare quality measures by introducing 

functional independence as a measurable performance 

indicator. 

 

 Healthcare System Recommendations 

At the healthcare delivery level, predictive functional 

risk screening should be embedded directly within primary 

care workflows. Electronic health record systems should 

incorporate automated FRS-AI calculations using 

available clinical and social data inputs. Flagged 

beneficiaries can then be referred for structured assistive 

technology assessment and matching before deterioration 

accelerates. 

 

Assistive technology optimization should also be 

integrated into hospital discharge planning processes. 

Patients transitioning from inpatient or post-acute care 

settings represent a high-risk cohort for readmission. 

Embedding TSI-AI matching into discharge workflows 

can reduce preventable rehospitalization and improve 

continuity of functional support. 

 

Health systems should deploy AI-enabled 

dashboards that track sustained device utilization, FIG 

scores, hospitalization risk trends, and cost avoidance 

estimates in real time. Continuous monitoring allows 

dynamic recalibration of risk thresholds, reinforcement 

learning updates for device matching, and rapid 

identification of workflow bottlenecks. This learning 

health system approach ensures that predictive and 

optimization models evolve alongside population needs. 

 

 Future Research Directions 

Future research should extend the fiscal modeling 

horizon to estimate long-term Medicare savings over 5-, 

10-, and 15-year periods. Dynamic microsimulation 

models could project cumulative cost avoidance under 

varying adoption scenarios, enabling evaluation of 

national scalability impact. 

 

Integration with wearable sensors and Internet of 

Things (IoT) health devices represents another promising 

direction. Continuous physiologic monitoring could 

enhance the FRS-AI model by incorporating gait 
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variability, activity patterns, and medication adherence 

signals, thereby improving real-time prediction precision. 

 

Advanced reinforcement learning frameworks, 

including deep Q-networks and policy-gradient methods, 

may further refine adaptive assistive matching. Future 

work should evaluate whether more complex state–action 

models improve sustained functional outcomes relative to 

contextual bandit approaches. 

 

Finally, equity-focused modeling remains essential. 

Research should examine predictive performance, device 

matching accuracy, and cost outcomes across racial, 

socioeconomic, rural, and disability subgroups. Bias 

mitigation strategies and fairness-aware optimization 

techniques should be continuously evaluated to ensure that 

AI-driven independence preservation does not 

inadvertently widen disparities. 

 

The AI-enhanced FISTA framework provides a 

rigorously structured, empirically validated, and 

economically measurable pathway for reducing Medicare 

expenditures through functional independence 

preservation. By unifying predictive modeling, adaptive 

assistive optimization, workflow embedding, and cost 

evaluation within a scalable architecture, the study 

advances a replicable national model for aging policy 

modernization and healthcare system sustainability. 
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